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Abstract

We introduce the AI Occupational Capability Index (Al-
OCI), a novel methodology for quantifying the alignment
between Al model capabilities and the tasks that define hu-
man occupations. Unlike prior automation risk metrics, which
rely on expert heuristics or job-level generalizations, Al-
OCI operates at the task level by embedding and comparing
over 19,000 occupational tasks with 338 Al capabilities us-
ing state-of-the-art language models. The resulting scores re-
veal how well Al systems can perform specific human func-
tions, enabling interpretable, task-aligned assessments of la-
bor exposure. Empirical evaluations show strong correlations
with benchmark indices such as AIOE and GPT-4 Beta ex-
posure scores, while diverging from legacy automation risk
measures. We demonstrate AI-OCI’s utility through case-
based analyses of employment and wage shifts across high-
alignment occupations during the era of large language model
adoption. The framework supports scalable, real-time track-
ing of AI's workforce impact and provides a foundation for
integrating labor intelligence into education, policy, and eco-
nomic planning.

Code — https://github.com/fawuahgyasi/AI-OCI

1 Introduction

Artificial intelligence (Al) is fundamentally reshaping the la-
bor market, yet current methods fail to precisely and dynam-
ically measure its impact. Policymakers, researchers, and
businesses require clear insights into which occupations face
the greatest exposure—not only to assess automation risks
but to strategically guide workforce development, reskilling
initiatives, and policy interventions. To address this need,
researchers have introduced various Al exposure indices.
Early efforts, such as Frey and Osborne’s automation risk
model (Frey and Osborne 2017), estimate the likelihood of
automation at the occupation level. More recent indices, in-
cluding the AI Occupational Exposure (AIOE) (Felten, Raj,
and Seamans 2019) and GPT-generated Al Exposure (GE-
NOE) (Benitez-Rueda and Parrado 2024), use expert sur-
veys or heuristic scoring methods. However, these Al expo-
sure assessments rely predominantly on human analysis or

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

238

on static, occupation-level classifications, inadequately cap-
turing the nuanced ways in which Al increasingly augments,
rather than replaces, human labor.

Despite valuable contributions, these methodologies suf-
fer critical limitations. Occupation-level assessments over-
look significant task-specific variations within jobs, result-
ing in generalized and potentially misleading conclusions.
Expert-driven surveys introduce subjectivity and scalability
challenges, hindering timely updates as Al rapidly evolves.
Approaches based on heuristic methods or job postings pro-
vide indirect approximations of Al capability rather than di-
rect, measurable alignment with job tasks. Consequently, ex-
isting indices quickly lose relevance and cannot dynamically
track how occupations integrate evolving Al technologies.

In this paper we propose the Al Occupational Capability
Index (AI-OCI), a dynamic, task-level framework that quan-
tifies AI’s real-time alignment with occupational tasks. Al-
OCI leverages NLP-based text embeddings and clustering
techniques to directly measure semantic similarities between
specific Al capabilities and individual job tasks. Our method
continuously adapts as Al technologies advance, providing
stakeholders with a precise, scalable, and dynamic assess-
ment of AI’s impact on the workforce.

AI-OCI is model-agnostic, allowing flexibility in select-
ing, refining, or updating NLP embedding models as tech-
nology evolves. Unlike high-level heuristics or subjective
surveys, AI-OCI emphasizes explainability, enabling stake-
holders to objectively pinpoint the exact reasoning behind
each score. This transparency ensures accuracy and en-
hanced objectivity, making our approach suitable for real-
time tracking of rapid Al advancements.

Contributions. This study makes four primary contribu-
tions:

* We introduce AI-OCI, a dynamic, task-level Al expo-
sure framework leveraging NLP embeddings to quantify
ATl’s alignment with occupational tasks without relying
on subjective expert judgments.

* We propose a precise metric able to quantify AI’s capa-
bility at both the individual task and aggregate occupa-
tion levels, enabling detailed and actionable workforce
impact assessments.

* We evaluate AI-OCI against established benchmarks, in-
cluding AIOE (Felten, Raj, and Seamans 2019), GENOE



(Benitez-Rueda and Parrado 2024), Frey’s Automation
Risk (Frey and Osborne 2017), OpenAl GPT-4 Expo-
sure (Eloundou et al. 2023), and Webb’s Al Score (Webb
2019), demonstrating comparable accuracy and superior
dynamic adaptability.

