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ABSTRACT

The rise of artificial intelligence (AI) is reshaping the nature of work at an unprece-
dented pace. Understanding this transformation is critical, yet most existing assess-
ments rely on coarse occupation-level measures or static proxies of technological

risk, failing to capture the evolving and heterogeneous relationships between technical
progress and human labor. These limitations create blind spots in identifying which tasks
and occupations are most exposed to change at a granular level. To address this gap, this
thesis develops a dynamic, multi-layered framework for modeling AI risk across tasks, oc-
cupations, and career trajectories by integrating fine-grained job task data, longitudinal
measures of AI performance, and advanced modeling techniques including graph neural
networks (GNNs) and large language models (LLMs).

Specifically, the thesis first constructs a graph-based occupation–skill network, leverag-
ing GNNs to model how machine risk diffuses across interdependent jobs. Second, it ap-
plies LLM-driven classification to over 13,000 job tasks, distinguishing substitution, com-
plementarity, andnegligible effects, thereby uncovering substantial within-occupationhet-
erogeneity. Third, it introduces an ontology-anchored AI Exposure Index that aligns human
tasks with a curated, benchmark-centered knowledge graph of AI capabilities, enhanced
with momentum-weighted measures of technical progress and research attention. Finally,
the thesis proposes an interpretable career-mobility model as a foundational extension of
its overarching objective to examine AI risk at increasing levels of granularity, linking expo-
sure patterns to individual job transitions and longer-term career development.

Through comprehensive experiments on large-scale labor datasets, the thesis demon-
strates that AI-related risk is both more pervasive and uneven than previously recognized,
with significant implications for individual career trajectories, workforce development, and
public policy. Overall, the findings advance measurement of AI’s labor-market impact by
bridging job content, technological dynamics, andmobility processes, providing a founda-
tion for task-aware and capability-aligned labor analytics in an era of rapid AI innovation.
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1
INTRODUCTION

This chapter begins by examining the impact of AI on the job market, focusing on job dis-

placement and creation, the demand for new skills, and evolving wage dynamics. It then

underscores the significance of investigating these effects and reviews the current research

in the field. Subsequently, the chapter identifies existing research gaps and outlines the

contributions of this thesis. Finally, an overview of the thesis structure is provided.

1.1 Research Background

1.1.1 Review of the AI-Driven JobMarket

Artificial intelligence (AI) has moved rapidly from a speculative technological prospect to

a tangible force reshaping how work is organised, performed, and valued across the global

job market. Its influence is no longer limited to isolated pilot applications or laboratory

demonstrations; instead, AI systems are increasingly embedded in everyday production

processes, decision-makingworkflows, and service delivery across awide range of job tasks

and occupations.

A growing body of surveys and academic research has examined these dynamics from

multiple perspectives, highlighting AI’s heterogeneous effects on employment, productiv-

ity, wages, and skills. On the employment side, projections suggest substantial job churn

rather than uniform displacement: AI may displace 85 million jobs globally by 2025, it also

anticipates the creation of 97 million new roles, yielding a net increase driven by grow-

1



CHAPTER 1. INTRODUCTION

ing demand for AI-, data-, and robotics-related occupations, alongside heightened vul-

nerability in routine and administrative work (World Economic Forum, 2025). Empirical

estimates of automation risk vary widely, with occupation-level studies suggesting that

nearly half of U.S. jobs may be exposed to automation (Frey & Osborne, 2013), and com-

parable risks identified in Finland, Germany, and across Europe (Bowles, 2014; Brzeski

& Burk, 2015; Pajarinen et al., 2015), while task-based analyses using job-level data pro-

duce substantially lower estimates—around 9%—though potentially understating expo-

sure by obscuring shared task structures across occupations (Arntz et al., 2017). Beyond

employment quantities, AI adoption has been consistently linked to productivity gains,

with AI-intensive industries exhibiting higher revenue per worker than less exposed sec-

tors (PwC, 2025). However, its implications for wage distribution remain contested. Some

studies associate AIwith risingwage inequality, disproportionately benefiting highly skilled

and strategically complementary roles (InternationalMonetary Fund, 2025; Jaccoud, 2025),

whereas others argue that the automation of routine and selected high-skilled tasksmay in-

crease the relative value of distinctly human capabilities—such as creativity, critical think-

ing, and interpersonal skills—thereby narrowing wage disparities (OECD, 2024a; Santarelli

et al., 2025). Complementing these structural shifts, a substantial literature documents

rapid changes in workforce skill requirements. Skills in AI-exposed occupations are evolv-

ing at an accelerated pace, particularly in roles with higher automation potential (PwC,

2025), with job-posting analyses revealing growing demand for AI-related technical compe-

tencies alongside adaptable, collaborative, and problem-solving skills (Mäkelä & Stephany,

2024; Stephany & Teutloff, 2022). At the same time, routine task proficiency is declining

in value, while creative, cognitive, and interpersonal skills command increasing premiums

(Brynjolfsson & Mitchell, 2017; Das et al., 2020; Stephany & Teutloff, 2022). Although AI-

specific occupations remain a minority, their share is expanding, and skill requirements

within AI-intensive sectors are becoming more diversified (OECD, 2024b). Looking ahead,

surveys project that up to 40% of core skills will change by 2030, reinforcing a shift toward

skills-based hiring, alternative credentials, and continuous learning as central features of

adaptation in the AI-driven labor market (UNESCO-UNEVOC, 2021; World Economic Fo-

rum, 2025).

Beyond aggregate projections and cross-sectional statistics, a growing empirical litera-

ture has manifested the concrete illustrations of how AI is transforming the labor market

settings across awide range of sectors. In healthcare, AI systems are increasingly embedded

in high-skill clinical workflows, with task-based analyses showing that applications such

as medical image interpretation and report drafting could reduce radiologists’ workloads

2



1.1. RESEARCH BACKGROUND

by up to one-third without generating near-term job losses, instead reallocating time to-

ward complex cases, patient interaction, and clinical judgment, while raising demand for

skills related to AI oversight and interpretation (Langlotz, 2025; Osman et al., 2025). Cus-

tomer service provides one of the clearest contemporary examples of task-level augmenta-

tion, as generative AI assistants substantially increase agent productivity—particularly for

less experienced workers—by disseminating best practices in real time, compressing skill

differences, and shifting human effort away from routine information retrieval toward ex-

ception handling and interpersonal interaction (Brynjolfsson et al., 2025). Similar patterns

of augmentation are observed in education, where AI tools increasingly automate lesson

preparation, grading, and administrative tasks, allowing teachers to reallocate time toward

instructional design and student engagement, while simultaneously shifting skill require-

ments toward prompt design, evaluation of AI-generated content, and hybrid pedagogical

competencies (Milano et al., 2023; Peláez-Sánchez et al., 2024). Inmanufacturing and logis-

tics, earlier waves of automation demonstrated the displacement potential of robotics for

routine manual work, yet more recent AI deployments—such as predictive maintenance,

computer vision–based quality control, and warehouse robotics—have primarily driven

gradualworkforce reorganisation through attrition, retraining, and task redistribution,with

productivity gains outpacing direct employment reductions (Brynjolfsson et al., 2025; Y. Li

et al., 2024). Finally, in software development, AI coding assistants have dramatically accel-

erated task completion and reduced barriers for novice programmers, while early labour

market evidence suggests a contraction in entry-level hiring alongside growth in senior

roles, consistent with the automation of routine coding tasks and the rising importance

of system design, AI orchestration, and validation skills (Peng et al., 2023).

Taken together, this body of evidence indicates that AI’s impact on the labor market is

neither uniform nor adequately captured by simplistic or overly aggregated measurement

frameworks. Instead, AI reshapes work through selective automation and augmentation of

tasks, unevenly redistributing productivity gains, skill requirements, and employment op-

portunities both within and across occupations. These patterns underscore the need for

analytical frameworks that move beyond aggregate indicators to examine how AI capabil-

ities interact with the specific tasks that constitute jobs, motivating a more granular, task-

centered approach to measuring AI exposure and its labor market implications.

1.1.2 Understanding andMeasuring AI’s Impact on the JobMarket

Understanding the impact of artificial intelligence (AI) on the job market is increasingly

critical for policymakers, businesses, and workers alike. A robust evidence base is essential
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for anticipating employment shifts, enabling the design of effective retraining initiatives

and social protection policies to mitigate displacement risks and support smooth work-

force transitions (Acemoglu & Restrepo, 2019; Arntz et al., 2016; Lane & Saint-Martin, 2021).

Without informed intervention, inadequacies in existing social safety nets risk amplifying

the negative consequences of AI-driven labor disruptions (Brynjolfsson & McAfee, 2014;

Webb, 2019). For workers, understanding AI’s influence highlights the urgent need to ac-

quire new, in-demand skills to stay relevant in rapidly evolving job landscapes (Felten et al.,

2019; Frey&Osborne, 2013). At the societal level, addressing the ethical anddistributive im-

plications of AI is crucial to ensure the broad sharing of productivity gains, preventing ex-

acerbation of existing inequalities and supporting inclusive economic growth (Acemoglu,

2021; Chui et al., 2016; Jarrahi, 2018).

Given the complex and multidimensional nature of AI’s impact on employment, re-

searchers have developed a diverse range of methodologies to measure and investigate its

effects. These include task-based approaches—such as patent-task linking, suitability for

machine learning (SML), and language model-driven assessments—which analyze gran-

ular task-level exposure using resources like ONET, USPTO patents, or models such as

GPT-4 (Brynjolfsson et al., 2018; Eloundou et al., 2023; Webb, 2019). Ability-based meth-

ods, exemplified by AI Occupational Exposure (AIOE), map AI capabilities to occupational

skills, leveraging datasets like ONET and PIAAC to provide cross-national insights, though

often limited by data granularity (Acemoglu et al., 2022; Felten et al., 2019). Survey-based

methods capture worker and employer perspectives on displacement risks and AI adop-

tion, providing subjective yet valuable insight into organizational readiness and workforce

sentiment (Bessen et al., 2019; Chui et al., 2016). Econometric models, utilizing firm-level

and cross-country datasets such as PATSTAT, ORBIS, and EU-LFS, quantify economic out-

comes and structural labor market changes but may overlook occupational heterogeneity

(Acemoglu & Restrepo, 2017; Lane & Saint-Martin, 2021). Lastly, scenario-based case stud-

ies—produced by entities like the U.S. Bureau of Labor Statistics and the Tony Blair Insti-

tute—employ historical analysis and future projections to inform practical policy debates,

despite the inherent uncertainty in forecasting (Manyika et al., 2017). This diversemethod-

ological landscape underscores the necessity for a holistic synthesis of evidence to guide

stakeholders through the ongoing transformation of work in the AI era.
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1.2 Research Scopes

1.2.1 Positioning This Research

A growing body of evidence supports themove from occupation-level assessments tomore

granular, task-based frameworks. The central idea, first introduced by D. Autor et al. (2003)

and further developed by Acemoglu and Autor (2011), is that jobs are best understood as

bundles of tasks—specific activities requiring various combinations of skills, knowledge,

and abilities. This “task-approach” recognizes that technological change, includingAI, rarely

automates or augments entire jobs at once; rather, it substitutes or complements discrete

tasks within jobs. As a result, job transformation is inherently uneven: within the same oc-

cupation, someworkersmay see their core tasks automatedwhile others shift to new, com-

plementary responsibilities (Acemoglu & Autor, 2011; D. Autor & Handel, 2009; D. Autor et

al., 2003). Empirical studies now confirm that significant variation exists in the automa-

bility of tasks even within standardized occupations (e.g., managers in different firms or

doctors in different settings) (Eloundou et al., 2023; Felten et al., 2019).

Adopting a task-based approach enables amore nuanced analysis of AI’s potential risks

and opportunities. By decomposing occupations into their constituent tasks, and map-

ping these to AI capabilities (through benchmarks, patent analysis, or expert rubrics), re-

searchers canmore precisely estimate which segments of the workforce are exposed to au-

tomation risk or augmentation potential. For example, recent research has leveraged de-

tailed O*NET task statements and AI benchmark progress to construct occupation- and

task-level “exposure” scores, highlighting that higher-income and white-collar jobs are in-

creasingly affected by advances in general-purpose technologies like large language mod-

els (Eloundou et al., 2023; Felten et al., 2019; Martínez-Plumed et al., 2020; Tolan et al.,

2021). Other studies have shown that focusing on task content allows for the identification

of abilities (such as reasoning, perception, ormanual dexterity)most likely to be influenced

by AI, as well as areas where human comparative advantage is likely to persist (Brynjolfsson

et al., 2018; Frey & Osborne, 2013).

However, the task-approach is not without limitations. It requires high-quality data on

the actual tasks performed across diverse work settings and robust methods for mapping

tasks to AI capabilities, which may involve expert judgment or machine learning models

whose predictions are sensitive to changing AI benchmarks and real-world deployment.

Further, task-based analyses may underestimate the importance of context—such as or-

ganizational change, demand elasticity, and institutional factors—that shape the realized

impact of AI on employment (Frank et al., 2019; Moro et al., 2021).
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In this research, we advance the study of AI’s impact on the workforce through a suite

of complementary approaches that capture the multi-layered structure of work and career

dynamics. First, I model the occupation–skill space as a graph, uncovering how automa-

tion risk propagates through shared capabilities and revealing network-level spillovers of-

ten missed by occupation-centric measures. Second, I harness advanced language models

to parse the semantic content of job tasks, enabling a fine-grained taxonomy that distin-

guishes between substitution, complementarity, and negligible exposure. Third, I connect

the labor market perspective with the technological frontier by systematically aligning job

tasks with AI task ontologies and benchmarks, creating a scalable and transparent frame-

work for quantifying exposure to evolving AI capabilities. Finally, we extend the analysis to

the individual level by introducing a interpretable career mobility framework that models

career trajectories and stability, laying the groundwork for linking AI exposure with individ-

ual career outcomes. Together, these contributions move beyond static, occupation-level

forecasts and offer a comprehensive, multi-level framework for understanding how AI re-

shapes tasks, occupations, and individual trajectories, equipping policymakers, educators,

and workers with more actionable insights for adaptation in an AI-driven world.

1.2.2 Identified Research Gaps

After an exhaustive review of the literature presented in Chapter 2, I identified four persis-

tent research gaps in how scholars model the labour-market risks posed by AI. Each gap is

directly addressed by the following empirical methods that comprise this thesis.

Gap 1: Network-aware spillovers. Most existing indices treat every occupation as an iso-

lated unit, implicitly assuming that risk cannot spill over to neighbouring jobs that share

the same skills or tasks (Acemoglu & Restrepo, 2017; Frank et al., 2019). This assumption

is untenable: once an AI system automates a critical task in one occupation, any other

job relying on that task faces an elevated threat. My first paper fill this gap by construct-

ing a bipartite occupation–skill graph from O*NET, where edges represent required skills.

A Graph Convolutional Network (GCN) diffuses sparse “automatable / non-automatable”

labels through these shared-skill edges, quantifying how vulnerability cascades through the

network. The resulting risk frontier uncovers clusters of occupations—often invisible in

occupation-centric taxonomies—that warrant joint reskilling and policy attention.

Gap 2: Fine-grained semantic understanding of tasks. Prevailing measures map occu-

pations to broad routine–versus–cognitive bins without reading the textual content of job
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tasks (Arntz et al., 2016; Brynjolfsson & Mitchell, 2017; Frey & Osborne, 2013; Tolan et al.,

2021). This coarse mapping overlooks crucial distinctions—for example, “write a creative

story” versus “write a technical report.” In my second paper, I fine-tune a BERT model on

13000 O*NET task statements, achieving sentence-level semantic parsing of each task’s ac-

tion and outcome. This approach exposes within-occupation heterogeneity, reveals com-

plementary versus substitutable subtasks, and supplies a labelled dataset that future re-

searchers can reuse to probe evolving AI capabilities.

Gap 3: Task-based alignment between AI capabilities and job tasks. Much of the exist-

ing literature relies on static, proxy-basedmeasures—such as patent overlap, expert assess-

ments, abstract abilities, or one-off benchmark scores—to approximate AI exposure (Fel-

ten et al., 2019; Frey & Osborne, 2013; Tolan et al., 2021; Webb, 2019). These approaches

treat technological change as a uniform or time-invariant shock and rarely establish a di-

rect, transparent link between concrete AI capabilities and the specific job tasks they may

affect. As a result, they obscure both the heterogeneous structure of work and the rapidly

evolving trajectory of AI performance, limiting interpretability and policy relevance. To ad-

dress this gap,my third paper introduces a task-basedmodel that directly aligns O*NET job

tasks with concrete AI tasks in the ITO knowledge graph (Blagec et al., 2022), producing a

forward-looking, interpretablemeasure of task-level AI exposure that captures the evolving

trajectory of AI capabilities beyond static proxies.

Gap 4: Individual-level AI exposure assessment. Despite growing interest in task- and

occupation-level exposure, no existing framework systematically links AI risk to the indi-

vidual level. Current indices implicitly assume that all workers within an occupation face

identical exposure, overlooking heterogeneity in career histories, mobility opportunities,

and talent potential. Yet in reality, individuals differ markedly in how they traverse organi-

zations, accumulate skills, and adapt to shifting technological frontiers. My fourth paper

begins to address this omission by introducing LADDER-GNN, a level-aware career trajec-

tory model that predicts Ability to Thrive and Willingness to Stay. This provides the foun-

dation for integrating individual-level career dynamics with task- and occupation-level AI

exposure scores.
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1.3 Research Questions

Building on the gaps identified in Section 1.2.2, the thesis is guided by the following re-

search questions:

RQ1 How can the rich contextual and semantic information harnessed to forecast occupa-

tional risk to AI with greater accuracy than traditional baselines?

RQ2 How can the rapidly evolving spectrum of AI capabilities be mapped onto thousands

of human job tasks in a way that is both scalable (minimal manual labelling) and

transparent (benchmark-level traceability)?

RQ3 How to build a structured framework that quantifies AI exposure from individual

tasks to entire occupations while incorporating the evolving dynamics of AI capa-

bilities?

RQ4 What novel insights into task-, occupation- and sector-level vulnerability emergewhen

these network-aware, capability-weighted indices are introducedwith established ex-

posure measures?

RQ5 How can task and occupation level AI exposure be connected to individual career

trajectories to assess workforce resilience at the micro level?

1.4 Contributions

This thesis advances the study of artificial-intelligence (AI) risk in the labour market along

conceptual, methodological, and empirical, dimensions. Its core contributions are sum-

marised below.

Conceptual contribution. This thesis introduces a multi-resolution, dynamic frame-

work that links machine and AI risk debate across three nested levels of analysis: whole

occupations (Chapter 3), their constituent skills and tasks (Chapter 3 and Chapter 4), and

the aligned AI capabilities that can now perform those tasks (Chapter 5). By fusing these

layers, it unifies strands of the literature that have traditionally been studied in isolation,

while the incorporation of year-on-year benchmark momentum reframes AI risk as amov-

ing frontier rather than a static snapshot, thus aligning risk measurement with the acceler-

ating pace of technological progress. In addition, the thesis extends the classic task-based

approach by embedding each task in a rich semantic representation, weighting it by real-

world salience, and explicitly linking it to concrete AI benchmarks; this enriches themicro-

8



1.4. CONTRIBUTIONS

level lens through which labour economists and policymakers assess how technological

change translates into occupational vulnerability. Finally, an interpretable career mobility

model LADDER-GNN is proposed to connect AI’s impact assessment with individual-level

career trajectories.

Methodological contribution.This thesis advances automation-riskmodelling through

a sequence of complementarymethods. First, it develops a graph-based approach that cap-

tures how automation risk diffuses through shared skills, uncovering spillover pathways

invisible to occupation-centric indices (Chapter 3). Second, it introduces natural-language

understanding into the analysis by fine-tuning transformer models on job task descrip-

tions, producing a task-level taxonomy that distinguishes between substitution, comple-

mentarity, and negligible automation risk (Chapter 4). Third, it establishes a scalable and

transparent job task-AI alignment framework that leverages large language models to con-

nect human tasks with AI benchmarks from the Intelligence Task Ontology, enabling trace-

able mappings between workforce activities and technical capabilities (Chapter 5). Forth,

it proposed a graph-to-sequence interpretable career mobility model to bridge the AI im-

pact with individual career trajectories. Finally, these elements are integrated into a dy-

namic exposure index that combinesmeasures of technological momentum, task salience,

and cross-domain coverage, offering a forward-looking and interpretable assessment of

AI’s evolving impact on work.

Empirical contributions. By applying the proposed models to large-scale, real-world

data, this thesis generates several novel empirical insights. First, the graph-based frame-

work in Chapter 3 uncovers a high-risk frontier of occupations that share vulnerable skills,

revealing clusters where automation risk cascades across interconnected roles. Second,

Chapter 4 highlights the heterogeneity of risk within occupations, showing that even jobs

traditionally viewed as safe contain mixtures of tasks that may be substituted, comple-

mented, or remain unaffected by AI. Third, the capability-weighted index in Chapter 5 re-

veals exposure patterns that had been overlooked, including unexpected vulnerabilities in

education-related roles, while also confirming that blue-collar and middle-income work

remain at the technological frontier. Finally, Chapter 6 extends the analysis to the individ-

ual level, introducing a framework for predicting talent potential and demonstrating how

measures of career mobility and stability can be linked to AI exposure. This integration

raises new questions about whether high-potential individuals are systematically shielded

from automation risks, or whether they cluster in highly exposed roles where adaptability

becomes critical. Taken together, these findings show that the thesis not only reconciles

prior inconsistencies in exposure measurement but also advances a richer, multi-level un-
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derstanding of AI’s impact—spanning tasks, occupations, and individual career trajecto-

ries.

1.5 Thesis Structure

This dissertation is submitted as a conventional thesis under a common research theme

(University of Technology Sydney, 2024). Duringmy doctoral candidature I completed four

full papers, publishing two in influential conferences while the third was submitted to a

high-impact journal; a fourth paper is currently finished and ready to be submitted at an-

other top-tier journal. Reflecting this publication-focused trajectory, my research papers

are presented as independent chapters, framed by an overarching introduction, a compre-

hensive literature review, methodologies and a concluding chapter. The thesis therefore

comprises seven chapters, structured as follows:

• Chapter 1 outlines the context, motivation, central research questions, and overall con-

tributions related to understanding and investigating AI’s impact on job market.

• Chapter 2 synthesises occupation-, skill-, and task-level studies of ai risk; reviews graph,

NLP, and benchmark-driven methodologies; and identifies the research gaps addressed

in subsequent chapters.

• Chapter 3 introduces a GCN Network over the occupation–skill bipartite graph, reveal-

ing the high-risk occupational frontier and validating results against BLS employment-

decline projections. (RQ1 & RQ4)

• Chapter 4 presents a BERT-powered taxonomy of O*NET tasks, quantifies substitution,

complementarity, andnegligibility, anduncoverswithin-occupationheterogeneity across

Australian industries. (RQ1 & RQ4)

• Chapter 5 aligns human tasks with ITO AI tasks via LLMs few-shot reasoning, introduces

gain-popularityweighting, anddemonstrates the index’s explanatory power—highlighting

the unexpected vulnerability of education occupations. (RQ2, RQ3 & RQ4)

• Chapter 6 extends the analysis to the individual level, introducing LADDER-GNN -a frame-

work for predicting talent potential and demonstrating howmeasures of career mobility

and stability can be linked to AI exposure. (RQ5)
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Figure 1.1: Thesis organization

• Chapter 7 maps a detailed research agenda that includes longitudinal labour-market

forecasting, real-time AI-capability tracking, cross-country validation; and outlines con-

crete policy initiatives for government, industry, and higher education—particularly in

the areas of targeted reskilling programmes and curriculum redesign.
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2
LITERATURE REVIEW

This chapter introduces the literature review underpinning this thesis, covering the his-

torical perspective on technological advances and their labor market impacts, including

significant periods such as the Industrial Revolution, automation, and the IT revolution. It

further examines current trends in artificial intelligence (AI) and robotics, along with their

increasingly pervasive impacts on the labor market. To effectively assess these impacts,

the chapter reviews various methods developed to measure AI’s risks to employment, such

as task-based approaches, ability-based analyses, econometric modeling, expert forecast-

ing, and ontology-based frameworks. Additionally, it discusses advanced AI techniques like

deep learning models, Graph Neural Networks (GNNs), and large language models (LLMs,

e.g., GPT), which significantly enhance our ability to predict and understand AI-driven job

transformations.

2.1 Technologies and JobMarket

Technological change has long been a central force shaping the structure and dynamics

of labour markets. Across successive waves of innovation—from mechanisation and elec-

trification to computerisation and, more recently, artificial intelligence—new technologies

have systematically altered how work is organised, what tasks are performed, and which

skills are valued. These transformations occur not simply through the replacement of labour,

but through more nuanced processes of task reconfiguration, productivity augmentation,

and the reallocation of human effort across occupations and sectors. Importantly, techno-
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logical advances affect labour markets at multiple levels: by modifying task content within

jobs, reshaping occupational boundaries, and influencing sectoral composition over time.

Contemporary AI-driven technologies thus represent a continuation of this broader histor-

ical trajectory, albeit with distinctive characteristics arising from their ability to replicate

or augment cognitive and decision-making tasks. Understanding the labour-market im-

plications of AI therefore requires situating it within the longer tradition of technological

change, drawing conceptual and empirical insights from earlier technological revolutions

while recognising the novel mechanisms through which modern digital and AI-based sys-

tems interact with work.

2.1.1 Historical Technological Change

Technological change has shaped labour markets since the onset of industrialisation, with

concerns about machines displacing human labour dating back to the Industrial Revo-

lution. Early resistance, most notably the Luddite protests against mechanised looms in

nineteenth-century England, reflected anxieties that new machinery would render work-

ers redundant (Brynjolfsson & McAfee, 2015). The British Industrial Revolution provides a

foundational illustration of these dynamics: steam power, mechanised spinning and weav-

ing, and the factory system dramatically increased output per worker—by around 46%

between 1780 and 1840—yet real wages stagnated for decades in what is known as “En-

gels’ pause” (Allen, 2009). Skilled artisans experienced displacement, fuelling social un-

rest and lending support to early warnings of technological unemployment, including Ri-

cardo’s concerns and Marx’s notion of an industrial reserve army (Mokyr et al., 2015; Ri-

cardo, 2015). Early industrial labour was further characterised by long hours, hazardous

conditions, and extensive child and female employment, prompting later regulatory in-

tervention and union mobilisation (Allen, 2009; National Research Council, 1983). Over

time, however, the labour-market effects of industrial technologies evolved: from the mid-

nineteenth century onward, real wages rose rapidly and eventually outpaced productivity

growth as capital deepening, mass education, new complementary occupations, and col-

lective bargaining enabled workers to capture a greater share of technological gains (Allen,

2009). These historical patterns gave rise to two recurring narratives—one emphasising job

loss and social disruption, and the other highlighting productivity growth, new industries,

and rising living standards (Brynjolfsson & McAfee, 2015; Mokyr et al., 2015). Task-based

economic models reconcile these views by distinguishing between automation, which re-

places labour in specific tasks, and the creation of new tasks in which labour retains a com-

parative advantage, showing that employment, wages, and labour’s income share depend
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on the balance between task destruction and task creation (Acemoglu & Restrepo, 2018;

D. H. Autor, 2015). In this interpretation, early mechanisation was initially labour-saving

but ultimately employment-expanding through demand growth and new labour-intensive

activities (Acemoglu & Restrepo, 2019; Brynjolfsson & Mitchell, 2017). Historical and com-

parative evidence nonetheless underscores that these effects were uneven and contingent,

shaped by institutions, skills, and development timing, with late-industrialising economies

often experiencing “premature deindustrialisation” when imported technologies failed to

absorb surplus labour (Anelli et al., 2021; Braverman, 1998; Goldin & Katz, 2008; Rodrik,

2015).