* We analyze correlations between AI-OCI and economic
indicators such as wages, employment trends, and work-
force transitions, providing actionable guidance for poli-
cymakers and business leaders managing Al-driven labor
market shifts.

The remainder of the paper is organized as follows. In
Section 3, we introduce the AI-OCI framework, detailing
our methodology for generating embeddings, clustering Al
capabilities, computing similarity scores, and aggregating
results at the occupational level. Section 4 presents our em-
pirical findings, including benchmark validations, economic
correlation analyses, occupational rankings, and case-based
trajectory assessments. Section 5 discusses current limita-
tions of the framework and outlines directions for future re-
search. Finally, Section 6 concludes with a summary of con-
tributions and potential applications of AI-OCI in labor mar-
ket forecasting and education-to-workforce alignment.

2 Related Work

The rapid integration of Al into the workforce has driven
substantial research on automation and labor displacement.
However, existing methods often rely on static occupation-
level predictions, heuristic scoring, or expert assessments,
limiting their adaptability to evolving Al capabilities. Al-
OCT significantly advances these approaches by introducing
a dynamic, task-level framework that leverages text embed-
dings to quantify Al-job alignment with greater precision.
Occupation-Level Automation Risk Assessments. Frey
and Osborne (Frey and Osborne 2017) pioneered one of the
first large-scale studies on occupational automation risk. Us-
ing a Gaussian Process Classifier, they estimated the prob-
ability of automation across 702 occupations, categorizing
jobs as “susceptible” or “not susceptible” to automation.
While their study laid the groundwork for Al-driven labor
analysis, it relied on binary classification and did not account
for task-specific Al augmentation, limiting its relevance in
an era where Al increasingly assists rather than fully re-
places human labor. Webb (2019) (Webb 2019) introduced a
novel approach to assessing AI’s occupational impact by ex-
amining textual similarities between job descriptions and Al
patents. By linking patent filings with occupational text data,
Webb’s work offers a unique patent-task matching method-
ology. While this approach captures Al-driven technological
advancements, it does not directly quantify AI’s ability to
perform occupational tasks. AI-OCI complements Webb’s
framework by shifting from patent-based task exposure to
embedding-based Al-task alignment, providing a direct Al
capability-task assessment. Cazzaniga et al. (2024) (Caz-
zaniga et al. 2024) extended this research by examining the
macroeconomic implications of generative Al on workforce
transitions, highlighting the shift in labor demand due to
task automation and augmentation. However, their study re-
mains focused on broad labor trends rather than fine-grained

239

occupational shifts. AI-OCI addresses this gap by provid-
ing a structured, task-level framework for evaluating Al-task
alignment, enabling a more granular analysis of AI’s role in
augmenting, rather than replacing, human workers. Recent
findings from the Al Index Report 2024 (Stanford University
2024) reinforce the importance of task-level assessments,
showing that automation risk varies significantly across in-
dustries. Specifically, high-skill occupations are experienc-
ing Al augmentation rather than outright job displacement,
whereas lower-skill manual labor roles remain more resis-
tant to automation due to their reliance on dexterity and con-
textual human judgment. These insights validate AI-OCI’s
approach, which models AI’s gradual integration into the
workforce as a continuum rather than a binary shift. Unlike
previous work that categorizes jobs as “at-risk” or “safe,”
AI-OCI enables continuous tracking of Al impact at the task
level, making it more adaptive to evolving Al capabilities.
Expert Survey-Based AI Impact Assessments. Felten
et al. (Felten, Raj, and Seamans 2019, 2021, 2018) intro-
duced the Al Occupational Exposure (AIOE) metric, which
estimates Al’s impact on jobs through expert surveys. While
useful, this methodology relies on subjective human assess-
ments and does not dynamically adjust as Al capabilities
evolve. Additionally, AIOE does not directly compute Al-
task similarity but rather infers exposure based on broad
occupational categories. Benitez-Rueda and Parrado (2024)
(Benitez-Rueda and Parrado 2024) introduced the GENOE
index, leveraging synthetic Al surveys with GPT models
to estimate Al exposure across occupations. While this ap-
proach enables large-scale estimation, it remains dependent
on LLM-generated judgments, which may introduce bias
and lack interpretability. AI-OCI overcomes these limita-
tions by using direct embedding-based similarity computa-
tions without requiring subjective survey responses.
Machine Learning Suitability and Job Automation.
Brynjolfsson et al. (Brynjolfsson and Mitchell 2017) in-
troduced the ”Suitable for Machine Learning” (SML) in-
dex, an early attempt to assess job automation potential
by examining task characteristics that could be performed
by traditional ML models. While influential, this approach
predates modern LLMs, making it less applicable to text-
based Al capabilities such as ChatGPT and GPT-4. Unlike
SML, AI-OCI directly quantifies Al-task alignment using
embedding-based similarity, allowing for a more precise as-
sessment of LLM-driven workforce transformation. Gold-
farb et al. (Goldfarb, Taska, and Teodoridis 2022) extended
this research by analyzing Al-related job postings, identi-
fying shifts in Al skill demand. While this provides useful
economic insights, it lacks direct Al-task matching, mak-
ing it less precise than AI-OCI’s dynamic embedding-based
approach. The AI Index Report 2024 (Stanford University
2024) provides empirical evidence that Al adoption is driv-
ing employment shifts in high-skill occupations while re-
ducing demand for repetitive, non-cognitive jobs. This sup-
ports AI-OCI’s emphasis on task granularity, as LLMs and
multimodal Al are increasingly integrated into professional
workflows rather than simply automating predefined occu-
pational categories. Wang et al. (2024) (Wang et al. 2024)
advanced embedding optimization techniques for task-based



Authors Year | Methodology Key Findings Evaluation Metric

Frey and Osborne | 2017 | Gaussian Process Clas- | Estimated automation risk | Binary Classification

(Frey and Osborne sifier across occupations

2017)

Brynjolfsson et al. | 2017 | ”Suitable for Machine | ML’s potential to transform | Task-Level Heuristic Scor-

(Brynjolfsson and Learning” (SML) index | workplace tasks ing

Mitchell 2017)

Webb (Webb 2019) 2019 | Patent-Task Matching Uses Al patent data to esti- | Patent-Based Exposure
mate job task exposure

Felten et al. (Felten, | 2019 | AI Occupational Expo- | Differential Al impact | Expert Assessment

Raj, and Seamans sure (AIOE) across tasks

2019)

Tolan et al. (Tolan | 2020 | Task-Cognitive-Al Links tasks to cognitive | Cognitive-Al Mapping

et al. 2020) Mapping benchmarks

Goldfarb et al. (Gold- | 2022 | Al job posting analysis | Identifies shifts in Al skill | Job Posting Trends

farb, Taska, and demand

Teodoridis 2022)

Eloundou et al. | 2023 | LLM labor task map- | LLMs’ impact on tasks Heuristic Task Match

(Eloundou et al ping

2023)

Pizzinelli et al. | 2023 | Cross-country Al expo- | Measures substitution vs | Substitution vs Comple-

(Pizzinelli,  Borup, sure complementarity mentarity

and Fernandez-

Cornejo 2023)

MIT CSAIL (Thomp- | 2024 | Constraints on automa- | Economic and technical | Occupational Al Estimates

son et al. 2024) tion barriers

Cazzaniga et al. (Caz- | 2024 | IMF discussion on | Macroeconomic implica- | Labor and Macro Impact

zaniga et al. 2024) GenAl tions

Wang et al. (Wang | 2024 | Embedding similarity | Task alignment via embed- | Cosine Similarity

et al. 2024) scoring dings

Benitez-Rueda et al. | 2024 | GENOE (GPT- | AI exposure from synthetic | GPT-based Index

(Benitez-Rueda and generated) surveys

Parrado 2024)

Colombo et al. | 2024 | TEAI index with LLMs | Multi-LLM consensus task | Consensus-Based Scores

(Colombo et al. 2024) evaluation

Table 1: Comparative analysis of related works and their evaluation metrics.

Al evaluation, further reinforcing the effectiveness of text
embeddings for workforce impact analysis. Their findings
highlight that embedding-based task alignment significantly
enhances Al capability assessments, aligning closely with
AI-OCI’s methodology. This suggests that embedding-based
Al exposure indices, such as AI-OCI, will play a critical role
in future labor market research.