Technological change intensified in the early to mid-twentieth century with electrifica-

tion, the internal combustion engine, chemical engineering, and early computing. Assembly-

line production raised productivity but fragmented work into narrowly defined, repetitive

tasks, reinforcing concerns about deskilling (Braverman, 1998). Mechanisation in agricul-

ture produced even larger employment shifts, reducing farm labour from roughly 40% of

the U.S. workforce in 1900 to under 2% by 2000, while displaced workers were largely ab-

sorbed into manufacturing and services (D. H. Autor, 2015). Post-war advances in com-

puting revived fears of a “laborless” economy, reflected in prominent policy reports dur-

ing the 1960s (Brynjolfsson &Mitchell, 2017). In practice, long-run unemployment did not

rise persistently; instead, automation reconfigured work by shifting human effort toward

customer-facing, supervisory, and judgment-intensive tasks (D. H. Autor, 2015). Tinbergen

described this as a “race between education and technology,” with expanding secondary

and tertiary education supplying the skills demanded by new technologies and support-

ing broad-based wage growth and declining inequality in the mid-century period (Goldin

& Katz, 2008). Although critics such as Leontief warned of eventual human obsolescence

once machines mastered both physical and cognitive tasks (National Research Council,

1983), most evidence pointed toward complementarity rather than wholesale substitution

(D. H. Autor, 2015; Brynjolfsson &Mitchell, 2017).

The late twentieth-century information technology (IT) revolution introduced a dis-

tinct pattern of labour-market adjustment. The diffusion of computers, software, and dig-

ital networks proved strongly skill-biased, raising demand and wages for highly educated

workers while eroding middle-skill employment (D. H. Autor et al., 1998; Katz & Murphy,

1992). Routine-biased technological change theory explains this shift by noting that com-

puters automate codifiable, repetitive tasks while complementing non-routine cognitive

and interpersonal activities (D. Autor et al., 2003). Empirical studies document declining

clerical and production employment alongside growth at the top and bottom of the skill
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distribution, producing job polarization in the United States and Europe (D. H. Autor &

Dorn, 2013; Goos & Manning, 2003). Computerisation has also been linked to rising wage

inequality, declining labour shares, and increased capital substitution in routine-intensive

tasks (Acemoglu & Restrepo, 2018; Karabarbounis & Neiman, 2013). These trends were am-

plifiedby globalization and institutional changes such as declining unionisation (Acemoglu

et al., 2022; Krugman, 1994). Beyondwages and employment, IT altered job quality through

digital monitoring, work intensification, and the expansion of gig-based labour, reviving

debates over precarity and control (Acemoglu & Restrepo, 2017; Mokyr et al., 2015). In de-

veloping economies, digital technologies facilitated rapid service-sector growth while ac-

celerating automation in manufacturing, reinforcing concerns about premature deindus-

trialisation (Rodrik, 2015). While technology alone cannot explain all labour-market trends

(D. H. Autor, 2015; Card & Dinardo, 2002), the IT era firmly established task-based frame-

works as essential for analysing how technological progress reshapes work and distribu-

tional outcomes, setting the stage for contemporary debates on artificial intelligence and

its potential to extend automation into new domains (Frey & Osborne, 2013).

2.1.2 The Age of Automation and Artificial Intelligence

Artificial Intelligence (AI) is broadly defined as the field of computer science dedicated

to creating systems capable of performing tasks that typically require human intelligence,

such as reasoning, learning, perception, and decision-making (McCarthy et al., 2006).Mod-

ern AI encompasses a range of technologies, includingmachine learning (ML), deep learn-

ing, natural language processing, and robotics. These systems are increasingly able to an-

alyze data, recognize patterns, understand language, and interact with the physical world

in sophisticated ways. The concept of automation, meanwhile, refers to the use of tech-

nology to perform tasks without human intervention. While automation has a long his-

tory—stretching from mechanical looms to assembly lines and industrial robots—recent

advances in AI have greatly expanded the range of tasks that can be automated. Tradition-

ally, automation focused on routine, repetitive, and rule-based activities, particularly in

manufacturing and clerical work. AI, by contrast, enables the automation ofmore complex,

non-routine, and even cognitive tasks that were once considered the exclusive domain of

humans (D. H. Autor, 2015; Brynjolfsson &Mitchell, 2017). It is important to recognize that

while all AI-driven systems that perform work can be considered automation, not all au-

tomation involves AI. Early forms of automation relied on fixed rules or simple mechan-

ical actions, whereas AI-based automation leverages algorithms that can learn from data

and adapt to new situations. Thus, AI can be understood as a subset and an enabler of the
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broader process of automation, driving what some scholars describe as a new wave of “in-

telligent automation” that blurs the boundaries between physical, digital, and human sys-

tems. Accordingly, in Chapters 3 and 4 of this thesis, the term automation is used in a gen-

eral sense to denote the full spectrumof task-performing technologies, encompassing both

traditional non-AI systems and AI-driven methods. Within this framework, AI is treated as

a distinct but nested subset of automation, representing a newer class of learning-based

and adaptive technologies whose labour-market effects are analysed separately when ap-

propriate. This terminological distinction ensures conceptual consistency across chapters

and clarifies that empiricalmeasures of automation exposure capture a broader technolog-

ical phenomenon, while AI-specific analyses isolate the uniquemechanisms introduced by

modern intelligent systems.

2.1.2.1 Automation (early 2000s–2010s)

At the turn of themillennium, automation accelerated sharply across advanced and emerg-

ing economies, driven by falling costs of industrial robots, sensors, and digital control sys-

tems. Industrial robots became increasingly prevalent in manufacturing, particularly in

automotive, electronics, and metal industries; by 2020, more than 2.7 million robots were

operating in factories worldwide (International Federation of Robotics, 2020). Automation

also expanded beyond factory floors into logistics, warehousing, and service operations

through technologies such as automated storage systems, barcode and RFID tracking, and

algorithmic inventorymanagement, reflecting the broader transition toward “Industry 4.0”

and cyber-physical production systems (Khan et al., 2023). In parallel, software-based au-

tomation advanced rapidly. From the early 2010s, robotic process automation (RPA) tools

were adopted to execute routine, rule-based digital tasks—such as data entry, payroll pro-

cessing, and customer service workflows—enabling firms to streamline back-office oper-

ations without physical capital investment (Lacity & Willcocks, 2017). Empirical evidence

indicates that these technologies had substantial but uneven labour-market effects. Expo-

sure to industrial robots was associated with declines in manufacturing employment and

wages in routine-intensive regions, particularly in the United States and parts of Europe

(Acemoglu&Restrepo, 2017; Graetz &Michaels, 2015). However, automation did not gener-

ate aggregate mass unemployment: displaced workers partially reallocated into construc-

tion, logistics, and service sectors, while new occupations emerged in robot maintenance,

systems integration, and process supervision (D. H. Autor, 2015; Bessen et al., 2019). As in

earlier technological transitions, automation primarily reshaped the task composition of

jobs rather than eliminating work altogether, reinforcing long-standing patterns of adjust-
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ment and skill adaptation.

2.1.2.2 Machine learning and Artificial Intelligence (2010s onward)

After decades of incremental progress, artificial intelligence experienced a marked resur-

gence in the 2010s, driven by advances in machine learning—particularly deep neural net-

works—alongside rapid growth in computing power, cloud infrastructure, and large-scale

digital data (LeCun et al., 2015). Breakthroughs such as DeepMind’s AlphaGo defeating the

world Go champion in 2016 demonstrated that AI systems could outperform humans in

complex, non-routine domains previously considered resistant to automation (Silver et

al., 2016). By the late 2010s, AI achieved substantial gains in image recognition, speech

processing, natural language understanding, and prediction tasks, enabling widespread

deployment across both consumer and enterprise applications (Jordan & Mitchell, 2015).

Crucially, these technologies began to diffuse into core business processes, augmenting or

partially automating knowledge work rather than primarily replacing manual labour. Ma-

chine learning systemswere increasingly used inmedical imaging diagnostics, fraud detec-

tion, recommendation systems, and customer service chatbots, altering task requirements

within professional occupations (Brynjolfsson et al., 2018; Topol, 2019). This diffusion re-

shaped labour demand: empirical evidence from job postings shows that demand for AI-

related skills grew rapidly during the 2010s, accompanied by wage premia and strong com-

plementarities with advanced education (Acemoglu et al., 2022; Deming & Kahn, 2018).

Rather than simply displacing workers, AI shifted the skill structure of employment and

generated new occupational categories—such as data scientists, machine-learning engi-

neers, and AI product managers—highlighting a transition from task automation toward

task augmentation and recombination.

2.1.2.3 The Era of Generative AI

In the early 2020s, artificial intelligence entered a qualitatively new phase with the rise of

generative AI—models capable of producing novel text, images, code, audio, and video at

a level approaching or, in narrow domains, rivaling human performance. This shift was

propelled by large language models (LLMs) trained on massive datasets using transformer

architectures, culminating in the public release of systems such as ChatGPT in late 2022

(Achiamet al., 2023; Brownet al., 2020). In parallel, image-generationmodels such asDALL·E

2, Midjourney, and Stable Diffusion demonstrated that generative systems could perform

creative tasks once assumed to be uniquely human, including illustration, design, and vi-

sual ideation (Ramesh et al., 2022). Similar advances extended to software development,

18



2.1. TECHNOLOGIES AND JOB MARKET

where tools such as GitHub Copilot enabled automated code generation and completion,

significantly reducing time spent on routine programming tasks (M. Chen, 2021). Impor-

tantly, most generative AI systems are deployed not as autonomous agents but as copi-

lots, designed to augment human decision-making and creativity rather than replace it

outright. This paradigm of human–AI collaboration—already visible in domains such as

legal research, marketing content creation, and software engineering—signals a shift to-

ward workflow-level augmentation, where AI handles coordination, drafting, and synthe-

sis while humans retain strategic judgment and accountability (Brynjolfsson et al., 2025).

Ongoing developments in multimodal and integrated systems, such as Google’s Gemini,

further suggest that generative AI will become embedded across productivity ecosystems,

enabling real-time assistance across documents, communication, and planning tasks.

The diffusion of generative AI has profound implications for labour markets, particu-

larly for knowledge-intensive and creative occupations that were previously less exposed

to automation. Unlike earlier waves of technology that primarily displaced routine man-

ual or clerical tasks, generative AI directly affects content creation, analysis, and problem-

solving activities central to professional work. Task-level exposure estimates indicate that

a substantial share of the workforce is affected: OpenAI researchers estimate that around

80% of U.S. workers have at least 10% of their tasks exposed to GPT-type models, while

nearly one-fifth may see half or more of their tasks impacted (Eloundou et al., 2023). Early

evidence suggests that generative AI can raise productivity in affected occupations—for

example, improving output quality and speed in writing, programming, and customer sup-

port—while simultaneously compressing skill gradients by enabling less-experiencedwork-

ers to performmore complex tasks (Brynjolfsson et al., 2025; Noy & Zhang, 2023). These dy-

namics raise concerns about task displacement and entry-level job erosion in fields such

as software development, design, journalism, and legal research, even as they create de-

mand for new complementary roles related to AI supervision, system integration, and hu-

man–AI interaction. Aggregate employment effects remain uncertain, but prevailing pro-

jections emphasize job reallocation rather than net job destruction. Consistent with his-

torical patterns of technological change, generative AI appears less likely to eliminate work

wholesale than to reconfigure task structures, amplify individual productivity, and accel-

erate skill-biased demand, reinforcing the need for continuous reskilling and institutional

adaptation.
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2.2 AI’s Risk Assessment: AMethodological Review

A wide array of methodological approaches has emerged to measure or predict how AI-

driven automation threaten jobs. Thesemethods range fromquantitative econometric anal-

yses to qualitative case studies, from forward-looking forecasts to theoretical frameworks.

By surveying empirical (data-driven) methods alongside theoretical and qualitative ap-

proaches, we can gain a comprehensive view of what each reveals about AI’s role in job

displacement, creation, and transformation.

2.2.1 Theoretical Foundations

Before delving into empirical measurement, we briefly review theoretical frameworks that

guide themeasurement of AI’s impact on jobs. Themodern economics of automationbuilds

on the task-based view of production, which decomposes jobs into discrete activities as-

signed either to labour or to machines. Within this framework, AI influences labour de-

mand through two forces: the automation of existing tasks, which substitutes capital for

workers, and the creation of new human-intensive tasks, which raises demand where hu-

mans retain comparative advantage (Acemoglu & Autor, 2011; Acemoglu & Restrepo, 2018).

In the canonical “race between man and machine” model, firms repeatedly weigh the cost

of automating a task against the payoff from inventing a new one for labour (Acemoglu &

Autor, 2011; Card & Dinardo, 2002). Heavy automation initially reduces wages and labour’s

share of income; yet falling wages eventually make further automation less profitable, en-

couraging innovation that restores labour demand. Hence, equilibrium forces can limit

long-run displacement, though short-run outcomes may feature sizable job losses and ris-

ing inequality, especially for low-skill groups whose tasks are easiest to automate (Ace-

moglu & Restrepo, 2018). The model also highlights a potential efficiency gap: because

each firm internalises only its private cost savings, the economy can end up with excess

automation relative to the social optimum, implying a role for policy intervention. A com-

plementary strand treatsmachine learning as a general-purpose technologywhose ultimate

impact depends on complementarities with other innovations rather than one-for-one job

substitution (Brynjolfsson & Mitchell, 2017; Goldfarb et al., 2023). Using their “suitability-

for-machine-learning” (SML) rubric, Brynjolfsson and Mitchell (2017) demonstrate that

most occupations are bundles of heterogeneous tasks: some (e.g. structured perception or

routine prediction) are highly automatable, while others (e.g. creative problem-solving or

social interaction) remain distinctly human. Partial task automation can therefore (i) aug-

ment productivity by freeing workers to concentrate on residual, higher-value tasks or (ii)
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depress employment if the automated share dominates job content. Theoretical work thus

converges on three insights: (1) AI’s employment effects are inherently task-level and het-

erogeneous; (2) displacement and augmentation can coexist within the same occupation;

and (3) aggregatewelfare hinges on the pace and direction of innovation, the distribution of

skills, and the policies that mediate the private–social gap in automation incentives. These

principles motivate the empirical strategies surveyed in subsequent sections.

2.2.2 Occupational AI Risk Assessment

One of the earliest empirical approaches to measuring AI’s impact on jobs was to clas-

sify entire occupations by their risk of automation. Occupation-based approaches assign

a probability or score of automation risk to each occupation as a whole, typically under the

assumption that if a sufficient share of tasks in that job can be automated, the occupation

itself is at risk.

A seminal study in this category is Frey and Osborne (2013), who examined the com-

puterization potential of 702 detailed occupations. They developed a novel methodology

using a Gaussian process classifier, trained on expert assessments of whether certain ex-

ample occupations were automatable, to estimate the probability of automation for each

occupation. Strikingly, their analysis concluded that about 47% of total US employment

was at high risk of automation (over a decade or two) given foreseeable AI and robotic

technologies. They also found that automation risk was negatively correlated with wages

and education levels, meaning lower-paid, lower-education jobs weremore likely to be au-

tomated.

However, these occupation-based extrapolations have been criticized for assuming a

uniform impact on all workers within an occupation and for ignoring adaptive responses

(Arntz et al., 2016; Frank et al., 2019; Moro et al., 2021). The occupation-level approach im-

plicitly treats each occupation as a fixed bundle of tasks that will be entirely automated

once technology is capable of performing those tasks. In reality, there is significant hetero-

geneity in tasks performed by different workers under the same occupation title, and firms

may reorganize job roles rather than simply eliminate them (Arntz et al., 2016). As a result,

occupation-based risk estimates tend to represent an upper bound on job automation po-

tential – a theoretical maximum if technology were adopted wholesale and no new tasks

emerged. Indeed, subsequent research has found substantially lower proportions of jobs

at high risk when accounting for task variation within occupations (Arntz et al., 2016). We

turn to those task-based approaches next. But the occupation-based studies remain useful

for highlighting which occupations are most susceptible. For example, Frey and Osborne
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(2013) identified jobs such as telemarketers, cashiers, and routine production and clerical

roles as having very high automation probabilities (above 0.9), whereas occupations requir-

ing creative intelligence, complex perception, or social intelligence (e.g. teachers, health-

care workers, arts-related occupations) were assessed as relatively safe. These broad pat-

terns have been consistent with expert intuition and have helped focus attention on the

types of work AI and robotics are most likely to transform. The strength of occupation-

based measures lies in their simplicity and broad coverage of the workforce. Policy makers

found such estimates easy to communicate (“X% of jobs are at high risk”). However, the

limitation is their coarse granularity and deterministic view of occupations – they do not

capture partial automation of tasks or variation in how jobs can change.

In summary, occupation-level risk assessments provide a macro-scale picture of au-

tomation potential and have been applied globally, but they likely overestimate near-term

job losses from AI. In the past decade, no country has experienced workforce contraction

on the scale of 47% despite rapid technological progress. In fact, empirical employment

data show that total employment has continued to grow in most countries, even as AI-

related technologies diffuse. For example, an OECD study by Arntz et al. (2016) examined

what happened to employment in occupations that were rated as “high risk” by suchmod-

els over the 2010s. They found no net decline in jobs in those high-risk categories at the

national level – all 21 OECD countries in their sample saw overall employment growth.

However, they did observe that employment grew more slowly in the high-risk occupa-

tions (around 6% growth over the decade) compared to low-risk occupations (18% growth).

This suggests that while the dire predictions of mass job obliteration have not material-

ized, occupations flagged as automation-prone have indeed lagged behind in job creation.

It underscores that occupation-based risk measures capture real vulnerabilities, but actual

outcomes depend on many moderating factors (technology adoption rates, labor supply

changes, etc.). Next, we look at more fine-grained task-based approaches that refine these

estimates.

2.2.3 Task-BasedMethods AI Risk Estimation

Task-based approaches aim tomeasure AI’s impact by analyzing the specific tasks or duties

thatmake up jobs, rather than treating entire occupations asmonolithic. Thismethodology

recognizes that within any given occupation, some tasks may be easily automated by AI,

while others are difficult to automate (often those requiring human judgment, creativity, or

interpersonal skills). By evaluating tasks at a granular level, researchers can estimate what

fraction of a job’s activities are technically automatable and thereby infer the job’s overall
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exposure to AI.

A pioneering task-based study is the work by Arntz et al. (2016). In contrast to Frey and

Osborne’s occupation-level assumption, Arntz et al. (2016) argued that “we are likely over-

estimating automation risk when neglecting the substantial heterogeneity of tasks within

occupations”. They usedmicro-data from the OECD’s Survey of Adult Skills (PIAAC), which

contains detailed information on the tasks that individual workers perform in their jobs. By

mapping Frey and Osborne (2013) list of automatable tasks to the PIAAC data, Arntz et al.

(2016) estimated the proportion of tasks (for each person) that could be automated. They

then calculated the share of jobs that have at least e.g. 70%of their tasks automatable. Using

this individual-level task variation, they found that on average across 21 OECD countries,

only about 9%of jobs are at high risk of automation, far lower than the 47%figure for theUS

found by Frey and Osborne. For the United States specifically, their estimate was similarly

around 10%of jobs highly susceptible.Moreover, they reported considerable cross-country

differences: for example, the share of jobs at high risk was around 6% in Korea and 12% in

Austria, reflecting differences in job task composition and possibly technology adoption

lags.

In a follow-up study, Nedelkoska and Quintini (2018) (OECD) refined these numbers

and suggested roughly 14% of jobs on average are highly automatable (with an additional

32% of jobs facing significant change in task composition). These OECD studies confirm

that taking into account the diversity of tasks leads to substantially lower automation risk

estimates thanoccupation-based approaches. Task-based assessments have also highlighted

that the risk is concentrated in certain categories of tasks. Routine, codifiable tasks –whether

manual or cognitive – are the most susceptible. For instance, repetitive assembly or ba-

sic data processing tasks can often be learned by AI or performed by robots. In contrast,

tasks involving problem-solving in unstructured environments, creative thinking, or com-

plex communication are currently far less automatable. This aligns with the earlier litera-

ture on routine-biased technical change (D. Autor et al., 2003), but updated for the AI era.

Importantly, task-level analysis supports the idea that most occupations will experience

partial automation rather than complete replacement. Brynjolfsson and Mitchell (2017)

emphasize this point: many jobs consist of a mix of SML (Suitable for Machine Learning)

tasks and non-SML tasks. As AI automates the SML subset, workers may shift focus to the

remaining tasks, potentially enhancing those aspects of the job that require human skills.

Task-basedmeasures can thus inform us not only about potential job losses, but also about

how job roles might evolve. A strength of the task-based approach is its micro-level realism

and flexibility. It acknowledges heterogeneity among workers and can be updated as new
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AI capabilities emerge. It is also well-suited for cross-country analysis because tasks data

(like PIAAC or job surveys) exist for many countries, enabling comparison of automation

exposure across different labor markets.

However, one limitation is that task-based estimates are still largely about technical po-

tential – they assume if a task can be automated, it eventually will be. In practice, economic,

regulatory, or ethical considerationsmay prevent or delay automation of certain tasks even

if AI is capable. Furthermore, task-level analysis at one point in time does not automatically

account for the dynamic adaptation of jobs; as tasks get automated, new tasks or responsi-

bilitiesmight be added to a role, which the initial static analysiswouldn’t capture.Neverthe-

less, task-based approaches provide amore nuanced picture than occupation-level studies

and have become a standard in measuring AI’s job impact. To illustrate, consider a clerical

job that involves data entry, customer emails, and creative report writing. An occupation-

based approach might label the entire job as automatable if data entry is automatable. A

task-based approach would note that perhaps 40% of the job’s tasks (data entry) can be

done by AI, but the other 60% (customer service and report writing) are not yet automated,

meaning the job is only partially exposed. This opens possibilities: the worker might spend

less time on data entry and more on customer interaction once AI tools are introduced,

which could even improve productivity and job satisfaction rather than result in unem-

ployment.

In summary, task-based methods (using detailed surveys or databases of occupational

tasks) have substantially revised downward the estimates of jobs “at risk” and provided in-

sight into what portions of jobs are most affected by AI. They underscore that AI’s impact

will be uneven across tasks, evenwithin the same job, and hence that the future of workwill

likely be characterized by humansworking alongside AI, focusing on complementary tasks.

These analyses form the basis for many policy discussions on reskilling: if we know which

tasks are likely to be automated, we can identify the skills workers will need to cultivate to

remain employable in the evolving job landscape.

2.2.4 AI Risk Assessment Using HybridMethods

Themost recent wave of research has utilized machine learning algorithms and novel data

sources to measure AI’s impact on jobs, effectively creating hybrid methods that combine

human analysis with algorithmic assistance. These approaches often involve mapping AI

capabilities to job requirements using data-driven techniques such as natural language

processing (NLP) on text corpora (like patents, job descriptions, or AI research papers).
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The goal is to develop indices of “AI exposure” or “automation risk” that are grounded in

actual technological progress signals, rather than solely relying on human judgment.

A notable example is the methodology of Felten et al. (2019). They proposed a new way

to link advances in AI to occupational abilities. Specifically, they leveraged performance

data from various AI benchmarks and competitions (what they call “third-party measures

of past advances in AI”) and mapped these advances to the abilities required in different

occupations. In practical terms, they identified major application areas of AI (e.g. image

recognition, language understanding, strategic game play) and tracked how rapidly AI per-

formance was improving in each area. Then, using the O*NET database of occupational

descriptors, they linked these AI application areas to human abilities and skills relevant to

occupations. By aggregating these effects, they constructed an index of AI impact for each

occupation and industry. An attractive feature of this approach is that it is based on ac-

tual progress in AI (e.g., AI vision accuracy improving over time) rather than experts’ future

guesses. Felten et al. (2019) demonstrated this method and suggested it could help model

how advances in AI affect occupations and industries over time. One finding from their

initial exercise was that their AI impact index was moderately correlated with Frey and Os-

borne (2013) risk probabilities but not identical, and it evolved year by year as AI got better

in certain domains.

Another influential approach is byWebb (2019), who developed amethod to predict the

impact of AI (and other technologies) on occupations by textually analyzing patents and

job descriptions. As described in a Brookings Institution summary, Webb (2019) approach

was to find the overlap between the verbs and objects used in AI patents and those in job

task descriptions. For example, if many AI patents discuss methods to “recognize faces”

or “diagnose diseases”, then occupations for which “recognize faces” or “diagnose patient’s

condition” are important tasks (such as security guards for the former, doctors for the latter)

would be considered exposed to AI. Webb compiled thousands of such verb-object pairs

from a corpus of AI patents. By quantitatively measuring this overlap, he created an “AI ex-

posure” score for each occupation. One ofWebb’s key findings is that AI exposure is highest

for high-skill, high-wage occupations – in contrast to previous waves of automation which

mainly threatened lower-skill, routine jobs. Specifically, occupations like chemical engi-

neers, physicists, and market research analysts ranked high on AI exposure, whereas many

low-wage service jobs (e.g. restaurant servers, janitors) had very low AI exposure (Webb,

2019). This does not mean that AI will outright eliminate high-skill jobs, but it means AI

is capable of taking over certain tasks within those jobs (for example, data analysis tasks

done by scientists or drafting basic reports done by lawyers). Webb’s work is notable for its
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objectivity – using patent text as an indicator of where innovators are directing AI capabil-

ities – and it aligns with the notion that AI’s comparative advantage is currently in pattern

recognition, data processing, and prediction tasks, which are prevalent even in many pro-

fessional occupations. The Brookings report highlighting Webb’s study noted that patent-

basedmeasures likely have predictive power because inventors investing in patents expect

these innovations to be commercially relevant. Thus, theymight be a better gauge of future

job impact than asking experts, since the act of patenting involves substantial costs and

reflects real technological intent.

In a similar vein, Kogan et al. (2021) link patents to occupations but take it further by

examining actual worker outcomes. They created ameasure of workers’ “technology expo-

sure” by seeing how the tasks in a worker’s occupation align with the text of new patents

(not limited to AI, but any technology). Using U.S. administrative earnings data, they then

studied how workers with different exposure scores fared over time in terms of earnings

and job displacement. They found an intriguing polarization effect: workers at the bottom

of the wage distribution (low-skill jobs) were more likely to be displaced (lose employment

or face wage cuts) if their tasks were exposed to new technologies (consistent with automa-

tion of routine manual tasks), and at the same time, workers at the very top of the wage

distribution also experienced slower earnings growth if their tasks were exposed. They in-

terpret the latter as high-paid workers’ specialized skills becoming obsolete in the face of

new tech (for instance, a senior radiologist might see diminished demand for their skill in

reading images if AI systems handle more of that work). This finding is important because

it suggests AI and related innovations might constrain wage growth even for some highly

educated workers, potentially contributing to inequality in a new way – by hollowing out

not justmiddle-skill jobs (as past automation did) but even somehigh-skill advantages. Ko-

gan et al. (2021)’s model and empirical evidence emphasize that technology-driven labor

displacement is not solely a low-skill phenomenon.

Also, Tolan et al. (2021) introduce a cognitively grounded, update-friendly framework

for quantifying how advances in AI map onto workplace tasks and, by extension, occupa-

tions. They construct a three-layer linkage: 59 generic tasks (from O*NET, PIAAC, EWCS)

are connected to 14 underlying cognitive abilities via expert-elicited binary matrices, and

those abilities are in turn linked to 328 AI benchmarks through systematic literature re-

view. By weighting task shares in each occupation with a research-intensity proxy for every

benchmark (e.g., publication and GitHub activity), they derive a continuous AI-exposure

score for 119 ISCO-3 occupations while also allowing the reverse query—identifying which

AI subfields most threaten or complement any given task. This bidirectional design, open
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data release, and separation of relatively stable abilities from rapidly evolving benchmarks

make the method more granular and future-proof than earlier task-or benchmark-based

measures, though it still relies on expert correspondence matrices and research-activity

metrics that may lag real-world deployment.

Finally, the year 2023 saw a new kind of AI-hybridmeasurementwith the advent of pow-

erful large language models (LLMs) like GPT-4. Eloundou et al. (2023) conducted a study

using GPT-4 itself, combined with human expertise, to evaluate how LLMsmight affect oc-

cupations. They developed a rubric to assess each occupation’s exposure to LLM capabili-

ties, essentially asking: if someone had access to GPT-4, what percentage of the tasks in this

occupation could be done significantly faster (at equal quality) by the AI? They utilized both

human subject matter experts and GPT-4 acting as a reasoning engine to classify tasks. The

results made headlines: roughly 80% of the U.S. workforce has at least 10% of their tasks

that could be affected by LLMs, and about 19% of workers have at least 50% of their tasks

exposed. They also found that exposure was spread across all wage levels, with a tendency

for higher-wage occupations to have more tasks that LLMs could help with or take over.

This again reinforces the theme that modern AI’s reach extends into higher-skilled cogni-

tive work. For example, occupations like accountants, programmers, and writers showed

high LLM exposure, whereas physically intensive or outdoor jobs (mechanics, firefighters)

showed very low exposure. An interesting nuance from the GPT-based study is the distinc-

tion between using an LLM alone versus with complementary software tools: the authors

estimate that current LLMs alone could speed up about 15% of all tasks in the economy,

but if you integrate LLMs into software (with code execution, tool use, etc.), up to 47–56%

of tasks could be done faster bymachine. This implies that the impact of AI on productivity

(and possibly labor demand) could scale dramatically when these models are embedded

in workflows. While this study does not directly measure job loss or gain, it quantifies the

technical exposure of tasks in a very granular, contemporary manner using AI itself as an

evaluator.

In conclusion, machine learning and AI-assisted classification methods represent the

cutting edge of measuring AI’s impact on jobs. These methodologies innovatively combine

insights from computer science—particularly what current AI capabilities enable—with a

nuanced understanding of labor economics, especially regarding the detailed task con-

tent of occupations. Nonetheless, existing methods predominantly rely on classical ma-

chine learning techniques, textual analysis, and human-in-the-loop expert evaluations,

which, while effective, might overlook certain complexities in occupational data. To ad-

vance further, future methodological development should integrate state-of-the-art deep
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learning techniques, including transformer-based language models and graph neural net-

works (GNNs) to enable a more precise and dynamic assessment of AI’s impact across in-

terconnected labor markets. Incorporating these advanced computational methods would

enhance the robustness, predictive accuracy, and granularity of assessments, significantly

improving our understanding of howAI technologies reshape employment landscapes over

time.

2.3 Advanced Data-DrivenModelling Frameworks

In this sectionwe systematically review cutting-edge computational approaches—including

convolutional and recurrent deep-learning architectures, transformer-based languagemod-

els, graph neural networks (GNNs), and the latest generation of large language models

(LLMs)—and discuss how each class of methods contributes to a richer, more granular,

and temporally responsive measurement of AI’s labour-market effects.

2.3.1 Interrelations and Topologies of Entities

Modeling job market problems involve data with rich relational structure, where entities

(such as tasks and skills) are interconnected. Modeling these interrelations and topologies

explicitly can greatly enhance learning, as it injects relational inductive bias into AI sys-

tems. Early approaches to learning on structured data include recursive or graph-based

neural networks in the 1990s. For example, Sperduti (1993), Sperduti and Starita (1997),

and Sperduti et al. (1995) pioneered neural networks that operate on arbitrary structures,

applying supervised learning to classifications of graphs and trees. The formal Graph Neu-

ral Network (GNN) model was introduced by Scarselli et al. (2009) in 2009, which general-

ized neural networks to graph-structured inputs by propagating information along edges

until reaching a stable state. Around the same time,Micheli (2009) proposed a constructive

neural network for graphs that incrementally aggregates node context, reflecting growing

interest in learning from graph topology. These early GNNs established that iterative mes-

sage passing over graph neighbors could compute meaningful representations for nodes

and graphs, laying the groundwork for modern advancements.

In recent years, graph neural networks have surged in popularity and capability. Mod-

ern GNN variants can be categorized by how they propagate and transform information on

graphs. Convolutional GNNs adapt the notion of convolution to graph neighborhoods: the

seminal example is the Graph Convolutional Network (GCN) by Kipf and Welling (2017),
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which employs a spectral filtering approach to aggregate a node’s neighbors’ features, en-

abling semi-supervised node classification with impressive results. Spatial GNNs perform

neighborhood aggregation directly in the graph domain; for instance, GraphSAGE intro-

duced by Hamilton et al. (2017) uses sampling and pooling to inductively learn node em-

beddings for previously unseen nodes or graphs. Attention-based GNNs leverage attention

mechanisms to weight the influence of neighboring nodes: Veličković et al. (2018) Graph

Attention Network (GAT) assigns learned attention coefficients to neighbors, improving

performance on node classification by focusing on the most relevant connections. Other

notable developments include message passing frameworks unifying these approaches,

andpowerful architectures like theGraph IsomorphismNetwork (GIN) byK. Xu et al. (2019),

which demonstrated that a sufficiently expressive GNN can distinguish complex graph

structures up to isomorphism. These methods, and many others, are surveyed compre-

hensively by Wu et al. (2021), who categorize GNNs into recurrent, convolutional, and spa-

tial–temporal models and document their applications across domains.

Beyond homogeneous graphs, many problems involve multiple types of entities and

relations – requiring heterogeneous and relational graph models. For example, knowledge

graphs represent different entity types (e.g. tasks, skills, occupations) connected by various

relation types. Traditional knowledge representation learning introduced knowledge graph

embedding methods: translational approaches like TransE embed entities (Bordes et al.,

2013) and relations into a vector space such that relation-specific translations on entity vec-

tors approximate observed triples. Bordes et al. (2013) was a landmark model of this kind,

enabling link prediction and completion on multi-relational data by simple vector arith-

metic. A plethora of embedding models followed (TransH (Z. Wang et al., 2014), TransR

(Lin et al., 2015), DistMult (B. Yang et al., 2015), ComplEx (Trouillon et al., 2016), etc.),

and surveys by Nickel et al. (2016) provide an overview of how relational machine learning

has addressed multi-relational knowledge in vector space. However, these embedding ap-

proaches often treat the graph in an implicit way. Recent GNN-based models instead per-

form relational message passing, explicitly accounting for different edge types. An example

is the Relational GCN (R-GCN) proposed by Schlichtkrull et al. (2018), which extends GCNs

by having separate weight matrices for each relation type, enabling propagation along la-

beled multigraphs (such as knowledge graphs) while controlling over-parameterization.

Such approaches have proved effective for tasks like knowledge base completion and entity

classification, as they combine the advantages of deep learning with structured knowledge.

Graph-basedmethods are particularly relevant for matching task descriptions to AI ca-

pabilities because this matching often depends on a network of relationships. Rather than
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treating a task description and a capability description as isolated text blobs, one canmodel

the contextual relationships: for example, tasks might require certain skills or tools, which

an AI system may or may not have. Representing this as a graph – e.g. a bipartite graph

linking tasks to required capabilities, or a knowledge graph of tasks, skills, and methods –

allows algorithms to reason over connectivity and compatibility. Early work in domains like

recruitment has used ontologies or static graphs to encode relations: Phan et al. (2021) built

a skill ontology to improve resume-job matching, modeling resumes, job requirements,

and skills as interconnected nodes and using ontological relations as edges. X. Wang et al.

(2021) took a related approach using subject-term graphs for person-job matching, where

they represented resumes and jobs in a graph connected through shared key terms or con-

cepts. These knowledge-driven graphs added semantic relationships beyond simple text

similarity, but earlier systems often relied onmanually crafted or static structures and could

struggle with noisy, real-world data.

Contemporary research has demonstrated that learned graph representations can out-

perform such static approaches in matching tasks. Graph neural networks can dynami-

cally learn which relations and connectivity patterns are important from data, rather than

relying only on predefined ontology links. A recent example by Frazzetto et al. (2025) con-

structed instance-specific graphs for each candidate-jobpair to bematched. In their frame-

work, each graph contains nodes representing the candidate, the job posting, and vari-

ous attributes extracted (e.g. skills, past experience, education), with edges linking these

entities based on semantic similarity or membership (for instance, an edge might con-

nect a candidate to a skill node if the skill appears in their resume). By applying differ-

ent GNN architectures (GCN, GraphSAGE, GAT, GIN, etc.) on these graphs, they learned

a compatibility score for each candidate-job pair. The graph-based models substantially

outperformed traditional text-based matching (which often used simple feature similar-

ity or keyword matching) as well as plain neural networks that ignore the relational struc-

ture. In particular, the GCN achieved a balanced accuracy of 65.4% in predicting successful

matches, versus 55.0% for a non-graphmultilayer perceptron baseline. Moreover, the GNN

was better at identifying rare positive matches (qualified candidates among many), illus-

trating thatmodeling the topology of connections (e.g. how a candidate’s skills jointly relate

to a job’s requirements) captures essential signals that flat models miss. Another benefit is

interpretability: representing the task-capability matching problem as a graph can enable

explanation (e.g. highlighting which skill nodes formed the bridge between a task and a

capable agent) and traceability of the decision, an increasingly important aspect in AI se-

lection systems
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In summary, methods that account for interrelations and graph topologies – including

GNNs and related relational learning techniques – provide a powerful toolkit for matching

tasks to AI capabilities. They excel at modeling structural data where meaning emerges

from connections between entities, going beyond independent feature descriptions. By

leveraging graph representations, thesemethods cannaturally perform reasoning tasks like

link prediction (e.g. will a given capability fulfill a given task?) and node classification (e.g.

categorizing a task based on its relational context), which align closely withmatching prob-

lems. As a result, incorporating GNNs or other graph-based methods helps ensure that an

AI system’s capability matching is sensitive to the rich topology of skills, prerequisites, and

relationships that truly determine compatibility.

2.3.2 Text Semantic Understanding

Understanding the semantics of text – that is, capturing the meaning of words, sentences,

or documents – is a longstanding goal in AI, crucial for interpreting task descriptions or ca-

pability statements. Over the decades, approaches to semantic understanding have evolved

from count-based statistics to advanced neural models. Early statistical methods repre-

sented text in high-dimensional spaces without deep context. A classic example is Latent

Semantic Analysis (LSA), introduced by Deerwester et al. (1990). LSA applies singular value

decomposition toword-document co-occurrencematrices to uncover latent concepts,map-

ping words and documents into a lower-dimensional “semantic space” where those with

similarmeaning lie near each other. This was a breakthrough inmitigating vocabularymis-

match (synonyms could align in the latent space), but LSA’s linear, global nature limited its

ability to represent polysemy or context-specific meaning. In the 2000s, probabilistic gen-

erative models like Latent Dirichlet Allocation (LDA) further advanced text understanding

by modeling documents as mixtures of topics. Blei et al. (2003) assumes each document’s

words are generated from a set of underlying topics, where each topic is a distribution over

words. LDA effectively captures themes and can disambiguate word senses by assigning

them to different topics, providing a richer semantic representation than simple counts.

However, these “bag-of-words” approaches still treat word order and local context as sec-

ondary – theymodel what words occur together, but not the precise meaning of a sentence

as determined by word sequence and syntax.

The rise of neural network models for language brought a paradigm shift. One mile-

stone was the introduction of dense word embeddings in the early 2010s, which encode

eachword as a low-dimensional vector capturing its linguistic context (Mikolov et al., 2013;

Pennington et al., 2014). The Word2Vec models by Mikolov et al. (2013) popularized this
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idea. Word2Vec’s skip-gram model learns word vectors by predicting surrounding words

in a sentence, such that words appearing in similar contexts end up with similar vectors.

This yielded famous results like the ability to solve analogies using vector arithmetic (e.g.

v(king)↓v(man)+v(woman)↔ v(queen)), indicating the embeddings captured abstract se-

mantic relations. Similarly, GloVe (Pennington et al., 2014) combined global co-occurrence

statistics with local context windows to produce robust word embeddings that excelled on

similarity benchmarks. These representations greatly improved downstream tasks com-

pared to one-hot or frequency-based encodings, as semantic similarity and relatedness

were implicitly encoded in the geometry of the embedding space. Nonetheless, word em-

beddings have an inherent limitation: they are context-independent. The word “bank” will

have the same vector whether used in river bank or bank account, whichmeans important

contextual nuances are lost.

To address context, the next generation of models produced contextual word embed-

dings. Instead of a fixed vector per word type, these models generate embeddings on the

fly for each word instance in its sentence, using deep neural architectures to incorporate

neighboringwords. RecurrentNeuralNetworks (RNNs) (Elman, 1990), especially Long Short-

Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997) networks, were early choices for

this. For example, the ELMo model (Peters et al., 2018) uses a bidirectional LSTM to out-

put context-dependent representations for each word in a sentence. ELMo demonstrated

huge gains on tasks like question answering and coreference resolution by providing word

representations that vary with the sentence context (the vector for “bank” becomes differ-

ent in a financial vs. geographical context). This was a significant leap: contextual models

effectively perform a simple form of on-the-fly disambiguation and encode some sense of

the sentence structure in their output representations. Around the same time, the method

of pre-training and fine-tuning began to dominate. ELMo’s vectors were learned via un-

supervised “language model” objectives (predicting the next word or reconstructing the

input) on large corpora, then used in downstream models – an early example of the pre-

train/finetune paradigm that soon became ubiquitous.

The true revolution in text understanding came with the introduction of the Trans-

former architecture by (Vaswani et al., 2017). Transformers dispense with recurrence and

instead rely entirely on self-attentionmechanisms to process sequences in parallel, attend-

ing to relationships between all pairs of words in a sentence. This proved highly effective at

capturing long-range dependencies and nuanced interactions in text. With self-attention,

a word can directly peek at any other word’s representation, enabling, for instance, a noun

to readily attend to an adjective that modifies it even if several words apart. The Trans-
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former’s capacity to capture complex patterns in language, combined with its efficiency

on modern hardware, made it the architecture of choice for large-scale pre-training. The

seminal model BERT (Bidirectional Encoder Representations from Transformers) by (De-

vlin et al., 2018) exemplified this new wave. Following BERT, there has been an explosion

of Transformer-based language models, each pushing some boundary. Some focused on

trainingmethodology: RoBERTa (Y. Liu et al., 2019) showed that removing the next-sentence

objective, training longer with more data and bigger batches, led to even better perfor-

mance, suggesting BERTwas undertrained. Others introduced new pre-training objectives:

XLNet (Z. Yang et al., 2019) proposed a permutation-based language modeling objective,

effectively capturing bidirectional context like BERT but without masking (it learns by pre-

dicting each word in some random permutation of the sequence). XLNet outperformed

BERT on several benchmarks by leveraging the benefits of autoregressive modeling while

integrating context fromboth directions. Another notablemodel, ALBERT (Lan et al., 2020),

addressed the size of these models: it introduced factorized embedding parameterization

and cross-layer parameter sharing to drastically reduce the number of parameters without

sacrificing performance, making deployment more feasible. Simultaneously, models grew

in size and scope.

OpenAI’s GPT series took transformers in a different direction: instead of an encoder

like BERT, GPT models use a unidirectional (autoregressive) Transformer decoder and are

trained to predict the next token in huge amounts of text (the languagemodeling task). The

first GPT (Radford et al., 2018) already showed strong performance on many language un-

derstanding tasks via fine-tuning, and GPT-2 (Radford et al., 2019) demonstrated uncanny

text generation ability along with some zero-shot task performance (despite not being ex-

plicitly trained for those tasks). This culminated in GPT-3 (Brown et al., 2020), a 175-billion-

parametermodel thatwas not only state-of-the-art on language generation, but introduced

the phenomenon of in-context learning.

In summary, the field has moved from treating text as unordered bags of words to using

deeply contextual, knowledge-rich representations. Transformers like BERT and GPT cap-

ture the nuances of language – from syntax to semantics to world knowledge – far better

than any prior approach. In practical terms, when dealing with task descriptions and AI ca-

pability descriptions, these models allow us to encode each description into a form where

matching can be as simple as a vector comparison or as complex as an inference query to

a language model.
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2.3.3 LLM-BasedMethods for Text Pair Classification andMatching

Text pair classification – determining the relationship or compatibility between two pieces

of text – is a core problem in NLP, encompassing tasks like paraphrase identification, natu-

ral language inference, question-answer matching, and indeedmatching task descriptions

to capability descriptions. Over time, methodologies for text matching have evolved dra-

matically. Early approaches relied on lexical similarity metrics andmanual features: for ex-

ample, measuring word overlap, edit distance, or simple vector space similarity between

two texts. While such metrics (like Jaccard similarity or cosine similarity on TF–IDF vec-

tors) can catch obviousmatches, they fail on examples with low lexical overlap or requiring

understanding of meaning (e.g. “swap two numbers” vs. “exchange the values of variables”

might describe the same task with no shared keywords).

The advent of deep learning brought new approaches to text pair modeling, initially

with task-specific neural architectures. One line of work used dual-encoder or Siamese

networks, where each text is processed by the same neural network to produce a vector,

and then a similarity (or distance) between the vectors is computed. For instance, Mueller

and Thyagarajan (2016) presented a Siamese LSTM network that reads two sentences and

learns to predict their semantic similarity score. During training, the network adjusts such

that pairs with higher similarity produce embedding vectors that are closer together (in

Euclidean or cosine sense). This approach improved over raw lexical similarity by learning

to map semantically related sentences nearer in embedding space even if their wording

differs. Another influential early model is the Deep Structured Semantic Model (DSSM)

by Huang et al. (2013), which used a feed-forward deep network to project a query and

a document into a common vector space and then computed their dot-product to gauge

relevance. However, Siamese setups sometimes struggle to capture fine-grained interac-

tion between two texts, because they compress each text separately without explicit cross-

reference. To address this, researchers developed interaction-focusedmodels. These archi-

tectures consider the two texts together and allow richer interplay before making a judg-

ment. For example, in answer selection or NLI, models likematch-LSTM S.Wang and Jiang

(2016) and ESIM (Q. Chen et al., 2017) used attentionmechanisms to alignwords or phrases

between the two sequences (e.g. aligning entities or events in a premise-hypothesis pair)

and then aggregated this alignment information through LSTMs to decide if the sentences

entail or contradict each other. Suchmodels achieved state-of-the-art results pre-2018, but

they often needed complex architectures and careful training from scratch on each dataset.

A comprehensive survey by Jiang and Cai (2024) covers many of these architectures, not-

ing that while they improved performance, they also highlighted the need for large labeled
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datasets and significant computational effort for each new task.

The latest development in text pair classification is the rise of using extremely large

languagemodels (LLMs) in a few-shot or zero-shot capacity. Models like GPT-3 and its suc-

cessors can perform text pair tasks without explicit training by interpreting them as nat-

ural language queries. For example, one can prompt GPT-3 with: “Task: Translate a docu-

ment from English to French. Capability: An AI system that converts spoken English au-

dio to text. Question: Does the capability match the task?” and GPT-3 will output a likely

answer (“No, because the capability is speech-to-text, not translation”). This is essentially

zero-shot classification using the LLM’s knowledge and reasoning abilities. Brown et al.

(2020) demonstrated that GPT-3 could achieve strong performance on tasks like answering

whether two questions are the same, given just a few example pairs in the prompt (few-

shot learning) or even just an instruction. However, early zero- and few-shot methods (e.g.,

Wei et al. (2022)) offered broad generalization but struggled with nuanced linguistic phe-

nomena, while task-description prompts (P. Liu et al., 2021) and chain-of-thought prompt-

ing (Kojima et al., 2022) improved reasoning yet remained limited by context-window size.

Retrieval-augmented approaches—including kNN-LMs that select nearest-neighbor exam-

ples for prompt inclusion (Gao et al., 2020; Khandelwal et al., 2020)—address token con-

straints but often lack an explicit diagnostic process. X. Sun et al. (2023) synthesize these

ideas in the CARP framework, first extracting surface clues, then inducing a structured rea-

soning chain, and finally incorporating kNN retrieval from a fine-tuned classifier to ground

decisions in task-specific evidence. By unifying clue extraction, reasoning, and retrieval,

CARP achieves state-of-the-art performance on multiple benchmarks and demonstrates

strong low-resource and domain-adaptation capabilities, charting a path for more inter-

pretable and effective LLM-based classification.

In conclusion, large languagemodel-basedmethods,whether via fine-tunedbi-encoders,

cross-encoders, or prompt-driven LLMs, provide state-of-the-art solutions for comparing

and matching text pairs. They bring together robust semantic encoding (thanks to trans-

former architectures and pre-training on huge corpora) and flexible interaction modeling

(through attention mechanisms that compare every element of one text with every ele-

ment of the other). Combinedwith strategies for efficiency and leveraging human guidance

(like instruction tuning), the current generation of models can handle the task–capability

matching problem with unprecedented accuracy and minimal manual feature engineer-

ing.
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3
LEVERAGING GCN FOR OCCUPATION AUTOMATION RISK

PREDICTION

This chapter introduces a graph-based framework for assessing occupational automation

risk, addressing limitations in prior studies that relied on coarse occupation-level data or

static assumptions. By modeling the occupation–skill landscape as a heterogeneous bi-

partite graph, the chapter applies Graph Convolutional Networks (GCNs) to allow risk to

diffuse along shared-skill edges, thereby uncovering spillover pathways that traditional in-

dices overlook.

3.1 Overview

The rapid advances in artificial intelligence and robotics have renewed concerns about

large-scale technological unemployment and labor market disruption. Historical evidence

shows that automation waves often result in significant occupational displacement, cre-

ating not only individual insecurity but also broader social and policy challenges. Recent

projections suggest that nearly half of existing occupations could be at risk of automation

within the next decade. This study investigates how automation risk can be predicted with

greater accuracy by exploiting both granular task–skill data and the networked structure of

occupations. The guiding research question is: how can we identify which occupations are

most at risk of automation by considering not only their internal attributes, but also their

interdependencies within the broader labor market ecosystem?
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In this chapter, automation is used as a deliberately broad concept, referring to the use

of technologies to perform work tasks with reduced or no direct human intervention. This

definition follows the tradition established in the automation and labour-economics litera-

ture and is not restricted to cutting-edge artificial intelligence. Building on this framework,

the empirical analysis in this paper uses tasks and skills as core features to examine how

automation exposure varies across occupations. Within this terminology, artificial intelli-

gence is treated as a distinct but nested subset of automation: while all AI-enabled systems

that perform work constitute automation, not all automation relies on AI. This distinc-

tion provides a conceptual bridge between traditional automation measures and subse-

quent AI-focused analyses, ensuring consistency across chapters while allowing AI-specific

mechanisms to be examined separately where appropriate (D. H. Autor, 2015; Brynjolfsson

&Mitchell, 2017; Frey & Osborne, 2013).

The study proposed a framework calledAutomatedOccupationClassificationwithGraph

Convolutional Networks (AOC-GCN). The proposed approach overcomes three key chal-

lenges: (1) the lack of granularity in conventional labor datasets, which obscures subtle dif-

ferences between occupations; (2) the prevalence of non-numerical, text-based task and

skill descriptions, which require careful embedding to preserve semantic meaning; and (3)

the complex relational structure of the occupation–skill system, which cannot be fully cap-

tured by linear models. To tackle these challenges, we apply Natural Language Processing

(NLP) techniques (Word2Vec, Doc2Vec) to embed task and skill text into dense numerical

vectors, construct a heterogeneous occupation–skill bipartite graph to encode both job-

level features and cross-occupation connections, and employ a semi-supervised Graph

Convolutional Network (GCN) to allow automation risk signals to diffuse along shared-skill

edges.

The contributions of this study are threefold. First, we introduce NLP-based embed-

dings into the domain of labor analytics, offering richer semantic representations of tasks

and skills than conventional numerical ratings. Second, we pioneer the use of graph-based

neural architectures for automation risk prediction, showing how relational modeling cap-

tures both local features and global dependencies across occupations. Third, we validate

the proposed framework against government statistical data, demonstrating that AOC-GCN

significantly outperforms baseline models. Beyond technical improvements, this frame-

work highlights how automation risk propagates structurally through occupations, offer-

ing policymakers a more reliable tool to anticipate vulnerabilities and design targeted in-

terventions.

By advancing a structured, graph-based approach, this study establishes a method-
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Figure 3.1: BLS Projected Declining Occupations in 2030

ological blueprint formodeling occupational exposure as a dynamic, networked process. It

provides new evidence that task- and skill-aware models can enhance our understanding

of AI-driven labor market risks and better inform workforce policy and individual career

planning.

3.2 Preliminaries about AOC-GCN

Generally, GCN-based models (Hamilton et al., 2017; Kipf & Welling, 2017; Veličković et

al., 2018) consist of multiple propagation layers and all the nodes are updated simulta-

neously in each propagation layer. A message-passing step in a Graph Convolutional Net-

work (GCN) can be described in two phases: aggregation andupdate. LetG= (V,E) denote a

graphwith node set v ↗V, edge set (v,v↘) ↗E, and initial node representation z0v ↗Rp0 , where

p0 is the input feature dimension. The embedding of node v at the k-th layer is written as

zkv ↗Rpk . For a GCN with K layers, the update at layer k (k = 1,2, . . . ,K ) is given by:

(3.1) zkN(v) =ω
(
Mk ·AGG

(
{z k↓1

v↘ | v↘ ↗N(v)}
))
,

(3.2) zkv = COMBINE
(
z k↓1
v , zkN(v)

)
,

where N(v) is the neighborhood of v, AGG aggregates information from neighbors, Mk is a

trainable weight matrix, and ω is a nonlinear activation (e.g., ReLU). The vector zkN(v) repre-

sents the aggregated neighbor features, and UPD fuses them with the previous embedding

of node v.
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In heterogeneous graphs, both nodes and edges may belong to multiple categories,

leading to embeddings of different dimensionalities. For an edge e connecting two dissim-

ilar nodes, its representation from the prior layer is concatenated with the embeddings of

the two incident nodes. Similarly, when computing node updates, the model aggregates

not only the information from neighboring nodes but also attributes of connecting edges.

The edge-level aggregation at layer k can be expressed as:

(3.3) zke =ω
(
Mk

e ·AGGk
e
(
zk↓1e ,zk↓1p(e) ,z

k↓1
q(e)

))
,

with

(3.4) AGGk
e (z

k↓1
e ,zk↓1p(e) ,z

k↓1
q(e) )= concat

(
zk↓1e ,zk↓1p(e) ,z

k↓1
q(e)

)
,

where zk↓1p(e) and zk↓1q(e) denote the embeddings of the two node types connected by edge e.

For nodes of type p and q, the aggregated neighbor representations at layer k are:

zkN(p) =ω
(
Mk

p ·AGGk
p(concat(z

k↓1
q ,zk↓1e ), ≃e= (p,q) ↗E(p))

)
,

zkN(q) =ω
(
Mk

q ·AGGk
q(concat(z

k↓1
p ,zk↓1e ), ≃e= (p,q) ↗E(q))

)
,

(3.5)

where node types p and q each maintain their own parameter matrices (Mk
p ,M

k
q ) and ag-

gregation functions (AGGk
p,AGGk

q).

Finally, the hidden states of p-type and q-type nodes are updated as:

zkp = concat(Uk
p · zk↓1p , zkN(p)),

zkq = concat(Uk
q · zk↓1q , zkN(q)),

(3.6)

where Uk
p and Uk

q are trainable transformation matrices, and zkp , z
k
q denote the updated

embeddings of nodes of types p and q at layer k.

3.3 Methodology

Our objective is to assess the automation risk for occupations defined by the Standard Oc-

cupational Classification (SOC). The attributes for this task consist of task statements and

skills extracted from the O*NET database. Each task statement is unique to a given occupa-

tion, whereas skill data form a shared set of attributes thatmay overlap across occupations.

Based on this structure, we construct a bipartite graphG= (O,S,E), whereO is the set of oc-

cupation nodes, S is the set of skill nodes, and E is the set of edges between them. An edge

e ↗E between an occupation o ↗O and a skill s ↗ S exists if o requires s. The task statements
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are used as feature representations of occupation nodes. Accordingly, the problem is for-

mulated as a node classification task defined on an undirected bipartite graph comprising

two types of attributed nodes.