Embedding-Based AI Task Analysis and LLM Work-
force Impact. Eloundou et al. (Eloundou et al. 2023) as-
sessed LLMs’ labor impact by using heuristic-based task as-
sessments. While valuable, their approach relies on expert
annotations rather than computational embeddings, making
it less scalable. Similarly, the MIT CSAIL (2024) study
(Thompson et al. 2024) examined automation constraints
but focused on computer vision tasks rather than text-
based workforce transformation, limiting its applicability to
LLMs. Colombo et al. (2024) (Colombo et al. 2024) intro-
duced the Task Exposure to Al Index (TEAI), leveraging

240

multiple open-source LLMs to evaluate occupational tasks.
Their study provides a structured ranking of Al-task expo-
sure but does not incorporate structured clustering of Al
capabilities. Unlike TEAI, AI-OCI introduces a dynamic,
task-specific framework by clustering Al capabilities and
computing fine-grained Al-task alignment scores, making it
more interpretable and adaptable. The IMF Discussion Pa-
per (2024) (Cazzaniga et al. 2024) further reinforced the
economic impact of Al on jobs, outlining key policy consid-
erations. While their study provides a macroeconomic per-
spective, AI-OCI offers task-specific insights, allowing for a
more granular understanding of how Al aligns with occupa-
tional duties.

Advancing Al-Labor Alignment with AI-OCI. Al-
OCI builds upon these foundational studies by introducing
the first dynamic, embedding-based framework for Al-labor
market analysis. Unlike occupation-wide assessments, Al-
OCI computes direct Al-task alignments, offering a higher



degree of granularity. By leveraging state-of-the-art NLP
models such as Text-Embedding-3-Large, AI-OCI provides
a scalable, adaptable, and fine-grained workforce impact as-
sessment. The structured clustering approach allows Al ca-
pabilities to be grouped functionally before alignment cal-
culations, enabling a more interpretable framework for pol-
icymakers and researchers. Overall, AI-OCI represents a
paradigm shift from static Al exposure metrics to a con-
tinuously evolving and dynamic model. With increasing Al
adoption, embedding-based methodologies such as AI-OCI
will become indispensable in tracking workforce transitions
and guiding Al policy interventions.

3 Methodology

The AI Occupational Capability Index (AI-OCI) quantifies
Al’s ability to perform occupational tasks by computing the
semantic similarity between occupational task descriptions
and Al capability descriptions. The framework consists of
five key stages: 1) Embedding Generation: converts textual
descriptions of occupational tasks and Al capabilities into
numerical vector embeddings. These embeddings preserve
the semantic meaning and allow for quantitative compar-
isons between textual descriptions; 2) Al capability clus-
tering: organizes Al capabilities into distinct groups based
on their functional similarities, which simplifies subsequent
similarity computations; 3) Al-task similarity computation:
each occupational task is assigned to the most relevant Al
capability cluster based on semantic similarity; then it com-
putes the exact similarity between each task and individ-
ual Al capability within the assigned cluster, identifying the
closest Al-task alignments; 4) AI-OCI score computation:
task-level similarity scores are aggregated by occupation,
providing a concise and interpretable measure of Al align-
ment; and 5) Occupation-level aggregation: ranks occupa-
tions based on their computed AI-OCI scores. This allows
policymakers and stakeholders to readily compare occupa-
tions, assess Al’s workforce implications, and identify oc-
cupations most aligned with current Al capabilities.

Embedding Generation

In order to build a semantic embedding space encompass-
ing task-level descriptors, we begin by constructing two
distinct corpora: one representing occupational tasks and
another representing Al capabilities. We extracted occupa-
tional task descriptions from the O*NET database, which
provides standardized, task-level documentation for a wide
range of occupations. These tasks reflect domain-relevant
skills and responsibilities in clear natural language. In addi-
tion, we generated Al capability descriptions using outputs
from large language models, including ChatGPT and Gem-
ini. The resulting dataset includes Al functionalities that
span natural language processing, reasoning, problem solv-
ing, and perception-based capabilities. We applied semantic
similarity checks to remove redundancies and ensure that the
final capability set was representative and diverse.