The occupation–skill graph is bipartite with two node categories and a single edge type.

Since edges in this setting carry no attributes, employing a full heterogeneous GCN would

be excessive. Instead, we adopt a simplified approach by treating the bipartite structure

as a homogeneous graph, aligning the feature dimensions of both node types. Under this

setting, the propagation rule at layer k is given by:

(3.7) zkv = COMBINE
(
zk↓1v , ω

(
Mk ·AGG({z k↓1

v↘ | v↘ ↗N(v)})
))
,

where v ↗ O⇐S, N(v) denotes the neighborhood of node v, zkv represents the embedding

of node v at the k-th layer, Mk is the trainable weight matrix for layer k, ω is a nonlinear

activation function, and AGG and UPD denote the aggregation and update operators, res-

pectively.

3.3.1 Nodes Feature Representation

The text data of task statements and skills must be transformed into embeddings before

being used as node features. We employ two embedding techniques, Word2vec (Mikolov

et al., 2013) and Doc2vec (Le &Mikolov, 2014), to construct feature representations for skill

and occupation nodes. First, we initialize Word2vec with pretrained GloVe vectors and fur-

ther train it on the task statements to capture domain-specific semantics and contextual

information. The Word2vec model produces a word embedding table containing vectors

for each vocabulary term. Since skill data consist of single words or short phrases, each

skill node is represented by either the corresponding word vector or the sum of vectors for

multi-word phrases. Next, we initialize a Doc2vec model with the Word2vec embeddings

and train it on the task statements to generate document-level representations for occupa-

tion nodes. Formally, the initial embeddings are given by:

(3.8) z0s = Fuse(w1,w2, . . . ,wn),

(3.9) z0o =Doc2vec(t ),

where z0s and z0o denote the initial embeddings of a skill node s and an occupation node o,

respectively. Here,wi represents the i -thword vector fromWord2vec associatedwith a skill,

and t is the task statement document corresponding to an occupation. The parameters of

Word2vec and Doc2vec are jointly optimized with the remaining components of themodel

during training.
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3.3.2 Semi-supervised Automated Occupation ClassificationModel

The final embeddings of AOC-GCN are obtained by concatenating the node representa-

tions learned from the occupation–skill graph. Formally, we have

(3.10) y = softmax
(
f (concat(zo,zs))

)
,

where zo and zs denote the embeddings of occupation nodes O and skill nodes S, respec-

tively, as produced by the proposed GCN model. The function f (·) projects the concate-

nated embedding into a lower-dimensional space prior to applying softmax, which serves

as the classifier to distinguish between automated and non-automated occupations. This

approach is semi-supervised, since the entire graph is updated during trainingwhile super-

vision is available only for a subset of labeled nodes. The overall workflow of the proposed

method is illustrated in Fig. 3.2.

Figure 3.2: Pipeline of the proposed AOC-GCN system.

3.4 Experiments

Experiments are conducted on occupation lists, task statements and skills in StandardClas-

sification Code (SOC) from O*NET database. The label information utilized in the experi-

ments is generated from expert-based assessments on O*NET occupations conducted by
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(Frey & Osborne, 2013; Vermeulen et al., 2018) with automated occupations being labeled

as 1 and non-automated occupations being labeled as 0. However, the original label in-

formation has defects that the number of two classes are unbalanced, and some occupa-

tions are too close e.g., web developer and software programmer. We preprocess the data

and finally select 112 labeled occupations with 56 automated occupations and 56 non-

automated occupations which also have distance between each other. Then, all the data

will form an undirected graph structure with 910 occupation nodes, 135 skill nodes and

13222 edges. The dataset is randomly partitioned into training, validation, and test sets

with a ratio of 8:1:1. Given the prediction and ground truth, we evaluate themodel’s perfor-

mance using accuracy, precision, recall and F1 score.

We compare our model with traditional classification models. Specifically, we design

features of each occupation by concatenate the embeddings for both task statements and

skills. Then we use zero padding to make sure all the occupations have identical feature

dimension sizes before putting into baseline models. The chosen baseline models are as

following:

• Decision Tree. DT splits the dataset as a tree based on a set of rules and conditions

which is a supervised learning algorithm that can be used for both classification and re-

gression (Quinlan, 1986).

• Random Forest. Random Forest is an ensemble method which combines the output

of multiple decision trees to reach a single result (Ho, 1995).

• Adaptive Boost. AdaBoost (Adaptive Boosting) is a boosting technique that aims at

combiningmultiple weak classifiers to build one strong classifier and is widely used in both

classification and regression problem (Freund & Schapire, 1996).

• Light Gradient BoostingMachine. LightGBM is a gradient boosting framework based

on decision trees to increase the efficiency of the model and reduce memory usage (Ke et

al., 2017).

We evaluate the results of AOC-GCN model on O*NET dataset with above metrics and

compare them with baseline models. The results of the comparison are shown in Table 3.1

below.Wefind that our AOC-GCNmethod performs significantly better than other baseline

models, since our model not only uses external node features, but also capture the graph

structural information which is the interactions between nodes. Besides, baseline models

using raw features only already achieve good results, the GCN’s combination of both se-

mantic and structural information of relations successfully attains the best performance.

Furthermore, our proposed model ensures high model precision to avoid disturbing non-

automated occupations.
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Table 3.1: Preprocessed results of O*NET dataset

Method Accuracy Precision Recall F1
Decision Tree 0.7143 0.6667 0.8571 0.7500
Random Forest 0.7500 0.7692 0.7143 0.7407
LightGBM 0.7500 0.6842 0.9286 0.7879
AdaBoost 0.8571 0.8125 0.9286 0.8667
AOC-GCN 0.9091 1.0000 0.8750 0.9333

((a)) Model performance on different
initial node embeddings size

((b)) Model performance on different
GCN layer size

Figure 3.3: Parameters Effect OnModel Performance

Next, we explore the effects on themodel performance of different parameters. The key

parameters used here are the dimensions of initial node embedding sizes and the dimen-

sion sizes of GCN layer. The dimension sizes of node embeddings range from 50 to 300 and

the dimension sizes of GCN layer range from 16 to 512.

We can see from the Fig 3.3 that with the increase of sizes of initial node embeddings

from 50 to 200, both the accuracy and F1 scores rise and reach the maximum value. When

the size is greater than 200, both of the values keep stable. The same pattern can be found

in GCN layer dimension sizes, when the size increases from 16 to 256, both of the accu-

racy and F1 increase. When the size is greater than 256, the two scores keep unchanged.

Therefore, we can conclude that themodel gets the best performancewhen the initial node

embeddings size is greater than 200 and the GCN layer dimension size is greater than 256.

Next, we visualize the embeddings generated from the GCN layer using t-Distributed

Stochastic Neighbor Embedding (t-SNE) (Hinton & Roweis, 2003) which is a feature re-

duction technique mitigating the effects of the “Curse of Dimensionality". We also con-

duct an unsupervised K-means clustering on the dataset and visualize the result using a

dimensionality reduction algorithm Principal component analysis (PCA) (Hotelling, 1933).
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Figure 3.4: t-SNE projection of GCN embeddings

Figure 3.5: PCA projection of K-means clustering

Through comparison, we can find out the difference between applying unsupervised learn-

ing and semi-supervised learning. The results are showing in Fig 3.4 and 3.5.

We discover that there is a distinct boundary between label 1 and label 0 which are

colored in blue and red in t-SNE projection of GCN embeddings in Fig 3.4. However, there

is no distinguishable separation of two K-means clusterings colored in red and blue from

PCA projection Fig 3.5, in which labels are annotated in the graph as 1 and 0. It means

that GCN semi-supervised method achieved much better performance compared to the

unsupervised training by using only a small portion of labelled training data.
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Table 3.2: Top 10 Occupations in High Risk of Being Automated

Occupation Risk
File Clerks 0.7002
Real Estate Brokers 0.6968
Word Processors and Typists 0.6943
Payroll and Timekeeping Clerks 0.6941
Data Entry Keyers 0.6940
Transportation Engineers 0.6938
Credit Analysts 0.6938
Insurance Appraisers, Auto Damage 0.6938
Insurance Underwriters 0.6938
Tax Examiners and Collectors, and Revenue Agents 0.6938

Our results show that the maximum probability of automated risk is 0.7002 which is

the “File Clerks”. We follow the definition in (Frey & Osborne, 2013) and set 69% as the

cut-off point so that if the probability is greater than 69% then this occupation has a risk

of being automated. Then we obtain 230 occupations and a percentage of 25.3% among

all occupations are at risk of being automated. This result is lower than the experiments

conducted by (Brzeski & Burk, 2015; Frey & Osborne, 2013; Pajarinen et al., 2015) which

are about 50% occupations are at risk and is also higher than (Arntz et al., 2017; Vermeulen

et al., 2018) which conducted a job-level estimation of 9% automated risk. Considering the

defects in occupation-level and job-level automated risk estimations, our result is quite

reasonable to reach a median value between these two estimations since it predicts the

occupation-level risk using granular task and skills data.

To further validate our results, we compare them with “U.S. Bureau of Labor Statistics

(BLS) Occupations with the largest job declines, 2020 and projected 2030”. It projected out

29 occupations that have declining employments in 2030. The outcome is visualized in

Figure 3.6.

We assume that automated risk greater than 50% would cause employment declining

and we can find that 76% of the BLS projected declining occupations have automated risks

higher than 50% except for “customer service representatives", “computer programmers",

“inspectors, testers, sorters, samplers and weighters" which have an automated risk prob-

ability of 0.1%, 8.15% and 7.5% that are obviously automated safe but are projected de-

clining in 2030. This discrepancy can be caused by rules used in expert assessment of the

ground truth data. According to Frey and Osborne (2013), experts assess the risks based

on three attributes of an occupation which are “perception and manipulation", "creative

intelligence tasks" and “social intelligence tasks". i.e., “customer service representatives"
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Figure 3.6: BLS Projected Declining Occupations in 2030

have tasks including persuading and dispute resolution which requires higher social in-

telligence and perception, therefore, they are not easy to be automated according to the

analysis in Frey and Osborne (2013). BLS projection made predictions based on employ-

ment change in time series. And employment decline may be caused by various reasons

e.g., supply and demand change (Vermeulen et al., 2018), other than automation technolo-

gies which mean the declining employment of “customer service representatives" can be

caused by the demand change, i.e. some the customers’ basic demands can be satisfied by

AI dialogue agents. That is to say, expert assessment based on occupations’ attributes only

can be biased since some occupations may still decline even if they have tasks and skills

that automation technologies cannot perform because of the supply and demand change.

Overall, the performance and evaluation demonstrate the effectiveness of our AOC-GCN

method in occupation’s automated risk prediction.

3.5 Summary

In this paper, we applied the AOC-GCN model to the Occupation-skill graph to identify

the automated risk of a specific occupation. The initial node embeddings are generated

from Word2vec and Doc2vec. GCN learns the graph structure and interactions between

occupations. Extensive experiments and comparisons with real-world projections demon-

strate the effectiveness of our method. We acknowledge several limitations in our method

and the results presented in this paper. Firstly, data limitations hindered the performance

of our model. O*NET is the only globally admitted database in labour market, however,
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it only classified 1016 occupations, and this data size limited the performance of classi-

fication using machine-learning method. Moreover, each occupation is an aggregation of

several jobs which still obfuscates the difference between jobs. Secondly, lack of ground

truth data is also a barrier that inhibits predictions of automated risk. Currently, most of

the ground truths are expert assessments based on occupation’s attributes which are in-

evitably subjective to some extent. Expert assessments based on occupations’ attributes

can be biased without considering the supply and demand change. Moreover, there is no

job-level or skill-level ground truth data which impedes predictions on a more granular

level. Thirdly, predicting on static information cannot capture the technological change

and labor trends since the employment trends and changing demand for specific tasks

and skills might change faster than static O*NET data can capture. Therefore, our future

work will focus on automated risk identifications on job-level which requires more granu-

lar ground truth data such as which skills or tasks decide a specific occupation being auto-

mated (Dawson et al., 2021). Moreover, the study will be conducted on real-world datasets

that capture technological change, employment trends and supply and demand change.
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4
SEMANTIC MODELING OF JOB TASKS WITH BERT FOR

AUTOMATION RISK PREDICTION

This chapter presentsmy second research work which shifts automation-risk analysis from

occupations to tasks, arguing that the semantics of task descriptions reveal whether they

are susceptible to substitution, complementarity, or negligibility. This study introduces a

task-level framework that combines semantic annotation, data augmentation, and fine-

tuned BERT models to classify whether tasks are more likely to be substituted, comple-

mented, or unaffected by automation. By aggregating task-level predictions, the approach

uncovers nuanced patterns of exposure across occupations and industries, showing how

task-centric, context-awaremodeling offers a sharper lens on AI’s labormarket impact and

provides actionable insights for policy and workforce reskilling.

4.1 Overview

This study investigates the automatability of work at the level of individual tasks, moving

beyond traditional occupation-level assessments that oftenmask important heterogeneity.

While earlier research has offered influential estimates of automation risk, it has typically

relied on coarse, job-level data and overlooked the rich semantic signals embedded in task

descriptions. To address this gap, we develop a BERT-based classifier that leverages con-

textual and semantic information from textual task statements to predict whether tasks are

susceptible to substitution, complementarity, or negligibility with respect to AI.
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Our approach draws on three major sources of task descriptions—O*NET Task State-

ments, ESCO Skills, and Australian Labour Market Insights—each annotated into the three

categories of automation susceptibility. We enrich this dataset through GPT-4 paraphrase

augmentation to mitigate class imbalance, and fine-tune BERT to capture subtle linguis-

tic cues that reveal the nature of a task. The model substantially outperforms traditional

machine learning, recurrent neural networks, and alternative transformer architectures,

demonstrating the value of context-aware language models in labor market analytics.

Beyond predictive performance, we aggregate task-level results to derive occupation-

and industry-level insights. This enables a more granular understanding of where automa-

tion risks are concentrated, highlighting both substitution vulnerabilities and areas of com-

plementarity where AI is more likely to augment human work. In doing so, the study pro-

vides not only methodological advances but also practical implications for workers, firms,

and policymakers facing the challenges of rapid technological change.

The contributions of this work can be summarized as follows:

• Introduces a task-level framework for predicting automation risk, offering amore nu-

anced view than occupation-level analyses.

• Demonstrates that contextual and semantic features of task statements can be effec-

tively leveraged using BERT to classify tasks by their susceptibility to automation.

• Shows that the proposed method outperforms a range of baseline models, under-

scoring the strength of transformer-based architectures in this domain.

• Provides a curated and annotated dataset combining O*NET, ESCO, and Australian

sources, supporting robustness and cross-contextual validity of the model.

4.2 BERT-Based Semantic Modeling of Job Task Risks

This study develops a task-level framework for predicting automatability by integrating

expert-labeled datasets, data augmentation, and a fine-tuned BERT-based classifier. The

methodology is designed tomove beyond coarse occupation-level proxies by directly lever-

aging the semantic and contextual information contained in task statements. Figure 4.1

provides an overview of the full pipeline.

In this study, automation is defined broadly as the potential for technologies to per-

form or partially perform work tasks with reduced human involvement, rather than as the
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adoption of specific AI systems. The notion of automatability used here follows the task-

based tradition in the labour economics literature, where exposure is determined by the

characteristics of tasks—such as routine content, cognitive requirements, and contextual

dependence—rather than by the presence of particular technologies at a given point in

time. Accordingly, the expert labels integrated into our framework reflect general suscepti-

bility to computerisation and task substitution, encompassing both traditional rule-based

automation and more advanced algorithmic methods. While recent advances in artificial

intelligence, including large language models, expand the range of tasks that may be au-

tomated, they are treated in this paper as part of a broader automation continuum rather

than as a distinct or exclusive focus. Thus, the task-level predictions produced by themodel

should be interpreted as measuring exposure to broad automation potential, with AI un-

derstood as an important but nested subset of automation technologies whose specific ef-

fects can be analysed separately when required.

The framework in this study proceeds in three stages. First, we construct a comprehen-

sive dataset of task statements by combining three major public sources: O*NET, ESCO,

and Australian Labour Market Insights. Each task is annotated into one of three categories

— Substitution, Complementarity, or Negligibility—based on expert consensus, reflecting

its susceptibility to automation. To address class imbalance and enrich task variability, we

applyGPT-4 paraphrase augmentation, generating diverse yet semantically consistent vari-

ants of the task descriptions.

Second, we employ BERT to encode task statements into dense contextual embeddings.

BERT’s bidirectional transformer architecture enables the model to capture subtle seman-

tic nuances in language, allowing it to differentiate between tasks that appear similar at the

surface but differ in meaning and automatability. These embeddings are fed into a classifi-

cation layer that assigns probabilities across the three automation categories.

Finally, themodel is fine-tuned on the annotated dataset to adapt pre-trained represen-

tations to the domain of labor tasks. This process optimizes classification accuracy while

maintaining interpretability through the use of attentionmechanisms, which highlight the

words and phrases most influential in model predictions. Aggregated predictions are then

extended from the task level to occupations and industries, producing amore granular and

dynamic map of automation risk.

This methodology thus combines expert knowledge, data augmentation, and state-of-

the-art languagemodeling to provide a robust and scalable framework for measuring task-

level exposure to AI and automation technologies.
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Figure 4.1: The framework of the proposed method.

4.3 Methodology

4.3.1 Dataset Creation

We used three public datasets: ONET Task Statements, ESCO skills, and AU Labor Mar-

ket Insights Task statements. They provide a wide range of occupation-specific task state-

ments with varying geographical and vocational coverage. We randomly sampled tasks:

5,060 from ONET, 4,783 from ESCO, and 3,356 from AU Labor Market Insights. This was

done to ensure diversity across occupations, sectors, and regions for generalizable findings

and to optimize computational resources and model training efficiency due to the high-

dimensionality of text data and the large dataset sizes.

4.3.1.1 Expert Annotation

Our annotation process employs a voting mechanism involving five experts. For each task

and each class, if a class receivesmore than three votes, it is designated as the final label for

that task. This approach ensures a consensus among experts and enhances the reliability

of the labels. Our expert annotation process labeled each task as “Substitution" (fully au-

tomatable), “Complementarity" (partial automation with human involvement), or “Negli-

gibility" (unlikely to be automated). This provides a categorical understanding of task-level
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automation susceptibility. We base our process on the Skill-Biased Technological Change

(SBTC) (Card & Dinardo, 2002) and Routine-Biased Technological Change (RBTC) (D. Au-

tor et al., 2003) hypotheses, which explain technological change’s impact on labor markets.

SBTC postulates that technology favors high-skill tasks and replaces lower-skilled routine

jobs (Kristal, 2020), while RBTC asserts that technology replaces routine tasks, regardless of

skill level (Buyst et al., 2018). We also incorporate six major automation bottlenecks : Com-

plex Problem Solving, Social Interaction and Emotional Intelligence, Fine Motor Skills and

Dexterity, Creative and Artistic Abilities, Contextual Understanding, and Ethical Decision

Making (Chui et al., 2016; Nedelkoska & Quintini, 2018). These bottlenecks highlight areas

where humans still outperformmachines.

4.3.1.2 Data Augmentation

The initial exploration of the labeled data revealed a class imbalance issue, a common

problem inmany real-world classification tasks (Krawczyk, 2016). This imbalance can lead

to biased models, overfitting to the majority class and neglecting minority ones. Conven-

tional data augmentation methods suitable for image data aren’t applicable to text data

due to its sequential and semantic nature (X. Zhang et al., 2015). Apart from class imbal-

ance issue, effectively increasing the volume of training data is particularly beneficial for

deep learning models like BERT that perform better with larger datasets.

We addressed this using GPT-4 (Achiam et al., 2023) to paraphrase sentences, creat-

ing new task statements with identical meanings but different wording. GPT-4’s ability to

generate high-quality and varied paraphrases ensures the augmented data remains rele-

vant and increases the classifier’s robustness to different task expressions. Specifically, each

statement was fed into GPT-4 for paraphrasing, followed by automated checks and expert

reviews to validate the paraphrases for semantic similarity to the original statements:

Original Sentence:

Generate reports utilizing visual aids such as charts, graphs, and narratives by examining

and documenting test data.

Paraphrased Sentence:

Create reports that incorporate visual elements like diagrams, plots, and descriptive narra-

tives by scrutinizing and recording the results of tests.
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4.3.2 BERT-based Classifier

BERT stands out with its multi-layer bidirectional Transformer encoder, which enables it

to capture the deep contextual information embedded in text data (Devlin et al., 2018).

Mathematically, this is achieved by applying the attention mechanism, where the output

embeddings E for a given input token is a weighted sum of all input token embeddings:

(4.1) E =
∑

Attention_Scores→Token_Embeddings

For our classification task, we fine-tuned a pre-trained BERT model on our task statement

data. Each task statementwas fed intoBERT,which transformed the text into high-dimensional

embeddings.

The embeddings were then passed through a softmax function to generate the final

class probabilities. If we denote the output of our model before the softmax layer as z, the

softmax function can be expressed as:

(4.2) Softmax(zi )=
ezi∑
ez j

where zi is the output corresponding to the i-th class and the sum in the denominator runs

over all possible classes.

The training process involved adjusting the model’s parameters to minimize the dis-

crepancy between the predicted and actual class labels, typically quantifiedusing the cross-

entropy loss function:

(4.3) L =↓
∑

y_true→ log(y_pred)

where y_true is the true label and y_pred is the predicted probability.

4.3.3 AttentionMechanism

A fundamental feature of BERT’s ability to capture deep contextual information is its use

of the attentionmechanism, specifically, the scaled dot-product attention as introduced in

the original Transformermodel (Vaswani et al., 2017). This attentionmechanism allows the

model to weigh the importance of different words in a sentence, providing a powerful tool

for understanding language semantics.

Mathematically, the attention mechanism can be described as mapping a query and a

set of key-value pairs to an output. Given a query (Q), keys (K ), and values (V ), the output

(O) of the attention mechanism is calculated as a weighted sum of the values, where the
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weight assigned to each value is determined by the query’s compatibility with the corre-

sponding key:

(4.4) Attention(Q,K ,V )= softmax

(
QKT

√
dk

)
V

where the denominator
√
dk is used for scaling, with dk being the dimension of the key

vectors. The softmax function ensures the attention scores are normalized to lie between 0

and 1, thus can be interpreted as probabilities. This results in words that are more impor-

tant to themeaning of the sentence receiving a higher attention score, while less important

words receive a lower score.

The use of attention weights allows us to visualize and interpret the model’s decision-

making process. By examining these weights, we can understand which parts of the input

sentence are most influential in determining the output of the model.

4.4 Experiments

The datasets were partitioned into training, evaluation, and test subsets following an 8:1:1

ratio, providing a comprehensive and balanced basis for our experimental studies. And

both the original and augmented datasets would be passed through the model to evalu-

ate and quantify the influence of data augmentation.

The table 4.1 presented below provides a visual representation of both the initial and

augmented datasets. Specifically, during the training phase using the original dataset, we

observed that the AU LMI dataset exhibited superior performance compared to the other

two datasets. Consequently, during the process of data augmentation, we prioritized aug-

menting the ONET and ESCO datasets to a greater extent, while applying relatively fewer

augmentations to the AU LMI dataset. This decision was based on the recognition that

ONET and ESCO present greater challenges in terms of machine learning, warranting ad-

ditional exposure to augmented instances for effective learning.

We assessed our model and baselines using precision, recall, and F1 score. Precision

evaluates the ratio of correct positive predictions to all positive predictions, indicating the

model’s false-positive avoidance. Recall measures the fraction of true positives from all ac-

tual positives, reflecting themodel’s ability to recognize all relevant instances. The F1 score,

defined as the weighted average of precision and recall, provides a balanced measure of

both; a high value reflects strong performance in terms of both precision and recall.
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Table 4.1: The overview of dataset

O*NET ESCO AU LMI

Substitution
Original 1,594 1,435 998

Augmented 3,188 3,157 1,796

Complementarity
Original 2,519 2,272 1,776

Augmented 3,023 3,181 1,776

Negligibility
Original 947 1,076 582

Augmented 3,030 3,228 1,764

In our multi-class problem, these metrics were computed for each class, considering

the class in question as positive and the rest as negative. The average of per-class metrics

provided a single performance measure across all classes.

In ourwork, wemake a comprehensive comparison of our proposedBERT-basedmodel

with a range of baselinemodels, encompassing both traditionalmachine learning approaches,

neural network architectures, and other transformer models. These baselines span differ-

ent approaches to text classification, allowing us to assess the relative merits of our ap-

proach in a broad context.

For traditional classifiers, we employ Logistic Regression (Cessie &Houwelingen, 1992),

Random Forest (Breiman, 2001), and Support Vector Machines (SVM) (Cortes & Vapnik,

1995). These models, with their varying theoretical underpinnings, provide a solid founda-

tion against which to compare our more complex neural model. They represent different

forms of linear and non-linear decision boundaries and incorporate different forms of reg-

ularization and ensemble learning.

In the realm of neural networks, we utilize Bi-directional Long Short-Term Memory

(BiLSTM) (Graves & Schmidhuber, 2005), Gated Recurrent Units (GRU) (Cho et al., 2014),

and one-dimensional ConvolutionalNeuralNetworks (Conv1D) (Yoon&McDonnell, 2020).

These architectures demonstrate the potential of deep learning for text classification, and

their comparison with our model allows us to quantify the value of pre-training and trans-

former architecture in this context.

Finally, we include three additional transformer models in our baselines: ALBERT (Lan

et al., 2020), ELECTRA (Clark et al., 2020), and DistilBERT (Sanh et al., 2019). As close rel-

atives of BERT, they provide a stringent test of the specific benefits of our BERT-based ap-

proach. By contrasting with these models, we can highlight the unique strengths of our

chosen methodology.
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Table 4.2: The results of proposed model and baselines.

Model
O*NET ESCO AU LMI O*NET + ESCO + AU LMI

Precision Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall F1

LR 0.6091 0.61 0.609 0.5915 0.5915 0.5911 0.657 0.6602 0.6566 0.5902 0.5922 0.5908

SVM 0.6087 0.6072 0.6046 0.5738 0.5719 0.5707 0.6462 0.6473 0.6452 0.5837 0.5867 0.5811

RF 0.5922 0.593 0.5921 0.5657 0.5656 0.5652 0.6449 0.6483 0.6399 0.5889 0.5909 0.5891

BiLSTM 0.7487 0.7562 0.7532 0.7553 0.7558 0.7445 0.8107 0.8002 0.8135 0.7676 0.7701 0.7665

GRU 0.7665 0.7562 0.7512 0.7587 0.7612 0.7611 0.8235 0.8202 0.8135 0.7609 0.7624 0.7611

CONV1D 0.7695 0.7354 0.7444 0.7641 0.7622 0.7521 0.8224 0.8102 0.8008 0.7766 0.7798 0.7723

ALBERT 0.7401 0.6989 0.6988 0.7687 0.7723 0.7605 0.7997 0.8033 0.7946 0.7253 0.7114 0.6801

ELECTRA 0.7544 0.7621 0.7602 0.7384 0.7381 0.7285 0.8145 0.8093 0.8122 0.7459 0.7419 0.7425

BERT 0.7698 0.7643 0.7594 0.7701 0.7723 0.7698 0.8241 0.8225 0.8198 0.7981 0.7955 0.7944

The table 4.2 summarizes the results for proposed BERT and other baseline models of

different datasets. We evaluate them with precision, recall and F1-score.

As we can see from the results, the GRU model demonstrates the highest performance

on the O*NET dataset, with Precision, Recall, and F1-Score at 0.7712, 0.7676, and 0.7712,

respectively. BiLSTM exhibits superior performance on the ESCO dataset, with Precision,

Recall, and F1-Score at 0.7973, 0.7898, and 0.7876, respectively. The same model outper-

forms others on the AU LMI dataset, with all three metrics around 0.8995.

When all datasets are combined, our proposed BERT-based classifier emerges as the

most effective model. The precision, recall, and F1-score are 0.7981, 0.7955, and 0.7944,

respectively, which are the highest among all models. These results indicate the robustness

of BERT in handling diverse and large-scale datasets and its superiority over traditional,

neural network, and other transformer models for this multi-class classification task. We

will use BERT as the best performance model for follow-up experiments and analysis.

Now, we examine the impact of different augmentation levels on our BERTmodel’s per-

formance. The data augmentationmethods include no augmentation (Original), augment-

ing data tomatch the class with the largest instances (Balanced), and incremental augmen-

tation of the original data by 1.5, 2, 2.5, 3, 4, and 5 times. The results are shown below as Fig.

4.2:

A careful review of the results indicates that augmentation improves the precision of

the model across all three datasets (ONET, ESCO, and AU LMI). For the ONET and ESCO

datasets, the precision increases modestly from “Balanced" to “2 Times" and then plateaus

slightly at “2.5 Times". However, a dramatic rise is seen at “4 Times", implying potential

over-augmentation, which could lead to an overfitted model.

Therefore, we choose to augment our data between “Balanced" and “2 Times" for the

O*NET and ESCO datasets. As for the AU LMI dataset, which already shows good perfor-
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Figure 4.2: The Comparison of different augmentation.

mance, we only balance the classes.

To ascertain the robustness of our proposedmodel for real-world applications, we con-

ducted an experimentwith varying training set sizes. The dataset was shuffled, and training

sets were created with different proportions of the original dataset, namely 80%, 70%, 60%,

50%, 40%, 30%, and 20%. The remaining data in each scenario was used for performance

evaluation. The results are presented at Fig. 4.3:
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Figure 4.3: The performance of model at different data split.

As can be observed, the proposed BERT model’s performance is relatively stable, and

it gets better performance with the increase of training data ratio. Besides, our model with
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only 20% training data can catch upwith the baselineswhouse 80%data for training, which

validates the effectiveness of BERT in the task of predicting the automatability at task level.

AlthoughBERT-based classifiers are now relatively established inNLP, their performance

in this study reflects suitability to the task rather than architectural novelty. Task statements

are short, semantically dense, and context-dependent, requiring nuanced language under-

standing that is not well captured by surface features or sequential models alone. BERT’s

bidirectional transformer architecture is effective in modeling such contextual semantics

and in handling linguistic variation across heterogeneous task datasets. Empirically, BERT’s

advantage over alternativemethods ismodest but consistent. As shown inTable II, while re-

current and convolutional models perform competitively on individual datasets, BERT ex-

hibits the most stable performance when datasets are combined and under reduced train-

ing data, indicating stronger generalization and robustness rather than a large absolute

performance gain.

For the visualization of themodel’s attention, we have employed the technique ofWord-

cloud. For class Substitution, the prominent terms include “using system", “machinery op-

erate", “data record", “routine perform", and “trucks load". These tasks are generally rou-

tine andpredictable, andhence, aremore prone to automation.On the other hand, for class

Complementarity and class Negligibility, the key terms hint at tasks that require a higher

level of human judgment or interaction like “information provide", “educational program",

“research conduct", “medical procedures", “human expertise", and “children care". These

tasks correlate with recognized automation bottlenecks, corroborating the model’s predic-

tions. The results can be found at Fig. 4.4:

Having established the optimal performance of our BERT model through a series of

experiments, we moved to a practical application, leveraging the model for inference on

real-world datasets. We selected O*NET task statements, a rich and diverse dataset that

encapsulates a broad variety of professional tasks, totalling 19,530 individual tasks. The re-

sults showed that among the total tasks, 6664 tasks were labeled as “Substitution", 10,678

tasks were “Complementarity" and 2188 tasks were “Negligibility" which could be visual-

ized as Fig. 4.5:

We mapped individual task automatability measures to 974 distinct occupations using

theO*NET task statement to occupationmapping. This allowed us to assess automatability

at an occupation level by aggregating tasks and quantifying task type distributions. The re-

sults, summarized in Table 4.6, show the top 10 occupations with the highest substitution

and negligibility, indicating the most and least likely automated occupations, respectively.

As can be seen from the results, occupations with high automation susceptibility are pri-
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Substitution Complementarity

Negligibility

Figure 4.4: The Wordclouds for different categories.

Figure 4.5: The Distribution of O*NET Task Automatability.

marily manual labor, repetitive tasks, or data-intensive roles, such as "Dishwashers" and

"Packaging and Filling Machine Operators and Tenders". Conversely, roles requiring hu-

man interaction, creativity, specialized skills, or unpredictable environments, like "Athletes

and Sports Competitors" and "Respiratory Therapists", showed lower automatability.

Our research findings indicate that out of 974 ONET occupations, 244 display a substi-

tution score exceeding 50%. This suggests that approximately 25.1% of occupations within

the ONET database are at substantial risk of automation. This outcome is aligned with the

findings put forth in D. Xu et al. (2022), thus adding robustness to our estimations. Fur-

thermore, these results are nested between the estimations reported in Frey and Osborne

(2013) which places 47% of occupations at risk and Arntz et al. (2016) which estimates the

figure at a comparatively lower 9%. Considering the limitations often associated with auto-

mated risk evaluations at the occupation and job level, the median value that our research
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Figure 4.6: Top 10 occupations that have highest and lowest automatabilities.

arrives at seems reasonable. This is due to our methodology which leverages granular task

statement data to predict occupation-level risks.

Additionally, our results indicate that a majority of occupations, specifically 603 out of

974 which is 61.8%, face a high risk of complementarities. Conversely, a relatively smaller

fraction, constituting 128 occupations or 13.1%, appear to be comparatively safe from im-

pending automation over the forthcoming decades. These conclusions underscore the nu-

anced complexities underpinning automation risks and the need for more granular data

analysis in this domain. Building on our earlier findings of automatability at the occupa-

tion level, we bridge the occupation-industry gap utilizing O*NET’s detailed occupation-

industry mapping. Our results shown as Fig. 4.7 indicate a diverse spectrum of automation

vulnerability across sectors. On one end, industries such as “Accommodation and Food

Services", “Administrative and Support Services", “Retail Trade", “Mining, Quarrying, and

Oil and Gas Extraction", and “Manufacturing" emerge as the sectors most susceptible to

automation. These industries comprise occupations with high automatability scores, re-

vealing their high likelihood of experiencing significant changes due to automation.

On the other hand, industries such as “Educational Services", “Arts, Entertainment and

Recreation", “Other Services (Except Public Administration)", “Real Estate and Rental and

Leasing", and “Health Care and Social Assistance" stand on the less vulnerable end of the

automation spectrum.Occupationswithin these sectors possess low automatability scores,

indicating a lower likelihood of their roles being fully automated, largely due to the com-
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plexity of tasks or the high level of human judgment, interaction, and creativity required.

Figure 4.7: Industries with highest and lowest automatabilities.

To validate the results, we leveraged the insights from theMcKinsey & Company (2020),

and identified 4 sectors showing siginifican susceptibility to automationwhich are “Accom-

modation and Food Services", “Manufacturing", “Retail Trade", and “Transportation and

Warehousing". These findings align well with our own results.

4.5 Summary

This study presents a unique approach to predict task-level automatability with a BERT-

based classifier, utilizing three diverse, public datasets and expert annotations. Rigorous

experiments demonstrated our model’s efficacy.

In practical application, we applied our model to real-world datasets, providing a com-

prehensive perspective of occupational automatability. Our findings indicate that approxi-

mately 25.1% of occupations within the O*NET database are at substantial risk of automa-

tion. Furthermore, our results reveal a diverse spectrum of automation vulnerability across

sectors, with industries such as “Accommodation and Food Services", “Administrative and

Support Services", “Retail Trade", “Mining, Quarrying, and Oil and Gas Extraction", and

“Manufacturing" emerging as the sectors most susceptible to automation.

These findings have significant implications for workers and policymakers. For work-

ers, understanding the susceptibility of their tasks to automation can help them make in-

formed decisions about their career paths and upskilling opportunities. For policymakers,

these insights can guide the development of policies and initiatives aimed at managing the

transition to an increasingly automatedworkforce. This could include strategies for retrain-

ing and reskilling workers, as well as measures to support industries and regions that are

particularly vulnerable to automation.
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In conclusion, our research provides a robust and effective approach to predicting task-

level automatability, offering valuable insights for policymakers, educators, and workers.

Understanding howautomationmay affect tasks, occupations, and industries enablesmore

effective preparation for the future of work.
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5
ONTOLOGY-ANCHORED AND CAPABILITY-ALIGNED

FRAMEWORK FOR AI EXPOSURE ASSESSMENT

This chapter presents the third work, which explores the assessment of task and occupa-

tional exposure to artificial intelligence through a novel methodological framework. Build-

ing upon insights andmethodologies established in earlier chapters, this paper introduces

an ontology-anchored and capability-aligned approach that leverages advanced large lan-

guagemodels (LLMs) to align detailed occupational tasks with dynamically evolving AI ca-

pabilities. By doing so, the work contributes significantly to our understanding of how AI is

likely to influence labor markets, identifies occupations and tasks most exposed to AI, and

offers practical tools for policymakers and industry stakeholders. The findings presented

herein reflect a synthesis of empirical rigor, innovative methodological integration, and re-

sponsiveness to contemporary advancements in artificial intelligence.

5.1 Overview

This chapter builds directly on the conceptual andmethodological foundations established

in the previous two chapters, while extending them in scope and perspective. The ear-

lier chapters focused on explicit automation risks at the task and occupation levels, dis-

tinguishing between substitution and complementarity effects using supervised learning

frameworks (AOC-GCN and the BERT-based classifier) grounded in expert labels and pre-

defined task features. These approacheswere designed to answerwhether and how specific
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tasks are likely to be replaced or augmented by automation, providing interpretable and

empirically validated risk estimates. In contrast, the present chapter adopts a more agnos-

tic and forward-looking perspective by shifting from categorical risk labels toward a con-

tinuous exposure framework that directly links job tasks to evolving AI capabilities. Rather

than relying on cognitive ability taxonomies, fixed rubrics, or human labeling of automa-

tion outcomes, this chapter aligns fine-grained job tasks with AI tasks through semantic

matching and weights them by dynamic measures of AI progress and research momen-

tum. Conceptually, this represents a progression from outcome-oriented risk prediction

(replacement vs. complementarity) to capability-driven exposure measurement, allowing

the framework to capture multiple channels of technological impact—including substitu-

tion, augmentation, recombination, and latent future effects—within a unified index. To-

gether, the three chapters form an integrated research trajectory: the first two establish

task-level automation risks under explicit assumptions, while this chapter generalizes the

analysis by grounding exposure in observable AI capability trajectories, thereby unifying

and extending the thesis’s approach to measuring AI’s labour-market effects.

This study develops a principled framework for measuring AI exposure at the task and

occupation level that is both ontology-anchored and capability-aligned. While prior re-

search has provided valuable insights into automation risk, most approaches have relied

on coarse occupational categories, static rubrics, or outdated benchmarks, resulting in in-

consistent and incomplete estimates of how advances in AI affect work. In particular, ex-

isting measures often overlook the fine-grained structure of job tasks, fail to capture recent

breakthroughs in AI, and struggle to integrate heterogeneous performance metrics across

domains such as vision, language, and control.

To address these challenges, we build on O*NET’s detailed task statements and the

Intelligence Task Ontology (ITO), a curated hierarchy of AI tasks and benchmarks. Each

job task is decomposed into its action and purpose, then semantically aligned with AI ca-

pabilities using large language model–assisted matching. This produces a structured job

task–AI matrix that captures nuanced correspondences beyond keyword overlap. On top

of these alignments, we construct a multi-dimensional exposure index that incorporates

three key elements: task significance within occupations, the slope of AI performance im-

provement (Gain) as a measure of technological momentum, and research Popularity as a

proxy for attention and resources. Together, these form the Gain–Popularity Score (GPS),

which enables exposure measures to reflect both the current frontier and the dynamics of

AI progress.

The framework contributes in three main ways. First, it provides transparency by trac-
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ing occupation-level exposure back to specific job task–AI links. Second, it delivers a more

forward-looking measure by integrating dynamic progress indicators rather than relying

solely on historical data. Third, it introduces a simulation capacity, allowing researchers

to explore counterfactual scenarios such as accelerated breakthroughs in individual sub-

fields. Empirical results validate the framework against expert annotations and confirm

that it captures complementary dimensions of AI exposure overlooked by prior indices.

Distinctive patterns emerge, with higher exposure in education-related and skilled trade

occupations, and lower exposure in tasks requiring interpersonal judgment or dexterity.

Overall, this study advances the measurement of AI’s labor market impact by uniting

semantic task decomposition, ontology-based alignment, and dynamic capability track-

ing. The resulting AI Exposure Index provides researchers, policymakers, and practitioners

with an interpretable and simulation-ready tool for monitoring how technological change

intersects with workforce tasks, informing reskilling strategies and long-term planning in

an era of rapid AI progress.

5.2 An Ontology-anchored and Capability-aligned

Framework

We fill prior efforts gaps by presenting a new framework for measuring occupational AI ex-

posure that is ontology-anchored and capability-aligned. In contrast to earlier approaches

that relied on coarse ability categories, static rubrics, or historical judgments, our method

grounds exposure assessment in the Intelligence TaskOntology (ITO) (Blagec et al., 2022)—a

large-scale, expert-curated hierarchy that organizes AI tasks, sub-tasks, benchmarks, and

performancemetrics—and aligns these with the fine-grained job task statements provided

by O*NET (National Center for O*NET Development, 2023)—a comprehensive taxonomy

of U.S. occupations that provides detailed breakdowns of occupation titles, job task state-

ments, and task significance. Each job task is then decomposed into two elements—the

action performed and its intended purpose—which creates a structured representation for

alignment with AI capabilities. Using a combination of rule-based procedures and large

language model–assisted semantic reasoning, we match these action–purpose pairs with

themost relevant AI tasks in the ontology. This process allows us to capture nuanced corre-

spondences beyond surface-level keyword overlap. For example, decomposing “transcrib-

ing meeting minutes” into action: transcribe speech and purpose: produce written text

aligns it with speech recognition and transcription tasks. The outcome is a fine-grained

job task–AI matrix in which each link indicates the degree to which AI can perform a given
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task. We then aggregate these links into task and occupation-level exposure indices. Cru-

cially, our aggregation ismulti-dimensional: in addition to task significance,we incorporate

measures of technological progress which is the slope of improvement over time to capture

the pace of advancement while mitigating metric-specific distortions, and research popu-

larity as a proxy for the attention and resources devoted to each capability. We term this

composite measure as Gain–Popularity Score (GPS). By anchoring AI exposure in a formal

ontology and incorporating these dynamic dimensions, our framework producesmeasures

that are interpretable, precise, and forward-looking. Beyond quantifying exposure, it also

supports simulation exercises that explore counterfactual scenarios of AI progress, as we

demonstrate through case studies on post secondary teaching occupations and a robotics

shock.

5.3 Methodology

To construct a consistent and interpretable measure of AI exposure to artificial intelligence

(AI), we develop an ontology-anchored and capability-aligned framework. Our approach

builds on recent advances in linking technological progress to labor market tasks (Eloun-

dou et al., 2023; Felten et al., 2019; Tolan et al., 2021), while addressing key limitations of

earlier studies. Specifically, we adopt a three-stage methodology: (1) curating and struc-

turing AI capabilities within an ontology that reflects both technological advances and re-

search popularity; (2) aligning job tasks with AI tasks through a rule-based procedure sup-

ported by large language models (LLMs); and (3) aggregating task-level alignment scores

into an occupation-level exposure index. Together, these components provide granularity

at the task level and comparability across occupations, enabling a systematic assessment

of AI exposure in the workforce.

Fig 5.1 provides an overview of the proposedmethodology and illustrates how the three

main components of the framework correspond to Sections 3.1–3.3. Section 3.1 (Data Col-

lection) supplies the two foundational inputs shown on the left of the figure: job task data

from the O*NET database, including task statements and task significance measures, and

AI task data from the Intelligence Task Ontology (ITO), including task descriptions, bench-

mark results, and research metadata. These inputs feed into the Gain and Popularity Con-

struction block, where benchmark performance improvements and research activity are

combined to compute the AI Task Gain–Popularity Score (GPS), detailed in Section 3.3.1.

Section 3.2 (Job Task–AI Alignment Pipeline) corresponds to the central alignment com-

ponent of the framework, where job task statements are decomposed into action–purpose
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representations and semantically matched to AI tasks using LLM-based few-shot prompt-

ing, producing aligned job–AI task pairs. Finally, Section 3.3 (AI Exposure Index Construc-

tion) maps to the integration and aggregation components on the right of Figure 1: align-

ment scores are combined with AI Task GPS to generate task-level exposure scores, which

are then aggregated using task significance weights to produce occupation-level exposure

indices. Together, these stages form a coherent pipeline that links raw task descriptions and

dynamic AI capabilities to interpretablemeasures of job and occupational exposure, ensur-

ing consistency between the framework visualization and themethodological subsections.

Figure 5.1: Framework of the methodology.

5.3.1 Data Collection

Our analysis draws on the public O*NET 28.1 database (National Center for O*NET De-

velopment, 2023), which provides detailed information for 1,016 Standard Occupational

Classification (SOC) occupations. Each occupation entry includes its SOC code, title, and

major group affiliation, enabling analyses at multiple levels of granularity.

We focus on Task Statements, the occupation-specific units of work expressed as con-

cise action phrases (e.g., “Calibrate sensors to ensure accurate readings”). Each Task State-

ment is evaluated on three incumbent-based rating scales that capture its role in everyday

work: frequency (0–7), importance (0–5), and relevance (0–5). Together, these ratings allow

us to assess both the intensity of task performance and its centrality within an occupation.

For the analytic sample, we retain only tasks with complete ratings and occupations

with at least ten valid Task Statements. This yields 18,947 rated Task Statements covering

1,009 occupations, each linked to its SOC code and major group, providing a rich basis for

both occupation-level and group-level analysis.

To characterise the landscape of AI tasks and capabilities, we draw on the Intelligence

Task Ontology (ITO) (Blagec et al., 2022). ITO is amanually curated, ontology-based knowl-
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edge graph that integrates benchmark results from Papers with Code with a hierarchical

taxonomy of AI tasks, datasets, models, and evaluation metrics. The ontology is encoded

in RDF/OWL, enabling SPARQL queries and automated inference, and is organised into

16 top-level task classes (e.g., Natural Language Processing, Vision, Graph Processing) that

expand into more than 1,000 fine-grained AI tasks.

The dataset snapshot used in this study spans research published between 2000 and

2022, comprising 7,649 peer-reviewed or preprint papers and 26,495 benchmark results.

Each benchmark entry links an AI task to its dataset, model or system, and an associated

performance metric (from a curated set of 1,995 measures such as accuracy and F1 score).

Table 5.1 summarises key characteristics of the ITO dataset.1

For analysis, we aggregate results at the AI task level and construct gain–popularity

scores (GPS), which capture changes in research popularity and performance over time. Al-

though the ITOdefines 16 broad top-level process classes andmore than 1,000 fine-grained

tasks, this taxonomy is either too coarse (e.g., Natural Language Processing) or too frag-

mented (e.g., 3D Point Cloud Classification) for systematic alignment with job tasks. Prior

work shows that very broad categories canmask important variation across subfields, while

overly granular benchmarks often fail to map meaningfully to job tasks (Martínez-Plumed

et al., 2020; Tolan et al., 2021). To balance interpretability with effectiveness, we collabo-

rated with domain experts to reorganize the fine-grained ITO tasks into 107 intermediate

‘parent tasks’ and removed overly general entries such as reinforcement learning2. For each

parent task’s capability, we take the maximum score among its constituent fine-grained.

This aligns with the common practice of using peak benchmark performance as a proxy

for frontier capability (Felten et al., 2019), while also recognizing that progress in many AI

tasks is interdependent. These parent-level performance trajectories provide the basis for

the GPS used to construct our AI exposure index. Throughout this paper, we use the term

AI task to refer to these reorganized parent tasks.

We incorporate employment and wage information from the Occupational Employ-

ment and Wage Statistics (OEWS) series (formerly OES), released annually by the U.S. Bu-

reau of Labor Statistics. The dataset spans eleven public-use waves under a consistent

NAICS/SOC scheme, covering reference years 2012–2022 (U.S. Bureau of Labor Statistics,

2024). For each occupation–year cell, the OEWS reports total employment, mean and me-

dian hourly wages, and long-term employment projections. To integrate OEWS with the

1All resources, including the OWL file, SPARQL endpoints, and example Jupyter notebooks, are publicly
available at https://github.com/OpenBioLink/ITO.

2The complete set of resources for this paper is available in the code repository https://github.com/
listenerxdw/ai-exposure.git
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Table 5.1: Descriptive statistics of ITO (v2.0) used in this study

Metric Count

Total RDF triples (edges) 685 560

Classes (all) 9 037

of which AI process classes 1 100

Individuals (nodes) 50 826

Parent process classes 16

Data properties (performance metrics) 1 995

Benchmark datasets 3 633

Benchmark results 26 495

Distinct papers 7 649

Publication years covered 2000–2022

O*NET task data, we follow the BLS-recommended SOC crosswalk 3.

These measures are used in two ways. First, employment counts and wage levels serve

as control variables in all empirical specifications, allowing us to account for baseline labour-

market conditions when estimating the relationship between AI exposure and outcomes.

Second, as detailed in the validation analysis, observed wage and employment patterns

provide an external benchmark to assess whether our exposure index aligns with economic

signals in the labour market.

5.3.2 Job Task–AI Alignment Pipeline

Our goal is to automatically match each free-text job task statement to themost relevant AI

task. This matching relies on the fact that job tasks and AI tasks can both be represented in

terms of an action and a purpose. Job task statements, however, are often written in natural

languagewith varying levels of detail, making it difficult to directly compare them to AI task

categories. We therefore decompose each job task into two components: the action (what

is done) and the purpose (why it is done) (Table 5.2). In contrast, AI tasks do not require

decomposition: their titles already denote the action or purpose (e.g.,machine translation,

image classification) and their ontology-provided descriptions clearly state the purpose.

After decomposing both job tasks and AI tasks into actions and purposes, we apply seman-

tic matching to assess the degree of alignment. Each comparison is assigned one of three

judgment categories: Fully matched, Partially matched, or Mismatched. A Fully matched

3https://www.bls.gov/emp/documentation/crosswalks.htm
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case occurs when the AI task captures either the action or the purpose of the job task in

a comprehensive way. A Partially matched case arises when a job task decomposes into

multiple actions and purposes, but the AI task corresponds to only one component. AMis-

matched case indicates that the job task and the AI task are semantically different, with

no meaningful overlap in action or purpose. This structured scheme allows us to measure

alignment consistently and to distinguish between different coverage of job tasks by AI ca-

pabilities. This approach is consistent with prior frameworks that emphasize decomposing

occupations or tasks into structured elements to improve comparability and alignment (J.

Liu et al., 2020; L. Zhang et al., 2021). For example, J. Liu et al. (2020) decomposes occupa-

tion titles into functions and responsibilities to support standardized crosswalks. To opera-

tionalize this alignment, we design amulti-stage pipeline that combines semantic retrieval

with large language model (LLM) reasoning.

Table 5.2: Sample alignment of job tasks with decomposition and AI tasks

Job Task Decomposition AI Task (Title/Description)

Analyze sales data to
forecast demand

Action: analyze sales data
Purpose: forecast demand

Time-series forecasting: Predict
future values in temporal data
using statistical or MLmodels.

Write emails to respond
customer support

Action:Write emails
Purpose: resolve customer issues

Natural language generation:
Generate coherent, context-aware
text responses.

Classify medical images
for diagnosis

Action: classify medical images
Purpose: support diagnosis

Computer vision: Detect and
classify objects in images, e.g.,
tumors in scans.

Our approach frames the alignment problem as a text classification task using large lan-

guage models (LLMs) with in-context demonstrations (Brown et al., 2020; Luo et al., 2024;

Rubin et al., 2022). To establish reliable training examples, we collaborated with domain

experts to annotate 300 job–AI task pairs, producing a gold-standard dataset with labels of

Fullymatched,Partiallymatched, orMismatched. Eachpairs a decomposed job task (action

and purpose) with a candidate AI task and its description. Then for new job-AI task pair, we

first encode the texts into a semantic vector using Sentence-BERT (Reimers & Gurevych,

2019) and compute cosine similarity with the embeddings of all annotated pairs. The top-k

most similar examples (typically k = 3–5) are then retrieved and used as demonstrations for

in-context prompting, allowing the LLM to classify the alignment by reasoning over com-

parable, previously solved cases.

Using the retrieved examples, we construct a tailored prompt that incorporates: (1) the

new job task’s action and purpose, (2) a short list of demonstration pairs with their as-
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sociated match labels, and (3) an instruction to classify the alignment with AI tasks. The

prompt is designed to follow a structured reasoning process inspired by chain-of-thought

prompting (Brown et al., 2020; Wei et al., 2022). The model is asked to extract diagnostic

clues from the action–purpose pair, reason about their alignment with the candidate AI

task descriptions, and then assign a classification label: Fully matched, Partially matched,

or Mismatched. By including solved demonstrations in the prompt, the model is guided

toward consistent reasoning and classification. Figure 5.2 illustrates the contrast between

standard prompting approaches and our tailored pipeline.

Figure 5.2: Standard prompts vs. tailored prompts. Tailored prompts integrate demonstra-
tions and a structured chain-of-thought process.

Once the pipeline is established, the system operates without further human labeling:

for each new job task, it retrieves comparable examples and queries the LLM, making the

procedure effectively few-shot. This enables thousands of tasks to be aligned quickly and

consistently, supporting large-scale analysis of workforce job tasks. The pipeline integrates

recent advances in semantic retrieval and LLM prompting, while also accounting for ev-

idence that model performance is sensitive to instruction phrasing (X. Sun et al., 2023).

By combining structured task decomposition, semantic search, ontology grounding, and

chain-of-thought reasoning, our method provides a robust and interpretable mechanism

for aligning job tasks with AI tasks, yielding match labels that scale across occupations.
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5.3.3 AI Exposure Index Construction

Wenowdescribe the construction of the AI Exposure Index, which proceeds in three stages.

First, we derive a gain–popularity score (GPS) for each AI task, combining evidence of per-

formance improvements on benchmarks with indicators of task complexity and research

popularity. Second, we map AI tasks to job task statements and compute task-level expo-

sure as an alignment-weighted average of the corresponding AI task GPS. Finally, we ag-

gregate these values into occupation-level scores that capture the overall extent to which

the core tasks of an occupation are aligned with areas of active AI progress. This staged ap-

proach enables us to link frontier AI capabilities with the detailed structure of workforce,

yielding a normalized exposure score that is both interpretable and comparable across oc-

cupations.

We aim to construct a gain–popularity score (GPS) that enables systematic comparison

of performance progress across diverse AI tasks. However, this effort faces several chal-

lenges. Benchmark datasets differ widely in their evaluation metrics (e.g., Accuracy, F1,

BLEU, and Perplexity)-each with distinct scales and interpretations. Somemetrics improve

as their values increase (e.g., Accuracy), while others improve as they decrease (e.g.,MAE),

creating polarity inconsistencies. Improvements near performance ceilings also require

disproportionately greater innovation but appear numerically small, which can understate

true progress. Finally, benchmarks differ in inherent difficulty: some tasks are evaluated

using only a single, relatively simple dataset, while others are tested on a broad range of

datasets and metrics, making raw performance gains non-comparable across tasks. These

challenges have been highlighted in prior efforts to link AI progress with labor outcomes,

such as (Felten et al., 2019; Tolan et al., 2021).

To address these issues, we normalize all benchmark metrics to a [0,1] scale, inverting

those where “lower is better” so that higher values always represent improvement. We then

apply a logarithmic compression,

f (y)= log10(1+9y),

which reduce the influence of near-ceiling gains. Instead of relying on raw benchmark

levels—which can be distorted by initial conditions, metric idiosyncrasies, or ceiling ef-

fects—we focus on the slope of improvement over time. For each task–dataset–metric series,

we retain the first and last reported performance values and compute a yearly gain as the

slope of the compressed score trajectory. Specifically, for the first and last measurements,

(yfirst, tfirst) and (ylast, tlast), we compute the performance change:

ωy = ylast↓ yfirst, ωt = tlast↓ tfirst
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thenwe apply logarithmic compression and fit a linear trend in the scaledmetric over time,

yielding the yearly gain (slope) for that metric:

ε = f (ylast)↓ f (yfirst)
ωt

Aggregating these gains across all benchmarks k for task a yields a weighted average:

ga =
∑

k εk∑
kωtk

which gives a normalized gain ga ↗ [0,1].

This approach, also usedby Felten et al. (2019), provides amore robust signal of progress

by emphasizing the rate of change rather than absolute values; also, Hernandez and Brown

(2020) quantify progress via rates of change (doubling times/slopes) rather than absolute

values. Together, these justify our use of slopes to compare across tasks and metrics.

To account for variation in benchmark difficulty, we weight each task’s gain by a com-

plexity factor, defined as the logarithmic average of the number of distinct datasets and

metrics used to evaluate the task. This adjustment credits tasks tested across richer and

more diverse benchmarks with greater robustness, while those based on narrow or single-

metric evaluations contribute less. Formally, let nd ,a and nm,a denote the number of dis-

tinct datasets and metrics associated with AI task a, and define

ca = 1
2

[
ln

(
1+nd ,a

)
+ ln

(
1+nm,a

)]
.

If ga denotes the normalized, polarity-adjustedperformance gain for task a, the complexity-

adjusted gain is given by

ha = ga · ca

which is then rescaled to the unit interval [0,1] across all task denoted as h̃a .

Next, to capture research popularity, we integrate publication counts linked to each

task, log-transformed and rescaled for comparability. Let np,a be the number of AI papers

(or models) linked to task a. Define pa = ln
(
1+np,a

)
and normalize via min–max to [0,1]:

p̃a = pa ↓mina↘↗A pa↘

maxa↘↗A pa↘ ↓ mina↘↗A pa↘
↗ [0,1].

Finally, combine the two signals with an adjustable weight ϑ ↗ [0,1] (default ϑ = 0.5 in

our experiments) to obtain the Gain–Popularity score (GPS):

(5.1) GPSa = ϑ h̃a + (1↓ϑ) p̃a ↗ [0,1].
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Intuitively, h̃a captures performance progress adjusted for task complexity, while p̃a cap-

tures research popularity; their convex mix yields a stable, comparable exposure signal

across AI tasks.

We next construct task-level exposure scores by combining the results of the alignment

pipeline with AI Task GPS. Each O*NET task statement j may align with one or more AI

tasks. For each matched pair, we assign a matching weight ϖ j a based on the alignment

category: ϖ j a = 1 if the match is Full, and ϖ j a = 0.5 if it is Partial. When a job task aligns

with multiple AI tasks, we compute the weighted average of their matched AI Tasks GPS

values:

Exposuretask =
∑

a↗A j ϖ j aGPSa
∑

a↗A j ϖ j a
,

whereA j is the set of AI tasks aligned to task j . This ensures that task-level exposure reflects

both the strength of the alignment and the research momentum of the corresponding AI

tasks.

For occupation-level exposure scores, we begin by assessing how central each job task

is within its occupation. To do so, we combine the O*NET frequency, importance, and rele-

vance ratings for each task into a single composite measure that we denote as ϱ j , the Sig-

nificance of task j . Each rating is normalized to the unit interval and then averaged, so that

tasks performed more often, considered more important, and more representative of the

occupation receive higher significance scores.

The occupational exposure contributed by task j is then obtained by multiplying its

significance ϱ j with its task-level exposure Exposuretask . This ensures that tasks strongly

associatedwith active areas of AI progress, and central to the occupation, weighmore heav-

ily in the overall exposure.

Finally, the occupation-level exposure is computed by aggregating across all tasks in

occupation o:

Eo =
∑

j↗o
ϱ j ·Exposuretask ,

and normalizing by themaximumobserved value across all occupations for comparability:

Exposureoccu = Eo

maxo↘ Eo↘
↗ [0,1].

In summary, occupation-level exposure scores combine three ingredients: (1) the gain–popularity

momentum of AI tasks, (2) the alignment strength between AI tasks and job tasks, and (3)

the significance of those tasks within occupations. This construction produces an inter-

pretable, normalized index that highlights which occupations are most exposed to current

trajectories of AI research and capability development.
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5.4 Experiments

Results andPatterns We selectedGPT-4o as the large languagemodel for this study. From

our experiments, we generated a matrix linking AI tasks to job tasks with corresponding

alignment scores. In total, 106 AI tasks aligned with at least one job task, resulting in 5,314

matches out of 16,939 job tasks. These covered 849 of 1009 occupations, each withmeasur-

able exposure values. Table 5.3 reports descriptive statistics for the main measures across

the AI task, job task, and occupational levels. The AI taskmeasures capture different dimen-

sions of technological progress: Gain reflects performance improvements in benchmark

tasks, Popularity proxies research attention, Breadth indicates the number of job tasks con-

nected to a given AI task, and Depth captures the average significance of the affected job

tasks. On the labor side, Job Task Significance measures how central a task is within oc-

cupations, while Job Task Breadth denotes the variety of AI tasks mapped to a single job

task. Finally, Job Task Exposure and Occupation Exposure provide aggregated measures of

exposure, weighted by AI task impact and task significance.

Table 5.3: Descriptive statistics of key measures

Mean Std Min
25th
Perc.

Median
75th
Perc.

Max

AI Task Gain 0.38 0.25 0.00 0.19 0.37 0.59 1.00
AI Task Popularity 0.47 0.25 0.00 0.32 0.47 0.60 1.00
AI Task Breadth 0.09 0.16 0.00 0.01 0.03 0.13 1.00
AI Task Depth 0.42 0.20 0.00 0.29 0.41 0.51 1.00
Job Task Significance 0.67 0.14 0.03 0.59 0.69 0.78 1.00
Job Task Breadth 0.05 0.09 0.00 0.00 0.00 0.08 1.00
Job Task Exposure 0.46 0.23 0.00 0.25 0.48 0.63 1.00
Occupation Exposure 0.25 0.18 0.00 0.12 0.20 0.34 1.00

Overall, the statistics show notable variation across measures. AI Task Gain and Popu-

larity have similar means (0.38 and 0.47, respectively), but the wide ranges and standard

deviations indicate heterogeneous progress across AI domains. Breadth measures (AI Task

Breadth and JobTask Breadth) are strongly right-skewed,withmost tasks linking to very few

counterparts and a small number exhibiting extensive connectivity. Job Task Significance

is consistently high (mean = 0.67), underscoring that many tasks included in the mapping

are central to occupational functioning. Exposure scores decrease as we move up the ag-

gregation ladder, from job tasks (mean = 0.46) to occupations (mean = 0.25), reflecting the

smoothing effect of aggregation.
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Figure 5.3: Distributions of AI task GPS scores (left), job task exposure (middle), and oc-
cupational exposure (right). The comparison shows how heterogeneity at the AI task level
smooths as exposure is aggregated to job tasks and occupations.

Figure 5.3 illustrates the distributional patterns across levels. AI task GPS scores (left

panel) are right-skewed, peaking around 0.2–0.3. Most AI tasks therefore exhibit moder-

ate impact, while a few—such as those in natural language processing or computer vi-

sion—reach high combined scores of gain and popularity.

The distribution of job task exposure (middle panel) is multimodal, with several peaks

across the range. This pattern reflects clustering of tasks into distinct exposure groups,

shaped by the accumulation ofmultiple AI task influences on a single activity. Tasks directly

aligned with well-established AI capabilities (e.g., classification, translation, recognition)

appear at the high-exposure end, while tasks requiring embodied interaction or complex

social reasoning remain less exposed.

At the occupational level (right panel), the distribution is smoother and more concen-

trated toward the lower end. Most occupations exhibit modest exposure, with relatively

few showing high values. This attenuation underscores how heterogeneity observed at the

AI task level becomes progressively diluted when aggregated through job tasks to occupa-

tions, offering a layered view of how AI capabilities diffuse across the labor market.

To understand how advances in AI capabilities translate into potential labor-market rel-

evance,we examine three dimensions of AI task characteristics: performance gain, research

popularity, and their joint impact captured by the Gain–Popularity Score (GPS). Figure 5.4

presents the joint distribution of gain and popularity scores. The Pearson correlation is

r = 0.63, indicating a strong positive association: AI domains that show rapid technical im-

provement also tend to attract sustained research attention. The quadrant-based catego-

rization highlights that while many tasks achieve balanced progress and popularity, others

remain underexplored despite significant technical advances, or conversely, popular but

with limited measurable progress.

Figure 5.5 presents the top-10 and bottom-10 AI tasks ranked by normalized GPS. The
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Figure 5.4: Joint distribution of Gain-Popularity scores, with data points categorized into
quartile-based quadrants. The red line shows the Pearson correlation between gain and
popularity.

highest-scoring tasks reflect areas where technical breakthroughs align with substantial re-

searchmomentum.Hand-related vision tasks (0.93) lead the ranking, driven by progress in

gesture recognition, hand pose estimation, and robotics/augmented reality applications.

Natural language transduction (0.90) and crowd counting (0.87) follow closely, while other

vision-related tasks—such as visual reasoning, video quality assessment, and human inter-

action recognition—dominate the upper tier, underscoring computer vision as a highly ac-

tive research domain.Natural language generation (0.76) reflects the rapid rise of large lan-

guage models, while applied domains including malware classification (0.68) and recom-

mendation systems (0.64) highlight strong industrial relevance and continued algorithmic

refinement. By contrast, the lowest-ranked tasks represent either narrow applications or ar-

eas with limited momentum. Highlight detection and seismic interpretation (both ↔ 0.009)

show minimal benchmarking and niche applicability. Personality recognition in conversa-

tion (0.013) reflects an emerging yet technically challenging domain. Other low scorers,

such as historical color image dating, workflow recognition, and multiple sequence align-

ment, correspond either to highly specialized domains or to fields where research progress

has plateaued. Interestingly, tasks with clear societal or commercial significance—such as

misinformation detection and next-basket recommendation—also appear in the bottom

tier, suggesting unresolved technical barriers or insufficient research focus relative to their

potential impact.
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((a)) Top-10 AI tasks with highest GPS ((b)) Bottom-10 AI tasks with lowest GPS

Figure 5.5: Top and bottom AI tasks ranked by GPS values.

Beyond overall impact, it is important to consider howwidely and how centrally AI tasks

map onto human work. Figure 5.6 combines the three measures: GPS (x-axis), task depth

(y-axis), and breadth (bubble size and color). The plot reveals several noteworthy patterns.

First, GPS values are widely dispersed, with most tasks concentrated in the lower to mid-

range but a limited set of domains achieving exceptionally high impact. Second, the scatter

does not reveal a strong linear relationship betweenGPS and task depth, that is to say, high-

impact AI tasks are distributed across both low- and high-depth regions though the most

influential ones tend to align with mid- to high-significance job tasks. Third, task breadth

is highly skewed: while the majority of AI capabilities influence only a small number of job

tasks, a select group of domains, such as visual reasoning and general imaging tasks, exhibit

broad applicability, thereby amplifying their labor-market relevance.

The joint consideration of breadth, depth, and GPS highlights a set of “transformative”

AI domains. These include visual reasoning, object detection and understanding, robotic

grasping, autonomous driving, anddialog systems, which standout as simultaneously broad,

central to occupations, and rapidly advancing. The dominance of vision and language tasks

in this category reflects both the abundance of benchmark data and the maturity of evalu-

ation ecosystems in these fields, whereas other domains remain less developed and under-

represented.

Appendix Tables 5.4 and 5.5 report the ten job tasks with the highest and lowest AI ex-

posure scores, respectively, illustrating the uneven distribution of exposure across the task

spectrum. High-exposure tasks are concentrated in activities involving information pro-

cessing, translation, transcription, and structured communication. Examples include ver-

ifying technical translations, transcribing proceedings, compiling records, and collecting

survey data. Many of these tasks are tightly linked to natural language processing capa-

bilities (checking translations, compiling information for translation, instructing clients in

communication techniques), reflecting the rapid progress of language technologies. Other
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Figure 5.6: Bubble plot of AI tasks by GPS (x-axis), depth (y-axis), and breadth (color and
bubble size). The plot illustrates the skewed distribution of breadth, wide variation in
depth, and the presence of both narrow–deep and broad–high-intensity tasks.

highly exposed tasks, such as keeping transaction records or taking inmate counts, align

with AI’s comparative advantage in systematic, rule-based monitoring. Notably, tasks in-

volving communication with external stakeholders (communicating with investors, con-

tacting corporate representatives or community leaders) also rank highly, suggesting that AI

is increasingly applied to outward-facing activities that support professional interaction.

By contrast, the least exposed tasks are concentrated in the geosciences, particularly

in oil, gas, and mineral exploration. These include conducting geological surveys, prepar-

ing maps, measuring geological characteristics, interpreting core samples, and evaluating

the economic viability of drilling sites. Such activities typically require professional, on-site

physical presence in field environments, togetherwith specialized instrumentation and the

integration of tacit expertise that cannot be easily codified or benchmarked. Even where

computational analysis is applied, the scarcity of standardized datasets and the complexity

of subsurface phenomena limit AI’s current applicability. The clustering of bottom-ranked

tasks in extractive industries underscores how data scarcity, physical constraints, and re-

liance on domain-specific expertise insulate some activities from AI exposure.

Figure 5.7 plots job task exposure against task importance, with color denoting task

breadth. Exposure values are widely dispersed, ranging fromnear zero to one, while impor-
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Table 5.4: Top 10 Job Tasks by Exposure

Rank Job Task

1 Check translations of technical terms and terminology to ensure that they are
accurate and remain consistent throughout translation revisions.

2 Compile information on content and context of information to be translated and
on intended audience.

3 Transcribe recorded proceedings in accordance with established formats.
4 Collect and analyze data, such as studying old records, tallying the number of

outpatients entering each day or week, or participating in federal, state, or local
population surveys as a Census Enumerator.

5 Keep records of transactions and of the number of customers entering an estab-
lishment.

6 Take, receive, or check periodic inmate counts.
7 Observe group interactions and role affiliations to collect data, identify problems,

evaluate progress, and determine the need for additional change.
8 Communicate with stockholders or other investors to provide information or to

raise capital.
9 Contact corporate representatives, government officials, or community leaders

to increase awareness of organizational causes, activities, or needs.
10 Instruct clients in techniques for more effective communication, such as sign

language, lip reading, or voice improvement.

tance scores are more tightly concentrated between 0.5 and 0.8, reflecting that most tasks

are rated as moderately to highly important across occupations. The scatter indicates no

strong linear relationship between exposure and importance: highly exposed tasks are not

exclusively themost important, and low-exposure tasks are not confined tomarginal activ-

ities. This suggests that AI affects both central and peripheral tasks. Task breadth is highly

skewed, with the majority of tasks linked to only a few AI capabilities, while a small subset

shows broad connections. Interestingly, these broad tasks cluster around moderate expo-

sure values, implying that being associated with many AI capabilities does not necessarily

imply extreme exposure.
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Table 5.5: Bottom 10 Job Tasks by Exposure

Rank Job Task

1 Participate in geological, geophysical, geochemical, hydrographic, or oceano-
graphic surveys, prospecting field trips, exploratory drilling, well logging, or un-
dergroundmine survey programs.

2 Prepare geological maps, cross-sectional diagrams, charts, or reports concerning
mineral extraction, land use, or resource management, using results of fieldwork
or laboratory research.

3 Measure geological characteristics used in prospecting for oil or gas, using mea-
suring instruments.

4 Evaluate and interpret core samples and cuttings, and other geological data used
in prospecting for oil or gas.

5 Assess the environmental impacts of development projects on subsurface mate-
rials.

6 Assess costs and estimate the production capabilities and economic value of oil
and gas wells, to evaluate the economic viability of potential drilling sites.

7 Develop plans for oil and gas field drilling, and for product recovery and treat-
ment.

8 Take samples to assess the amount and quality of oil, the depth at which re-
sources lie, and the equipment needed to properly extract them.

9 Select or develop mineral location, extraction, and production methods, based
on factors such as safety, cost, and deposit characteristics.

10 Examine maps, deposits, drilling locations, or mines to determine the location,
size, accessibility, contents, value, and potential profitability of mineral, oil, and
gas deposits.

Figure 5.7: Job task exposure against task importance, with color indicating task breadth.83
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Finally, Appendix Figure 5.8 compares AI exposure across four task categories from

D. Autor et al. (2003): routine cognitive, non-routine cognitive, routine manual, and non-

routinemanual. All categories exhibitwide internal variation, indicating that categorymem-

bership alone does not determine exposure. Routine and non-routine cognitive tasks dis-

play similar patterns, with medians around 0.4–0.5 and broad interquartile ranges, sug-

gesting that both routine and non-routine information-processing tasks are broadly sus-

ceptible to AI. Non-routine manual tasks stand out with relatively high median exposure

and wide dispersion, reflecting that while some physical tasks remain insulated, others in-

volving navigation or visual inspection are increasingly complemented by AI technologies.

Taken together, these findings imply that the traditional routine versus non-routine dis-

tinction is less predictive of AI exposure than previously assumed, highlighting the need

for more granular, task-level analysis.

Figure 5.8: Job Task Exposure vs. Category

We next examine AI exposure at the level of entire occupations, highlighting the most

and least affected roles according to our exposure index. Tables 5.6 and 5.7 report the top-

and bottom-ranked occupations.

The list reveals a diverse set of jobs, spanning trades, technical services, and academic

roles. At the very top are transportation security screeners and explosives workers, whose re-

liance on visual inspection and detection tasks aligns closely with advances in computer

vision. Other high-exposure occupations include operating engineers, payroll clerks, and
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Table 5.6: Top 20 occupations by AI–exposure score

# Occupation (O*NET title) Exposure

1 Transportation Security Screeners 1.00
2 Explosives Workers, Ordnance Handling Experts, and Blasters 0.92
3 Operating Engineers and Other Construction Equipment Operators 0.85
4 Payroll and Timekeeping Clerks 0.83
5 Helpers–Production Workers 0.82
6 Drywall and Ceiling Tile Installers 0.80
7 Film and Video Editors 0.79
8 Purchasing Agents, Except Wholesale, Retail, and Farm Products 0.79
9 Automotive Body and Related Repairers 0.78
10 Interpreters and Translators 0.77
11 Art, Drama, andMusic Teachers, Postsecondary 0.76
12 Biological Science Teachers, Postsecondary 0.75
13 Library Science Teachers, Postsecondary 0.74
14 Psychology Teachers, Postsecondary 0.74
15 Nursing Instructors and Teachers, Postsecondary 0.72
16 Heavy and Tractor-Trailer Truck Drivers 0.72
17 Inspectors, Testers, Sorters, Samplers, andWeighers 0.70
18 Rail Yard Engineers, Dinkey Operators, and Hostlers 0.68
19 Engineering Teachers, Postsecondary 0.67
20 English Language and Literature Teachers, Postsecondary 0.67

helpers–productionworkers, reflecting the spread of AI capabilities across bothmanual and

clerical domains. A notable cluster of postsecondary teaching roles also appears in the top

twenty (e.g., art and music teachers, biology teachers, library science teachers), indicating

that higher education is not insulated from AI’s reach. This pattern underscores that expo-

sure is driven less by education level and more by the specific task content. For example,

large language models (LLMs) are increasingly relevant for teaching-related activities such

as preparing instructional material or grading, while benchmark progress in perception

tasks maps to screening, monitoring, and inspection duties.

In contrast, the bottom of the distribution is populated by occupations that rely heavily

on dexterity, context sensitivity, or interpersonal interaction, such as hand sewers, animal

trainers, and social workers, where empathy, persuasion, or fine motor skills remain diffi-

cult to automate. High-stakes judgment roles (e.g., compliance managers, treasurers) and

creative professions (fashion designers) also register low exposure, despite the availability

of AI drafting or generative tools (Frey & Osborne, 2013).

It is important to emphasize that the index reflects technical potential rather than real-
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Table 5.7: Bottom 20 occupations by AI–exposure score

# Occupation (O*NET title) Exposure

1 Sewers, Hand 0.00
2 Marketing Managers 0.00
3 Actuaries 0.00
4 Property, Real Estate, & Community Association Managers 0.01
5 Animal Trainers 0.01
6 Child, Family, and School Social Workers 0.01
7 Fashion Designers 0.02
8 Survey Researchers 0.02
9 Hearing Aid Specialists 0.02
10 Administrative Services Managers 0.02
11 Lodging Managers 0.02
12 Automotive andWatercraft Service Attendants 0.02
13 Postmasters andMail Superintendents 0.03
14 Cleaning, Washing, andMetal Pickling Equipment Operators and Tenders 0.03
15 Biofuels/Biodiesel Technology and Product Development Managers 0.03
16 Treasurers and Controllers 0.03
17 Human Resources Assistants, Except Payroll and Timekeeping 0.03
18 Aircraft Cargo Handling Supervisors 0.03
19 Animal Breeders 0.03
20 Compliance Managers 0.04

ized adoption. Actual labor-market effects will depend on implementation costs, organiza-

tional adaptation, and regulatory constraints.

Figure 5.9 reports mean exposure scores across major occupational groups, revealing

substantial variation. Educational Instruction and Library stands out with the highest av-

erage exposure, exceeding 0.40, consistent with the strong alignment of AI with language-

intensive teaching and knowledge-delivery tasks. Above-average exposure also appears in

Arts, Design, Entertainment, Sports, and Media, driven by generative content tools, and in

Protective Service and Computer andMathematical occupations, where advances in vision,

language, and algorithmic capabilities are highly relevant. Skilled domains such as Farm-

ing, Fishing, and Forestry and Architecture and Engineering also rank above the median,

reflecting the spread of AI into applied technical fields. At the lower end of the spectrum,

Building and Grounds Cleaning and Maintenance, Legal, and Community and Social Ser-

vice record the lowest mean exposure scores, all below 0.15. These groups involve embod-

ied physical work or discretionary, judgment-heavy activities that remain hard to automate.

Healthcare support, personal care, andmanagement-related roles occupy themiddle of the
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distribution, highlighting the continued importance of empathy, interpersonal skills, and

organizational decision-making.

Taken together, the results underscore two dynamics. First, education emerges as an

unexpectedly exposed sector, reflecting the overlap between LLM capabilities and instruc-

tional tasks. Second, exposure is not confined to white-collar cognitive work but extends

into skilled trades and technical services, while domains reliant on social intelligence, phys-

ical dexterity in unstructured environments, or managerial discretion remain relatively in-

sulated.

Figure 5.9: Occupational Exposure by Major Group(first 2 digits of SOC Code)

Validation To assess the reliability of our alignment framework, we conducted a series

of validation exercises. The validation checks serve three purposes: first, to ensure that the

human reference set itself is consistent; second, to benchmark the performance of GPT-4o

against the reconciled gold standard; and third, to compare our occupation-level exposure

scores with prior measures from the literature and to validate the framework through a fo-

cused experiment on education-related occupations. Collectively, these exercises provide

evidence for the robustness of our methodology and the credibility of the resulting expo-

sure scores.
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Our first validation step examined the consistency of human judgments. Three expert

annotators independently labeled a shared set of job task–AI task alignments, after which

disagreements were reconciled into a gold standard. Inter-annotator agreement provides a

measure of how reproducible the alignment process is across human experts.

Across the three annotator pairs, Cohen’sς values fall within a narrowbandof [0.88, 0.90],

and the multi-coder Krippendorff’s ϱ for nominal data is ϱ = 0.86 (Table 5.8). According

to the Landis–Koch scale, these figures correspond to “almost perfect” reliability and are

well above the commonly cited threshold of ς/ϱ⇒ 0.80 for semantic labeling tasks. In prac-

tical terms, fewer than 12% of category assignments remained in disagreement after the

two-round Delphi reconciliation, setting a strong empirical benchmark against which au-

tomated methods can be evaluated.

Next, we compared GPT-4o’s annotations to this reconciled gold standard. This exer-

cise evaluates whether themodel can approximate expert-level agreement in assigning job

tasks to AI capabilities. Without any task-specific fine-tuning, GPT-4o achieves an accu-

racy of 0.86 and a macro-F1 of 0.84 on the 300 held-out task pairs. Chance-corrected mea-

sures support these results: Cohen’s ς = 0.84 and Krippendorff’s ϱ = 0.83 place the model

at the lower bound of the expert–expert reliability range. In effect, GPT-4o agrees with the

reconciled reference labels nearly as closely as individual experts agree with each other.

Most remaining disagreements occur in borderline PARTIAL ⇑ NO-MATCH cases, typically

driven by vague or multipurpose job-task statements. The small ς gap (approx. 0.06) be-

tween the model and the human upper bound suggests that costly manual annotation is

only required to seed a demonstration set; once established, the LLM can propagate labels

across large corpora with high fidelity. Most residual errors stem from underspecified pur-

pose clauses in job-task statements, pointing to a clear improvement path: enrich purpose

extraction or supplement prompts with short clarifying snippets. Given inherent task am-

biguity, ς↔ 0.90 represents a practical ceiling, so gains beyond the current 0.84 would likely

involve disproportionate effort.

We next examine how our occupation-level exposure score relates to existing indices in

the literature. Specifically, we compute Spearman rank correlations with nine widely cited

benchmarks: (1) Felten et al. (2019) AI-ability linkage, whichmaps technical progress to oc-

cupational abilities; (2) Webb (2019) text-based patent proximity scores, including overall

AI, software, and robotics variants; (3) Brynjolfsson and Mitchell (2017) Suitability-for-ML

rubric, which classifies tasks by their learnability; (4) Frey and Osborne (2013) automation-

risk probabilities, based on expert task assessments; (5) Tolan et al. (2021) cognitive-benchmark

based AI exposure and D. Xu et al. (2022, 2023) susceptibility and automatability indices
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Panel A. Inter-annotator agreement (E1–E3)

Statistic Value N (pairs)

Cohen’s ς (E1 vs. E2) 0.88 300
Cohen’s ς (E1 vs. E3) 0.90 300
Cohen’s ς (E2 vs. E3) 0.88 300
Krippendorff’s ϱ (nominal) 0.86 300

Panel B. GPT-4o vs. Gold standard

Metric Value N (pairs)

Accuracy 0.86 300
Macro-F1 0.84 300
Cohen’s ς (GPT-4o vs. Gold) 0.84 300
Krippendorff’s ϱ (nominal) 0.83 300

Table 5.8: Validation results. Panel A reports inter-annotator agreement for the expert
coders (E1–E3). Panel B reports GPT-4o performance against the reconciled gold standard.

that refine occupation-level risk measures. Rank-based measures are preferred over Pear-

son coefficients because several of the reference distributions are skewed and the under-

lying associations are unlikely to be linear. The results are summarized in Figure 5.10. For

completeness, detailed scatter and kernel-density plots are provided inAppendix 5.11,where

they illustrate the underlying distributional patterns.

The correlations are positive across all pairs but generally modest in magnitude. The

strongest link is with Webb (2019)’s software score (ε = 0.25), followed by the Suitability-

for-ML index of Brynjolfsson and Mitchell (2017) (ε = 0.22). In contrast, robotics-oriented

or automation-riskmeasures (Webb, 2019; D. Xu et al., 2022) yield coefficients close to zero

and fail to reach conventional significance thresholds. This pattern underscores that dif-

ferent indices capture distinct notions of technological impact: robotics scores emphasize

physical automation, substitution, and exposure to routine tasks, while patent- or software-

based measures highlight complementarity with digital technologies. Our pathway aligns

more closely with the software/ML family than with robotics-risk metrics. Finally, the scat-

ter plots and kernel densities in Appendix 5.11 confirm that all distributions are heav-

ily skewed toward the lower end (most occupations cluster below 0.5), with diffuse point

clouds in the off-diagonal panels. Taken together, the correlation analysis suggests that our

index provides complementary information: it is broadly consistent with software/ML ex-

posure measures, yet largely orthogonal to traditional automation-risk indices. This indi-

cates that the proposed score captures a novel dimension of occupational exposure to AI.

Table 5.9 reports multivariate OLS estimates where the dependent variable is our AI
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Figure 5.10: Correlation Heat maps (Spearman Ranks) against existing methods

exposure score. The explanatory block includes the nine external indices, augmented with

two labour market controls. Robust HC3 standard errors are reported.

To construct the labour–market controls, we fitted for each SOC occupation the regres-

sion ln(tot_emp)ot =ϕ0o+ϕ1ot+εot usingBLS employment aggregates for t = 2012, . . . ,2022.

The estimated slope ϕ̂1o serves as the annualised log employment growth rate. In parallel,

we obtained 2012 and 2022 real hourlymeans (after CPI deflation) and computed the com-

pound annual growth rate
(w2022
w2012

)1/10↓1, which is used as our wage control. These variables

proxy for demand-side dynamics that could otherwise confound the association between

technological exposure and occupational salience.

The regression results highlight that the strongest and most robust predictors of our

index are those tied to software and machine-learning research. Webb (2019)’s software

exposure and the Suitability-for-ML index of Brynjolfsson and Mitchell (2017) enter with

large, highly significant coefficients (ϕ̂ = 0.284 and 0.357, both p < 0.01), consistent with

the bivariate correlations. By contrast, the robotics score is negative, economically neg-

ligible, and statistically insignificant, confirming that our measure is not simply a refor-

mulation of classic robot exposure. Taken together, these variables contribute modest ex-
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Figure 5.11: Correlation scatter and kernel-density maps against existing methods.
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Variable Coef. Std. Err.

Cognitive-based Exposure (Tolan) 0.0049↑ 0.0035
AI Score (Webb) 0.0470↑↑ 0.0261
Software Score (Webb) 0.2839↑↑↑ 0.090
Robot Score (Webb) ↓0.0225 0.105
AIOE (Felten) 0.0024↑ 0.0018
Automation Score (Frey & Osborne) 0.0244 0.028
Susceptibilities (Dawei) 0.0005 0.033
Automatabilities (Dawei) 0.0252↑ 0.0213
Suitability for ML (Erik) 0.3570↑↑↑ 0.088
Log Employment Growth Rate ↓0.2227↑ 0.1898
Real Wage Growth Rate ↓0.0852 0.125

Constant 0.2899↑↑ 0.155

Observations 540
R2 0.267

Table 5.9: OLS regression results of various prior efforts and AI exposure measures. Robust
(HC3) standard errors in parentheses. ↑↑↑p < 0.01, ↑↑p < 0.05, ↑p < 0.10.

planatory power—their joint effect passes an F -test only at the 10 percent level—indicating

partial but limited overlap. Standard labour–market controls for employment and wage

growth remain individually insignificant. The coefficient on log employment growth is neg-

ative (↓0.22), implying that faster-growing occupations are weakly associated with lower

exposure scores, although the effect is not statistically reliable. Including both controls

marginally improves model fit (lower AIC) without altering the technology coefficients,

suggesting that omitted demand-side dynamics are unlikely to bias the central estimates.

Overall, the model explains roughly one quarter of the cross-occupational variance (R2 =
0.27)—a reasonable fit given the conceptual heterogeneity of the regressors and the de-

liberately parsimonious specification. The results confirm that our AI–exposure score (1) is

statistically coherent with leadingmeasures of software andML intensity, (2) complements

rather than duplicates robot-centric automation-risk indices, and (3) remains robust to the

inclusion of labour–market controls.

Weobserved that education-related occupations receive relatively highest exposure scores

in our index. To check whether this is unique to our measure or shows up in other ap-

proaches, we compared how teachers rank across nine well-known exposure frameworks.

We then explored the gap at the task level using regression and permutation tests.

Table 5.10 showshoweducation jobs are distributed across the exposure percentiles un-

der differentmethods. Our index, along with Tolan et al. (2021), Webb (2019)’s AI score, and
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Felten et al. (2019), places around two-thirds of education occupations in the top quartile

(75th–100th percentile). In contrast,methods built around software engineering or robotics

benchmarks (e.g., Webb Software, Webb Robot, Frey–Osborne, and Dawei Susceptibility)

push teachers toward the middle of the distribution, with many not appearing until the

upper quartile. The Suitability-for-ML rubric of Brynjolfsson andMitchell (2017) sits in be-

tween, with teachers showing moderate exposure. This split reflects the nature of teaching

work. Most core tasks are language- and cognition-heavy, which aligns well with large lan-

guage model capabilities. Benchmarks that emphasize physical automation or program-

ming tasks do not capture these activities as strongly.

Table 5.10: Share of education-related occupations appearing in each percentile bucket
across alternative exposure measures

Method / Source 25th (%) 50th (%) 75th (%) 100th (%)

AI Exposure (Proposed) 62.50 73.21 89.29 100.00
Cogitive-based Exposure (Tolan) 64.62 96.92 96.92 100.00
AI Score (Webb) 66.10 84.75 96.61 100.00
AIOE (Felten) 63.33 96.67 100.00 100.00
Software Score (Webb) 0.00 5.08 30.51 100.00
Robot Score (Webb) 0.00 6.78 23.73 100.00
Automation Score (Frey & Osborne) 4.55 13.64 50.00 100.00
Susceptibilities (Dawei) 0.00 14.52 51.61 100.00
Automatability (Dawei) 4.00 20.00 30.00 100.00
Suitability for ML (Erik) 8.47 33.90 84.75 100.00

Appendix Figure 5.12 compares kernel-density violins for 17,238 non-teacher tasks and

412 teacher tasks. The teacher distribution is clearly shifted upward: the median task-level

exposure score rises from0.40 for other tasks to 0.63 for teacher tasks (ω= 0.23), with a large

concentration of teacher tasks between 0.6 and 0.9. Formal statistical tests confirm this vi-

sual gap. A cluster-robust OLS regression at the task level shows that being a teacher task

is associated with an increase of about 0.04 in the exposure score (ϕ = 0.040± 0.012, p =
0.001), corresponding to amedium effect size of Cohen’s d ↔ 0.46. The effect remains when

tasks are weighted by their O*NET importance ratings (ϕ= 0.038, p = 0.003) or when anal-

ysed using median regression. Randomisation checks reinforce these findings. A 5,000-

draw permutation test that randomly re-labeled the teacher flag across tasks never pro-

duced a gap as large as the observed one (teachers rank about 190 positions higher among

⇓849 occupations), yielding p < 0.0001. The permutation-based p-value remains below

0.0002 even with 5,000 draws. These results confirm that the observed elevation of teach-
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Figure 5.12: Distribution of exposure scores for teacher-related tasks (violin plot).

ing roles is highly unlikely to be due to chance. Results are summarised in Table 5.11.

Table 5.11: Teachers’ tasks are systematically more exposed to LLM capabilities

Coef. S.E. z p-value 95% CI

Intercept 0.5478 0.0090 60.41 <0.001 0.530 0.566
is_teacher 0.0404 0.0106 3.80 <0.001 0.020 0.061

Observations 5 314 tasks
Clusters (occupations) 849

Cohen’s d (teacher vs others) 0.42
Permutation test (n = 5000) p̂ < 0.0002

Notes. The dependent variable is the task-level exposure score (0↓1), one observation per O*NET task
statement. The key regressor is_teacher equals 1 for tasks belonging to Education–Training–Library
occupations (SOC 25-xxxx).

Case Study In this section, we use case studies to demonstrate our framework’s inter-

pretability and simulation capacity. To demonstrate how our framework operates in prac-

tice, we conduct a focused case study on postsecondary teachers—a group of education-

related occupations that consistently emerge as highly exposed in our analyses. This group

includes 37 occupations out of the 849 in our database, spanning diverse fields such as

biological sciences, psychology, engineering, and the arts. Across these 37 teaching occu-

pations, we identify 236 unique job tasks, drawn from the 5,314 tasks in the full dataset.
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These tasks are linked to 77 distinct AI tasks, covering nearly three-quarters of the AI task

ontology (77 out of 106). The calculated exposure values for postsecondary teachers range

from 0.10 to 0.75, with a mean of 0.54 and a median of 0.55, indicating consistently high

exposure across the group. Table 5.12 lists the ten most frequently shared tasks and their

associated AI capabilities. Core academic activities such as advising students, supervising

research, grading, and writing grant proposals dominate the teacher task set. On the AI

side, these tasks most often align with knowledge tracing, human skill assessment, dialog

systems, and natural language generation. This mapping highlights the strong overlap be-

tween teaching responsibilities and recent advances in AI.

Table 5.12: Top 10 most frequently shared job tasks and AI tasks among postsecondary
teachers.

Job Tasks (with counts) AI Tasks (with counts)

Act as advisers to student organizations (34)
Compile bibliographies for outside reading etc. (34)
Serve on academic or administrative committees etc. (34)
Maintain office hours to advise and assist students etc. (34)
Maintain student attendance records, grades, etc. (34)
Participate in student recruitment, registration, placement
etc. (34)
Collaborate with colleagues on teaching/research issues
(33)
Compile, administer, and grade examinations etc. (33)
Write grant proposals for external research funding (33)
Supervise teaching, internship, and research work etc.(33)

Knowledge tracing (43)
Human skill assessment (42)
Dialog systems and chatbots (30)
Workflow recognition (26)
Natural language generation (22)
Recommendation systems (21)
Action and activity recognition (16)
Document layout analysis (15)
Object detection and understanding (15)
Visual reasoning (13)

Figure 5.13 visualizes these relationships bymapping overlapping job tasks to their cor-

responding AI tasks and exposure scores. For example, advising students and moderat-

ing curricula are closely linked to dialog systems (exposure = 0.32) and knowledge tracing

(0.20), while research-related activities such as writing grant proposals are strongly associ-

ated with natural language generation (0.76). The figure also makes clear that exposure is

not uniform: administrative and evaluative duties tend to showmoderate alignment, while

text-intensive scholarly tasks display markedly higher exposure.

Next, to illustrate the simulation capacity of our framework, we conduct a counterfac-

tual simulation in which progress in a cluster of robotics-related AI tasks is assumed to ac-

celerate sharply. Specifically, we impose a “robotics shock” by raising the GPS of key tasks:

robotic grasping (0.38 ⇔ 0.80), robotic skill (0.08 ⇔ 0.50), robot navigation (0.62 ⇔ 0.90),

and robot task planning (0.17⇔ 0.50)-based on the distribution of current AI Task GPS.
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Figure 5.13: Case study mapping of postsecondary teacher occupations to overlapping job
tasks and their corresponding AI tasks. The values in parentheses indicate the Exposure
scores for job tasks and the GPS for AI tasks.

At the task level, the robotics shock leads to sharp increases in exposure for job tasks

that involve physical handling, movement, and stocking (Appendix Table 5.13). The largest

gains occur for tasks such as folding or removing products during processing (ω = 0.46),

loading and unloading trucks (ω = 0.41), and maneuvering roofing units for installation

(ω = 0.38). These results highlight how robotics capabilities most strongly affect routine

physical manipulation tasks, which are widespread across production, logistics, and con-

struction settings. Aggregating to the occupation level, we observe that most occupations

Table 5.13: Sample job tasks with largest increases in exposure under the robotics shock
scenario

ω Exposure Job Tasks

0.46 Fold products and product parts during processing; Remove products,ma-
chine attachments, or waste material frommachines.

0.43 Obtain merchandise from bins or shelves; Pack bottles into cartons or
crates, using machines.

0.41 Load and unload trucks, vans, or automobiles; Identify, pack, or transport
hazardous or radioactive materials.

0.40 Move machinery and equipment, using hoists, dollies, rollers, and trucks;
Perform general cleaning activities in kitchen and dining areas.

0.38 Maneuver completed roofing units into position for installation; Stock
shelves with products.

remain close to their baseline exposure, but those with robotics-aligned tasks experience

pronounced increases (Figure 5.14). Notable examples include Automotive Body and Re-

latedRepairers,Drywall andCeiling Tile Installers,Helpers–ProductionWorkers, andRoofers,

all of which register substantial jumps in exposure. These results underscore that the ef-

fects of robotics are highly uneven, concentrated in occupations that involve physical con-
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struction, maintenance, and repair, while service-oriented and knowledge-intensive roles

remain largely unaffected.

Figure 5.14: Occupation-level exposure before and after the robotics shock. Each point rep-
resents an occupation; the dashed line indicates no change. Highlighted in red are the oc-
cupations with the largest exposure increases.

Finally, we examine exposure aggregated by major occupational groups (Figure 5.15).

The results reveal clear sectoral patterns. Groups such as Production, Construction and Ex-

traction, and Installation,Maintenance, and Repair exhibit the largest increases, consistent

with their heavy reliance on manual manipulation and equipment handling. Transporta-

tion and Material Moving and Farming, Fishing, and Forestry also show notable rises, re-

flecting robotics’ potential to reshape logistics and agriculture. By contrast, groups such as

Legal,Management, andCommunity and Social Service remain essentially unchanged. This

divergence highlights how localized progress in robotics disproportionately amplifies ex-

posure in manual domains, while leaving cognitive, legal, and social-interaction-intensive

sectors largely unaffected.

Together, these two cases show how the framework can both interpret current exposure

patterns and explore hypothetical trajectories of AI progress.
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Figure 5.15: Exposure by major occupational group before and after the robotics shock.
Bars show original exposure (blue) and the additional increase due to enhanced robotics
capabilities (orange).

5.5 Summary

Our findings show that AI exposure is both broader andmore nuanced than often assumed.

Validation exercises confirm that the job task–AI alignment procedure is reliable: expert

annotators achieved near-perfect agreement, and GPT-4o replicated these labels with ac-

curacy close to human coders. At the occupational level, our index correlates moderately

with prior software- and ML-based exposure measures, but shows little alignment with

robotics- or automation-risk indices. Regression analysis further confirms that software

and ML intensities are the dominant drivers of our exposure construct, while traditional

robotics scores contribute little. Building on this validation, our results reveal systematic

patterns that connect meaningfully to prior research. At the AI task level, we confirm ear-

lier findings that progress is concentrated in language and vision domains (Felten et al.,

2019; Tolan et al., 2021), with dialog systems, gesture recognition, and natural language

generation emerging as especially high-impact. At the job-task level, we extend this liter-

ature by showing that exposure is uneven and multimodal: information-processing and

text-based activities (e.g., translation, transcription, grading) are highly exposed, while geo-

science fieldwork and subsurface assessment remain largely insulated. Importantly, expo-

sure does not scale linearly with task importance or breadth, underscoring nuances that
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earlier occupation-level and ability-based studies could not capture. At the occupational

level, we find moderate exposure on average, but with notable clusters—skilled trades and

educational teachers—appearing near the top of the distribution, whereas jobs rooted in

empathy, judgment, or dexterity (e.g., social workers, massage therapists) remain consis-

tently low. Strikingly, our framework also places arts, design, entertainment, andmedia oc-

cupations among the most exposed (see Fig. 5.9), despite prior claims that such creative or

socially intelligent work would remain largely unaffected by automation (Frey & Osborne,

2013). This suggests that the impact of AI is more widespread than previously thought: re-

cent evidence shows that LLMs are demonstrating creative capabilities well beyond routine

tasks, with outputs increasingly competitive in domains once assumed to require uniquely

human creativity (L. Sun et al., 2025). Moreover, the results also confirm Eloundou et al.

(2023)’s finding that LLMs can classify and evaluate tasks with human-comparable reliabil-

ity, reinforcing the credibility of automated semantic matching.

Methodologically, we propose the first framework that directly aligns fine-grained job

tasks with AI tasks, using an ontology-anchored semantic matching approach. By lever-

aging GPT-4o’s reasoning to map task actions and purposes to a structured AI task ontol-

ogy, our method provides interpretability and granularity that earlier indices lacked. Prior

approaches relied on intermediate layers such as patent data, broad cognitive ability cat-

egories, or expert rubrics (Brynjolfsson & Mitchell, 2017; Tolan et al., 2021; Webb, 2019),

whereas our pipeline establishes a direct and automated mapping. This offers a scalable

way to capture nuanced correspondences that would be impractical to enumerate manu-

ally. The second contribution is the dynamic alignment with evolving AI capabilities. We

weight job task–AI connections using technical progress and research popularity, which we

term the Gain–Popularity Score (GPS), ensuring that the index reflects contemporary ad-

vances such as generative AI and computer vision models. Unlike earlier indices, which

were static or backward-looking, our measure can adapt as benchmarks shift, allowing

us to surface newly affected occupations. Finally, extensive validation demonstrates that

the framework is both reliable and revealing. Expert annotators and GPT-4o reached near-

human agreement, the index correlates most strongly with software/ML-based measures,

and case study shows how the framework can explain current exposure patterns and simu-

late future AI progress to reveal shifts across tasks, occupations, and groups. In sum, our

contribution lies in combining state-of-the-art NLP with a structured ontology and dy-

namic progress signals, yielding an interpretable, granular, and adaptive measure of AI’s

evolving impact on work.

Despite its contributions, our framework has limitations. First, it inherits biases from
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the data sources.We rely onO*NET task statements, which,while comprehensive, are generic

and may miss within-occupation heterogeneity or new tasks that emerge in fast-changing

jobs. Prior work shows that treating occupations as monolithic can give a misleading pic-

ture of automation risk (Arntz et al., 2016); our task-level focus improves but does not elim-

inate this issue. Similarly, the Intelligence Task Ontology and benchmark datamay not fully

capture emerging or hard-to-quantify AI capabilities, such as common-sense reasoning or

tacit physical skills (Blagec et al., 2022). While the ITO provides one of the most compre-

hensive taxonomies of AI tasks, it is largely constructed frombenchmarks hosted on Papers

With Code. This reliance introduces gaps: some benchmarks are incomplete, sparsely pop-

ulated, or lack consistent updates, which can create missing values in the ontology. New or

fast-evolving AI capabilitiesmay fall outside its current scope, andwithout regular updates,

systematic blind spots could persist in our index.

In the future, we will refine and extend our framework in several ways. First, future re-

search should draw on more comprehensive and dynamic datasets that record AI perfor-

mance, popularity, and research investment. Such data would allow systematic gap analy-

ses between where AI progress is concentrated and where human labor is most prevalent.

Second, the simulation capacity of our framework can be deployed with real-world labor

data to examine the effects of accelerated progress in specific AI subfields, or to evaluate

how prioritizing research in areas would reshape exposure across occupations. Third, fu-

ture indices should incorporate economic and institutional factors such as adoption costs,

regulatory hurdles, and organizational readiness, as well as expert judgment on nuanced

task requirements like ethics or aesthetics, to move from technical feasibility toward re-

alistic impact. Taking these steps will ensure that AI exposure measures remain adaptive,

realistic, and aligned with human-centric outcomes.
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AI EXPOSURE AND TALENT POTENTIAL: A LEVEL-AWARE GNN

APPROACH

This chapter presents the fourth work, which focuses onmodeling talent potential through

career mobility prediction. We propose LADDER-GNN (Level-Aware Dynamic Develop-

ment & Entity Representation Graph Neural Network), a framework that integrates hier-

archical career features and dynamic trajectory modeling to predict three key aspects of

workforce mobility: next job position, next employer, and employment duration. From

these predictions, we derive a two-dimensional Career Projection Space that captures both

the Ability to Thrive (upward mobility) and Willingness to Stay (organizational commit-

ment), providing an interpretable lens for assessing talent potential. This work serves as

a foundation for future research that explores AI’s impact on workforce implications at

the individual level—an underexplored yet crucial area. In particular, we aim to investi-

gate how the AI Exposure Index interacts with measures of talent potential—for example,

whether high-potential individuals are less exposed to automation risk, or whether they

tend to cluster in highly exposed occupations where adaptability and continuous learning

are essential for career advancement. By extending this line of inquiry, we move toward a

unified perspective that links external technological pressures with internal workforce de-

velopment, offering richer insights into the implications of AI for labor markets and talent

management.
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6.1 Overview

This work serves as a foundational extension of the thesis’s overarching objective to under-

stand AI’s labour-market impacts at increasing levels of granularity. The preceding chapters

focus on measuring AI and automation risk at the task, occupation, and job level, primar-

ily addressing what types of work are exposed to technological change and through which

mechanisms (e.g., substitution, complementarity, or capability alignment). This chapter

shifts the analytical focus from jobs to individuals by modeling career mobility dynam-

ics, capturing how workers move across positions, organizations, and hierarchical levels

over time. Such a model is a necessary prerequisite for extending AI risk analysis to the in-

dividual level, as task- or occupation-level exposure alone cannot explain heterogeneous

outcomes among workers with different career trajectories. By establishing a robust, inter-

pretable framework for predicting individual career progression, this chapter provides the

structural backbone for future work that integrates AI exposure indices with longitudinal

career paths, enabling the assessment of AI-related risk, opportunity, and resilience at the

individual level. In this sense, the chapter complements the earlier exposure-measurement

studies by supplying the dynamic career model required to operationalize AI risk beyond

static job characteristics.

Talent potential assessment has long been central to workforce planning and organiza-

tional success, as it shapes recruitment, development, and retention strategies. Traditional

approaches—such as performance reviews, competency models, or assessment centers —

provide useful insights but remain inherently static, offering only point-in-time snapshots

of an individual’s abilities. These methods fail to capture the dynamic, longitudinal nature

of professional growth, which unfolds across different roles, organizations, and sectors. In

today’s increasingly fluid labor market, where careers span multiple institutions and in-

volve complex trajectories, such static evaluations are insufficient. This limitation high-

lights the need for trajectory-based approaches that can reflect both career progression

and adaptability, providing a more comprehensive measure of talent potential.

To address this challenge, we propose LADDER-GNN (Level-Aware Dynamic Develop-

ment & Entity Representation GNN), a novel framework that explicitly incorporates hier-

archical features across entities such as job positions, companies, universities, and aca-

demic majors. By modeling career trajectories as both sequences and graphs, LADDER-

GNN distinguishes between lateral moves and upward mobility, integrates ranking signals

(e.g., prestige or seniority), and accounts for real-world complexities including parallel ex-

periences and career gaps. This design enables a more nuanced understanding of career
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development patterns and long-term talent dynamics. The framework involves a two-stage

learning process: first, contrastive pretraining to derive unified career representations, and

second, joint fine-tuning on three downstream tasks—next job position, next employer, and

employment duration. These tasks serve as complementary proxies for talent potential,

capturing different dimensions of mobility and stability. Experimental results show that

LADDER-GNN consistently outperforms existing baselines, particularly in scenarios in-

volving significant hierarchical transitions, which are critical signals of professional growth.

Beyond predictive accuracy, we introduce the concept of a Career Projection Space, a

two-dimensional representation of talent potential along the axes of Ability to Thrive (up-

ward mobility) and Willingness to Stay (organizational commitment). This interpretable

framework allows organizations to segment theirworkforce into actionable categories—such

as high-potential leaders, loyal but underutilized employees, or turnover-prone talent—and

to design targeted interventions for planning, retention, and career development.

Finally, this work also lays the foundation for future research connecting talent poten-

tial with AI exposure. By combining the AI Exposure Index developed in earlier chapters

with individual-levelmeasures of potential, we can explorewhether high-potential individ-

uals are systematically less exposed to automation risk, or whether adaptability becomes a

key differentiator in highly exposed occupations. In this way, LADDER-GNN not only ad-

vances career modeling but also provides a bridge toward understanding how technologi-

cal change interacts with individual trajectories in the workforce.

6.2 Preliminary for LADDER-GNN

Career mobility prediction can be formulated as the problem of modeling and forecast-

ing an individual’s future career trajectory based on their historical employment and ed-

ucation records, including the possibility of parallel experiences such as working while

studying or holding multiple jobs simultaneously. Let Ri denote an individual, whose ob-

served career path is a temporal sequence of (possibly overlapping) sets of career events:

H i =
{
E 1
i ,E

2
i , . . . ,E

T
i

}
, where E t

i =
{(
cti , j ,p

t
i , j ,d

t
i , j ,)

t
c, j ,)

t
p, j

)}nt

j=1
. Here, E t

i represents the set

of parallel experiences active during time step t , where nt is the number of simultaneous

roles at that step; cti , j and pt
i , j denote the company/school and position/major for the j -th

experience; dt
i , j is the duration of that experience; and )t

c, j and )t
p, j are the corresponding

hierarchical level indicators. In addition to the sequence H i , we optionally include indi-

vidual profile features Ii such as demographics, skills, and other relevant attributes. The
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goal is to learn a predictive function:

M : (H i ,Ii )⇔ (cT+1
i ,pT+1

i ,dT+1
i ,)T+1

c ,)T+1
p )

which forecasts the individual’s next employer cT+1
i , position pT+1

i , expected durationdT+1
i ,

and the associated hierarchical levels )T+1
c ,)T+1

p , accounting for overlapping career experi-

ences.

6.3 Methodology

To capture careermobility through a realistic, hierarchy-sensitive lens,wepresent LADDER-

GNN, a level-ware model that learns rich representations of career trajectories for predic-

tion in dynamic labor markets. In LADDER-GNN, we selectively adopt the sequence and

graph modules from UniTRep (Zha, Sun, et al., 2024) as core representation learning com-

ponents, then we integrate hierarchical level features into both graph and sequence mod-

ules and introducemechanisms tomodel parallel experiences and career gaps. The learned

representations are fine-tuned on three tasks—predicting the next job position, predicting

the next employer, and estimating job duration—jointly optimized in amulti-task learning

framework to enhance generalization. Through these extensions, LADDER-GNN offers a

more expressive and comprehensive approach to modeling and predicting career mobility

in labor markets (See Figure 6.1 for LADDER-GNN architecture).

6.3.1 InputModule

The Input Module serves as the foundation of the LADDER-GNN framework by jointly en-

coding heterogeneous career information into a unified feature space. As illustrated on

the left side of Figure 6.1, individual career histories are first represented as hierarchical

graphs, where nodes correspond to fine-grained positions and parent-level entities, and

edges capture structural relations and transitions. Each node is associated with multiple

attributes, including temporal information (start date, duration), hierarchical indicators

(child- and parent-level features), and parallel contextual features. These raw attributes

are transformed through feature embedding layers to obtain dense representations that

preserve both semantic and temporal characteristics. In parallel, individual career trajec-

tories are modeled as ordered sequences, enabling the framework to capture longitudinal

dependencies through convolutional and recurrent layers. This dual input design—graph-

structured representations for structural context and sequence-based representations for
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Figure 6.1: Overview of the LADDER-GNN framework.

temporal dynamics—ensures that both relational and sequential signals are explicitly re-

tained before higher-level interaction and fusion, consistent with prior unified career rep-

resentation learning frameworks

6.3.2 SequenceModule

The Sequence Module models temporal career trajectories by capturing entity evolution

and contextual interactions. Given a set of individual trajectories S = s1, s2, . . . , sm , where

each si comprises a sequence of tuples in the form (v j , t sj , t
e
j ) representing an entity and

its associated time span, the module generates temporal representations through a multi-

stage process.

First, in the historical information encoding stage, raw sequences are transformed into

enriched embeddings by incorporating three critical dimensions: (1) temporal dynamics

are modeled via diachronic embeddings, where base entity embeddings evolve over time

using a parametric time-aware function; (2) hierarchical features are integrated to reflect an

entity’s level—child-level features encode the hierarchy of job positions or majors, while

parent-level features denote companies’ or schools’ ranking ; and (3) parallel experience

features are introduced to represent overlapping job positions or concurrent study-work
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patterns, capturing both temporal overlap and intensity. These components are concate-

nated and projected into the initial sequence representation Xseq through a non-linear

transformation. Next, to capture temporal dependencies and progression patterns, a re-

current neural network is applied to the sequence, producing intermediate hidden states

denoted by:

(6.1) Hlstm1 = LSTM1(Xseq)

To enrich these representations with external labormarket dynamics, a graph-to-sequence

attention mechanism—denoted as HTGTg2s—is used to inject global structural informa-

tion from the market graph G into the sequence. This mechanism employs multi-head at-

tention, where sequence entities (as queries) attend to relevant graph nodes (as keys and

values):

(6.2) ϱi j = softmax(
(WQhseq

i )(WKhgraph
j )T

√
dk

)WV hgraph
j

The attention weights ϱi j determine how much information from each graph node j in-

fluences sequence entity i , allowing sequence representations to incorporate market-wide

patterns. This results in context-aware embeddings Xg2s. Finally, a second LSTM layer re-

fines these enriched embeddings to produce the final trajectory-level representationsZseq =
LSTM2(Xg2s). These output vectors encode both the individual’s historical progression and

the influence of broadermarket context, and are subsequently passed to the graphmodule

through a historical embedding transfer mechanism.

After obtaining the sequence embeddings Zseq, the Sequence-to-Graph Transfer Layer

aggregates entity representations across all their occurrences in different trajectories through

an attention-based pooling operation, enabling information flow from individual trajecto-

ries to the structural graph representation:

(6.3) hv =
∑

i↗O (v)
ϱi vh

seq
i

where O (v) represents all occurrences of entity v across sequences, and ϱi v are attention

weights computed based on node types. The pooled embeddings update a global history

tensor: Hhistory[v]= hv , which maintains a persistent memory of temporally-informed en-

tity representations. Later, when the graph module initializes node features, it draws upon

these historical embeddings through an adaptive integration mechanism:

(6.4) xv =σ(ϕv ) ·ebasev + (1↓σ(ϕv )) ·Hhistory[v]
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where ϕv is a learnable parameter that controls the mixing ratio between static embed-

dings and sequence-derived historical information. This mechanism ensures that struc-

tural patterns learned in the graphmodule are enriched with temporal dynamics captured

in individual trajectories.

6.3.3 GraphModule

The Graph Module focuses on the hierarchical structure of the labor market by captur-

ing relationships among entities across different levels. It operates on a hierarchical hyper-

graphG = (Vc⇐Vp ,E), whereVc andVp represent child nodes (e.g., majors/jobs) and parent

nodes (e.g., schools/companies), respectively. The module begins with an adaptive feature

integration stage where node features blend static embeddings with sequence-derived his-

torical information:

(6.5) xv =σ(ϕv ) ·ebasev + (1↓σ(ϕv )) ·Hhistory[v]

This integration allows the model to control the influence of temporal dynamics on struc-

tural patterns using learnable parameters ϕv that can vary by node type.

Central to the graphmodule is its hierarchical level-awaremessage passingmechanism

implemented through Hierarchical Temporal Graph Transformer (HTGT) layers. During

message passing, both child-level and parent-level features are incorporated into node rep-

resentations. Child-level features are retrieved frompre-computedmappings,while parent-

level features are dynamically calculated on-the-fly duringmessage propagationusing times-

tampdependent lookups: lparent = ParentLevelEmb(get_parent_level(v, t )). This timestamp-

specific approach captures the evolution of organizational prestige and influence over time.

The HTGT layers employ multi-head attention to selectively aggregate information from

neighboring nodes: hl+1
i = ∑

j↗N (i )ϱi jWV [hl
j ,ei j , l

child
j , lparentj ]. The attention coefficients

ϱi j are computed as:

(6.6) ϱi j =
exp(ei j /

↖
d )

∑
k↗N (i ) exp(eik/

↖
d )

, where ei j = (WQhi )
↙(WK [h j ,ei j , lchildj , lparentj ])

This attention mechanism enables entities to focus on the most relevant connections

in their neighborhood, capturing nuanced relationships between different types of nodes.

After processing throughmultiple HTGT layers, themodule employs a hierarchical pooling

mechanism to derive parent node representations from their associated child nodes. This

can use either attention-based pooling: hp = ∑
c↗C (p)γcpWt ype(c)hc , where γcp are atten-

tion weights computed with type-specific projections, or average pooling that normalizes
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the contributions from all child nodes. The attention-based approach allows more influ-

ential child entities (e.g., prestigious majors or senior positions) to contribute more signif-

icantly to their parent representations.

The graph module ultimately produces two sets of embeddings: Zchild for majors and

jobs, and Zparent for schools and companies. These embeddings capture both the structural

position of entities in the hierarchical graph and their temporal evolution informed by se-

quence dynamics.

6.3.4 Training Strategy and Jointly Learning

Our LADDER-GNN model employs a two-phase learning approach beginning with un-

supervised pretraining. We use multi-objective contrastive learning that combines three

complementary objectives: (1) Sequence-Node alignment that maximizes similarity be-

tween sequence embeddings and their target node representations, (2) Child Graph Link

Prediction that preserves structural relationships between major/job entities, and (3) Par-

ent Graph Link Prediction that captures connections between school/company entities.

These objectives are combined into a weighted loss functionL =ϑseqLseq+ϑchildLchild+
ϑparentLparent.

After pretraining, we employ a jointly learning strategy for fine-tuning across all down-

stream tasks simultaneously. We attach task-specific heads to the sequence embeddings:

(6.7) P (vn+1|s)= softmax(WposZseq(s)+bpos)

for next position prediction,

(6.8) P (pn+1|s)= softmax(WcompZseq(s)+bcomp)

for next company prediction, and

(6.9) dn+1 =WdurZseq(s)+bdur

for duration prediction. We optimize all tasks jointly using a weightedmulti-task objective:

(6.10) Lfinetune =ϱ1Lpos+ϱ2Lcomp+ϱ3Ldur

where theweights are tuned to balance task contributions. This approach enables knowl-

edge sharing across tasks while freezing the graph module to preserve structural informa-

tion, leading tomore robust representations and improved performance compared to task-

specific fine-tuning.
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6.3.5 Output Module

TheOutputModule produces two complementary embeddings that jointly characterize in-

dividual career trajectories and their structural context. As shown on the right side of Figure

6.1, the graph module employs hierarchical graph attention and child-to-parent pooling

to generate graph embeddings for both fine-grained (child) and coarse-grained (parent)

nodes, capturing cross-level structural dependencies within the career graph. In parallel,

the sequence module outputs updated sequence embeddings that encode temporal ca-

reer progression after interaction with graph-level representations through the sequence-

to-graph transfer layer. These two embeddings—sequence embeddings reflecting individ-

ual temporal evolution and graph embeddings reflecting relational and hierarchical struc-

ture—are jointly optimized via shared layers and multi-head prediction tasks. This design

allows the model to maintain a clear separation between temporal and structural signals

while enabling controlled information exchange, supporting robust downstream predic-

tions such as next position, next employer, and tenure duration. By jointly learning se-

quence and graph embeddings, the framework achieves a coherent representation of ca-

reer mobility that integrates individual trajectories with broader labor-market structure,

aligning with established cross-scale representation learning paradigms.

6.4 Experiments

In this study, we leverage a large-scale open professional network (OPN) dataset containing

detailed educational andwork histories of over 259,000 individuals. The dataset spans from

1960 to 2022 and captures dynamic career trajectories enriched with fine-grained entity-

level information. In total, it comprises approximately 1.36millionwork experience records

across 9,582 unique companies and 244,441 unique job positions. Additionally, the dataset

includes 379,332 education experience entries linked to 47,026 distinct schools and 131,180

unique academic subjects. This rich structural diversity enables comprehensive modeling

of career paths across both professional and educational domains.

Each entity in the dataset is annotated with hierarchical level features to enable struc-

tured modeling of career progression across jobs, companies, academic majors, and ed-

ucational institutions. For the job position hierarchy, we adopted the IPOD classification

system (J. Liu et al., 2020), organizing titles into five levels based on title semantics: Level-

1 Entry (e.g., intern, junior roles), Level-2 Middle (e.g., “Mid-” roles), Level-3 Senior (e.g.,

“Senior” or “Sr.” roles), Level-4Management (e.g., directors, supervisors), and Level-5 Exec-

utive (e.g., CEO, CFO). The company hierarchy is derived from external engagement scores
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based on Google Trends, under the assumption that companies with higher public visibil-

ity possess greater influence (Hao & Li, 2021; Mariconda & Lurati, 2014; A. Yang & Kent,

2014). Companies are stratified into six levels: Level-0 Non-company (e.g., army, govern-

ment), Level-1No score, Level-2 Bottom25%, Level-3 25th–50th percentile, Level-4 50th–75th

percentile, and Level-5 Top 25%. To assess the validity of this visibility-based hierarchy, we

further verify its correlation with company size metrics (e.g., number of employees), which

serve as an independent proxy for organizational scale and influence.

For the school hierarchy follows the QS World University Rankings (Symonds, 2024),

classifying institutions as Level-0 Primary/Secondary, Level-1 Non-ranked (e.g., community

colleges), Level-2 Beyond 500, Level-3 150–500, Level-4 50–150, and Level-5 Top 50. Lastly,

for the major hierarchy, we employed the ISCED 1997 framework (Hoffmeyer-Zlotnik &

Wolf, 2003) to group academic programs into five tiers: Level-1 Primary/Secondary/Certificates,

Level-2 Associate/Diploma, Level-3 Bachelor/Post-Bachelor, Level-4 Postgraduate (Master’s,

MPhil), and Level-5 Doctorate (PhD, Medical PhD).

The evaluation results presented in Table 6.1 compare the performance of several base-

line models—including classical machine learning methods (Random Forest and Logis-

tic Regression) (Breiman, 2001; Hosmer et al., 2013), sequential neural networks (LSTM,

Transformer, BERT, and NEMO) (transformer; bert; Hochreiter & Schmidhuber, 1997; L.

Li et al., 2017), and GNN-based models (HCPNN, UnGAE, AHEAD, UniTRep) (Meng et

al., 2019; Zha, Qin, et al., 2024; Zha, Sun, et al., 2024; L. Zhang et al., 2021)—against our

proposed LADDER-GNN model. The models were assessed on three critical career mobil-

ity prediction tasks: predicting the next job position, identifying the next employer, and

forecasting employment duration. Metrics used for evaluation include accuracy at various

ranks (ACC@1, ACC@3, ACC@5, ACC@10), mean reciprocal rank (MRR) for classification

tasks (position and employer predictions), and mean absolute error (MAE) and root mean

square error (RMSE) for duration prediction (L. Li et al., 2017; Meng et al., 2019; L. Zhang

et al., 2021). LADDER-GNN consistently outperformed baseline models across all evalu-

ated tasks, demonstrating significant improvements in predictive accuracy and robust-

ness. Its superior performance is mainly due to its integration of macro-level market dy-

namics alongside micro-level individual career features, hierarchical job/major and com-

pany/school attributes, and parallel career experiences. The pretraining and fine-tuning

approach further enhances predictive accuracy by initially learning generalizable patterns

from extensive career data, which are then adapted for specific mobility tasks. We also

demonstrated the effects of different training strategies and showed the results in the Ap-

pendix.
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Table 6.1: Evaluation Results of Career Mobility Prediction with Average Improvements

Method ACC@1 ACC@3 ACC@5 ACC@10 MRR Avg. Improv. ACC@1 ACC@3 ACC@5 ACC@10 MRR Avg. Improv. MAE RMSE Avg. Improv.
Next Job Position Next Employer Duration

RF 0.0718 0.1555 0.2104 0.3248 0.1497 142.85% 0.1080 0.1658 0.2543 0.3128 0.1500 167.50% 3.9272 4.9868 54.38%
LR 0.0980 0.1875 0.2555 0.4012 0.1998 90.70% 0.1225 0.2412 0.3001 0.3842 0.2002 111.57% 3.2957 4.1771 45.58%
LSTM 0.1385 0.2502 0.3314 0.5212 0.2301 46.65% 0.1771 0.2887 0.3989 0.4621 0.2701 61.82% 2.5278 3.2932 30.09%
BERT 0.1245 0.2552 0.3204 0.5115 0.2244 51.85% 0.1678 0.3192 0.4055 0.4902 0.2993 54.99% 2.4114 3.2794 28.36%
Transformer 0.1419 0.2712 0.3435 0.5103 0.2500 40.53% 0.1999 0.3201 0.4101 0.5004 0.2912 48.93% 2.4036 3.3684 29.23%
NEMO 0.1568 0.2866 0.3723 0.5100 0.2683 31.96% 0.1978 0.3002 0.4132 0.4998 0.3259 47.78% 2.3967 3.2765 28.11%
HCPNN 0.1643 0.2951 0.3689 0.5008 0.2745 29.99% 0.2102 0.3545 0.4893 0.5687 0.3877 29.03% 2.4087 3.2832 28.36%
UnGAE 0.1730 0.2984 0.3725 0.5064 0.2821 27.14% 0.3008 0.4391 0.5303 0.6301 0.4001 9.54% 2.0261 3.2520 21.53%
AHEAD 0.2040 0.3790 0.4705 0.5899 0.3241 5.57% 0.3084 0.4790 0.5593 0.6467 0.4223 4.26% 1.9874 2.9001 16.16%
UniTRep 0.2109 0.3859 0.4894 0.6216 0.3450 1.32% 0.2996 0.4694 0.5419 0.6299 0.4152 6.87% 1.8221 2.8999 12.39%
LADDER-GNN 0.2201 0.3904 0.4847 0.6249 0.3501 - 0.3104 0.4984 0.5735 0.6810 0.4599 - 1.6504 2.4545 -

Overall, LADDER-GNN consistently achieves the best or near-best performance across

all evaluationmetrics, indicating that incorporating hierarchical information and joint graph–

sequence learning yields systematic improvements. For next jobpositionprediction, LADDER-

GNNattains the highest ACC@1 (0.2201) andMRR (0.3501), outperforming strong baselines

such as UniTRep and AHEAD, particularly on top-rank accuracy, which is most relevant

for practical recommendation and decision-making scenarios. Similar gains are observed

for next employer prediction, where LADDER-GNN improves ACC@1 to 0.3104 and MRR

to 0.4599, reflecting enhanced capability in capturing market-level transition patterns. For

duration prediction, LADDER-GNN achieves the lowest MAE (1.6504) and RMSE (2.4545),

indicatingmore accurate estimation of job tenure compared to both sequential and graph-

based baselines. Notably, the performance gains over recent deep learning models are in-

cremental rather than dramatic, suggesting that the improvements stem from more infor-

mative representations rather than increased model complexity. Taken together, these re-

sults demonstrate that explicitly modeling hierarchical structure, temporal dynamics, and

their interactions leads tomore robust and generalizable careermobility predictions across

multiple outcome dimensions.

To complement predictive modeling, we propose a Career Projection Space that po-

sitions individuals within a two-dimensional latent space, termed the Career Projection

Space, facilitating interpretable analyses of career dynamics and talent segmentation. This

space consists of two meaningful axes: Ability to Thrive and Willingness to Stay. The Abil-

ity to Thrive axis Ai captures an individual’s upward mobility potential, integrating the

hierarchical levels of predicted next job and employer. Formally, let l̂ j obi and l̂ comp
i rep-

resent predicted level scores for the next job and company, respectively, with ϑ ↗ [0,1]

weighting job versus company level contributions. The composite thrive score is defined

as Ai = ϑ · l̂ j obi + (1↓ϑ) · l̂ comp
i . TheWillingness to Stay axis Si assesses the predicted dura-

tion an individual will remain in their current position, quantified simply as Si = d̂i . Each

individual i is projected onto this two-dimensional plane at the point (Ai ,Si ), facilitating

categorization into four strategic quadrants: High Thrive, High Stay (high-performing, loyal
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individuals suited for leadership and strategic retention), Low Thrive, High Stay (stable

yet underutilized employees suitable for upskilling or lateral mobility), High Thrive, Low

Stay (ambitious talents requiring engagement through promotions or challenges to pre-

vent turnover), and Low Thrive, Low Stay (at-risk individuals potentially experiencing role

misfit or disengagement).

As shown in Figure 6.2, the highest concentration of employees appears in Q4 (Low

Thrive, Low Stay), indicating many valuable employees may be at risk of leaving despite

having good position and compensation levels. A notable group in Q2 (Low Thrive, High

Stay), representing a loyal but potentially under-leveraged workforce segment. Relatively

few employees fall into Q1 (High Thrive, High Stay), which represents the ideal combina-

tion of high performance and retention. This structured representation empowers granular

individual analyses alongside macro-level workforce insights, enabling HR practitioners to

transform predictive data into strategic decisions for talent management and retention.

Figure 6.2: The visualization of the 2D Career Projection Space. We set Ability to Thrive
(0.25→position_level+0.75→comp_level) andWillingness to Stay (duration) axes using cus-
tom thresholds (3.0), displaying 0.5% of data points with minimal jitter for clarity.

6.5 Summary

In this chapter, we have presented LADDER-GNN, a novel level-aware graph–sequence

framework that integrates hierarchical information across companies, positions, univer-

sities, and majors into career mobility modeling. By combining contrastive pretraining on

large-scale trajectory data with joint fine-tuning on three downstream tasks—next job posi-

tion, next employer, and employment duration—our model consistently outperforms both
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traditional classifiers and state-of-the-art sequential and graph-based baselines. Beyond

predictive accuracy, the introduction of the two-dimensional Career Projection Space, de-

fined by Ability to Thrive and Willingness to Stay, transforms opaque predictions into in-

terpretable, actionable insights for talent management, enabling workforce segmentation

that supports targeted retention and development strategies.

Fromamethodological perspective, LADDER-GNNcontributes to the technical frontier

of trajectory representation learning by incorporating hierarchical signals into both graph

and sequence modules. Looking ahead, we plan to enhance interpretability by employing

post-hoc attribution techniques. Specifically, SHAP will be applied to the sequence mod-

ule to quantify how individual experiences (e.g., jobs, employers, or degrees) shape pre-

dictions, while GNN-SHAP will be used on the graph module to attribute embeddings and

message-passing pathways to influential nodes, edges, or substructures. This line of work

moves us toward a fully explainable system for fair, transparent, and accountable career

decision-making.

More importantly, this chapter also lays the groundwork for integrating talent potential

modelingwith the AI Exposure Index developed in earlier chapters. A key future direction is

to examine how external technological pressures (AI exposure) interact with internal work-

force dynamics (talent potential). Several research questions arise:

• Are high-potential individuals systematically less exposed to automation risk, or do

they cluster in highly exposed occupations where adaptability and continuous learn-

ing become essential?

• Does high Ability to Thrive (mobility potential) act as a buffer against displacement,

allowing workers to pivot into less exposed roles?

• How doesWillingness to Stay (tenure potential) interact with exposure—are individ-

uals who remain in high-exposure occupations at greater long-term risk?

To address these questions, future work will combine the AI Exposure Index with the

Career Projection Space, enabling joint analysis of exposure scores and talent dimensions.

Methodologically, this will involve linking job task–level exposure measures to individual

career trajectories, followed by regression and survival analysis to test associations between

exposure and talent potential outcomes, as well as counterfactual simulations to explore

how shifts in AI capability domains may alter career pathways. Through this integration,

we aim to provide a unified perspective on how AI-driven technological change shapes not

only the content of work but also the trajectories and potential of individual workers.
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CONCLUSION

This final chapter synthesizes the key insights, contributions, and broader implications of

the research presented in this thesis. Building on a trilogy of studies that span network-

aware occupational modeling, task-level semantic analysis, and capability-aligned AI ex-

posure indexing, the chapter draws together a high-level reflection on how artificial intelli-

gence is transforming the structure of work. It begins by summarizing the overarching con-

tributions of the research, then discusses the societal and policy relevance of the findings in

the context of workforce adaptation, inequality, and technological governance. The chap-

ter also critically evaluates the limitations of the current approach, particularly in terms of

data scope, modeling assumptions, and generalizability. Finally, it outlines promising di-

rections for future research to advance the understanding of AI’s impact on labor markets.

This chapter thus closes the thesis by highlighting both the significance of the work com-

pleted and the opportunities that lie ahead.
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7.1 Overview

Taken together, the four studies in this thesis form a coherent, multi-layered framework

for understanding AI-driven transformation in the job market, progressing systematically

from tasks to occupations and ultimately to individual careers. The first two chapters estab-

lish task- and occupation-level foundations by modeling explicit automation risks—such

as substitution and complementarity—using supervised learning approaches grounded in

expert knowledge and task semantics. These studies answerwhat types of work are exposed

to automation and throughwhichmechanisms. The third chapter generalizes this perspec-

tive by moving beyond predefined risk categories to an agnostic, capability-driven expo-

sure framework that directly aligns evolving AI capabilities with job tasks andweights them

by observable technological progress, capturing a broader spectrum of AI impacts includ-

ing latent and future risks. Building on these exposure measures, the final chapter shifts

the analytical focus from jobs to individuals, introducing a career mobility model that cap-

tures how workers move across positions, organizations, and hierarchical levels over time.

This careermodeling framework provides the structural foundation required to integrate AI

exposure indices into longitudinal career trajectories, enabling future research on hetero-

geneous AI impacts at the individual level. Collectively, the thesis advances AI-driven job

market research by unifying task-based risk assessment, capability-aware exposure mea-

surement, and dynamic career modeling into a single, integrated analytical pipeline, offer-

ing both methodological innovation and a scalable foundation for policy, organizational,

and workforce analysis. This thesis has presented a granular, multi-layered framework for

AI risk modeling that bridges the gap between individual work tasks and broader occupa-

tional categories. Instead of treating occupations as monolithic entities, the research links

whole occupations to their constituent tasks and further to the advancing AI capabilities

that can perform those tasks. By fusing these layers, the study provides a unified perspec-

tive on how artificial intelligence may impact the labor market at different levels of gran-

ularity. Crucially, AI exposure is framed as a dynamic, moving frontier rather than a static

snapshot, aligning risk measurement with the accelerating pace of technological progress.

In doing so, this work extends the classic task-based approach by embedding each task in

rich semantic representations and tying them to concrete AI benchmarks, thereby enrich-

ing the lens through which we assess technological vulnerability in jobs.

Methodologically, the thesis contributed a novel combination of techniques to assess

automation risk. It leveraged network-based modeling to capture how risk can propagate

through shared skills betweenoccupations and applied state-of-the-art languagemodels to
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understand the textual content of tasks at scale. Additionally, a capability-alignedmatching

approach was introduced to connect tens of thousands of human tasks with an ontology

of AI tasks, tracing which specific technological capabilities map to which job activities.

These complementary methods were synthesized into a comprehensive AI Exposure Index

that weights each task by both its importance in the occupation and the recent perfor-

mance trends of relevant AI benchmarks. The result is a forward-looking and fine-grained

gauge of AI risk that captures not onlywhich jobsmight be affected, but how andwhy at the

task level. At the individual level, the thesis further introduces a career mobility modeling

framework that captures how workers transition across positions, organizations, and hier-

archical levels over time. This model provides the structural foundation required to move

beyond static job characteristics and enables future integration of AI exposure measures

with longitudinal career trajectories.

Empirically, the findings revealed a significant subset of occupations that sit on the

high-risk frontier of automation. At the same time, the task-level analysis exposed pro-

found within-occupation heterogeneity, showing that even jobs traditionally considered

“safe” from automation contain tasks highly automatable. Notably, the findings highlight

the unexpected vulnerability of education-related occupations, challenging the prevailing

assumption that knowledge-centric professions are insulated from automation. This richer

understanding of job transformation dynamics provides a more actionable basis for adap-

tation and policy design. Beyond occupational findings, the career mobility analysis shows

how hierarchical advancement, organizational context, and mobility patterns shape indi-

vidual exposure and resilience to technological change. Together, these findings provide

a richer, more actionable understanding of how AI reshapes work—not only in terms of

which jobs are affected, but how impacts unfold across tasks, occupations, and individ-

ual careers—offering a robust empirical basis for workforce strategy, education policy, and

long-term labor-market planning.

7.2 Societal and Policy Implications

The results carry important implications for workforce adaptation and policymaking. A

central insight is that AIwill not simply destroy jobs, butwill reconfigure the content of work,

redistributing tasks between humans and machines. This reinforces the need for continu-

ous workforce adaptation, where individuals proactively cultivate skills that complement

AI, such as creativity, critical thinking, and interpersonal capabilities.

From a policy perspective, the granular risk indices developed in this thesis enable tar-
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geted interventions. Policymakers can use these insights to guide funding toward retrain-

ing programs in occupations with high automation risk, redesign curricula in education

systems to prepare learners for AI-era demands, and incentivize firms to deploy AI in a

human-augmenting rather than human-replacing manner. The identification of teachers

as highly exposed, for example, suggests a need to integrate AI into educational workflows

as a tool for augmenting instruction, not replacing educators.

Moreover, the research underscores the importance of addressing inequality. Automa-

tion risk is no longer concentrated solely in routine or low-wage jobs; rather, it increasingly

affects medium- and high-skill roles. Without proactive measures, AI adoption could exac-

erbate wage and employment disparities, favoring those with the resources and flexibility

to adapt. A just transition requires inclusive upskilling pathways, social safety nets for dis-

placed workers, and career mobility programs to ensure that technological progress does

not leave large segments of society behind.

In short, the granular task-level insights produced in this thesis can equip institutions

with the diagnostic tools to anticipate disruption anddesign inclusive, responsive, and forward-

looking policies that harness AI’s potential while mitigating its dislocating effects.

7.3 Limitations

First, the analysis depends heavily on structured occupational datasets such as O*NET,

which, although comprehensive, may not fully capture informal jobs, emerging roles, or

cross-cultural differences. As a result, the findings may be less generalizable to developing

economies or rapidly evolving industries.

Second, the risk assessments are based on the technical potential for automation, as-

suming that if AI can perform a task, it eventually will. In reality, adoption decisions are

shaped by cost, regulation, social norms, and organizational strategy. As such, the expo-

sure scores should be interpreted as indicative, not deterministic.

Third, while the study captures detailed information at a task level, it does not model

dynamic changes over time or the emergence of entirely new tasks and occupations re-

sulting from AI. Nor does it fully account for the contextual and institutional variables that

mediate AI’s real-world impact on labor.

Finally, although the models use advanced language representations and large-scale

benchmarking, they rely in part on expert annotation and prompt-based AI judgments.

These carry inherent subjectivity and are sensitive to biases in training data and prompt

design.
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7.4 Future Research Directions

Building on the contributions and addressing the limitations above, several directions are

recommended for future exploration:

• Real-time risk tracking.Futuremodels could incorporate live updates fromAI bench-

marks, research publications, patent activity, and job postings to build dynamic ex-

posure indices that evolve alongside technological progress. Instead of static assess-

ments, such systems would enable near real-time monitoring of shifting risks at the

task, occupation, and industry level. This would provide policymakers and organi-

zations with early-warning signals about which areas of the workforce are becoming

newly vulnerable and where reskilling efforts should be prioritized.

• Global comparisons.Extending the proposedmethods to international contexts could

uncover how AI’s labor market impact differs across institutional, cultural, and eco-

nomic settings. For example, task structures in European economies, Asian manu-

facturing hubs, or emerging markets may display unique vulnerabilities or comple-

mentarities. Comparative analysis would allow us to test whether certain education

systems, labor regulations, or industrial policies mitigate or amplify AI exposure, of-

fering a more globally representative understanding of workforce transformation.

• LinkingAI exposurewith individual-level talent potential.A critical future direction

is to integrate theAI Exposure Index developed in earlier chapterswith the individual-

level talent potential framework introduced in the forth work. This integration would

make it possible to examine how external technological pressures interact with in-

ternal career dynamics. Future studies could link task-level exposuremeasures to ca-

reer trajectoriesmodeled by LADDER-GNN, apply regression and survival analysis to

quantify relationships, and run counterfactual simulations to explore how acceler-

ated AI progress in specific domains might reshape individual career pathways.

Such extensionswould enrich our understanding of AI’s labor implications and strengthen

the practical utility of AI exposure models for both research and policy.
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