Given the two corpora, we convert occupational textual
task descriptions and textual Al capability descriptions from
natural language into numerical representations using a pre-

241

Algorithm 1: AI-OCI Computation

Input:

Occupational task descriptions OT = {t1, o, ...
Al capability descriptions C' = {c1, ca, ..., ¢
Step 1: Use an embedding model f() to map textual de-
scriptions into vector embeddings f(t;) — 2z € R? and
f(c;) = z¢; € R? where OT — Zor and C' — Z¢
Step 2: Group Al capability embeddings Z into k sets of
embeddings ZS = {ZS51, 2S5, ..., ZSy } using k-means,
where k is selected via silhouette score.

Step 3: For each ZS; = {zcp, zcqs ---2cr} € ZS build
its corresponding mapping set S; = {cp, ¢g, ...c, } in the
textual space.

Step 4: For each cluster S;, compute a cluster embedding
zg; by concatenating all Al capability textual descriptions
assigned to S; and generating a global embedding

st}

zs;i < f(cat(cp, cq)|Vep, cq € Siyp < q)

Step 5: For each occupational task z;; € Zor assign it to
the most similar Al capability cluster Alg; by finding the
cluster embedding zg; that maximizes its cosine similar-

1ty:
Alg; U{z; iff arg max cos(z¢j, 2s:)|V2; € Zor}
Step 6: For all tasks within an occupation; compute the

maximum similarity score between the task embedding
and each Al capability within its assigned cluster:

scoregj +— max(cos(2¢j, Zep))|V2ep € ZS;

Step 7: Compute the AI-OCI score for the occupation OT
by aggregating its individual task scores:

1 n
AI-OClpr = - 2:1 scoreg;
j=

Output: Al — OC It scores for occupation OT.

trained NLP embedding model. We evaluated multiple em-
bedding models for this task, including well-established
transformer-based architectures. Each model was assessed
on its ability to preserve semantic distinctions and sup-
port clustering. After experimentation, we selected Text-
Embedding-3-Large for its ability in capturing finer task
granularity and producing coherent capability clusters.

Formally, our method maps textual data z into a high di-
mensional vector space f(x) € RY. The goal being exposing
semantic relationships between human and Al skills associ-
ated with higher order tasks. Given a list of occupational task
descriptions OT = {t1,t2,...,tx } and a list of Al capabil-
ity descriptions C' = {¢y, ca, ..., ¢pr }, the embedding model
maps each element in the list into its respective vector em-
bedding. Thus, f(OT) — Zor and f(C) — Zc where
Zr = {211, 22, -, 2N} and Zo = {ze1, 2¢2, -+ ZeM } ar€
sets of d-dimensional vectors residing in the same vector
space.



Al Capability Clustering

To expose similar traits among the different Al capability
descriptions, and to provide a humanly-interpretable view
of the embedding space, we used clustering to organize
Al capabilities into well defined groups of skills. To this
end, we applied K-means clustering to the embedding rep-
resentation of Al capabilities to produce a multi-set Z.S =
{Z51,728s, ..., ZSk} of functionally coherent clusters. The
optimal number of clusters, &k, was determined by maximiz-
ing the clustering silhouette score, ensuring well-separated
groupings. Each Al capability was assigned to one of these
clusters. Figure 1 shows a T-SNE depiction of the embed-
ding space, labeled by the cluster grouping found in this
step. The visualization confirms that Al capabilities form
well-separated, semantically coherent clusters when pro-
jected into the embedding space. To condense the infor-
mation in each cluster, we compute a clustering embed-
ding as follows: for each ZS; = {z¢p, zcq,---2cr} € ZS
we build its corresponding mapping set in the textual space
S; = {cp,cq,...cr}. Then we compute the cluster embed-
ding zg; by concatenating all Al capability textual descrip-
tions assigned to \S; and generating a global embedding

zgi + f(cat(cp, cq)|Vep, cq € Siyp < q)
. This approach summarizes the semantic richness of the Al

capability set, making our subsequent computations more
computationally efficient.

Similarity Computation

For each task in an occupation, our framework identifies the
most similar Al-capability that can be associated to the task,
and produces a per-task similarity score. This is a two-step
process: (1) cluster assignment and (2) within-cluster simi-
larity computation.

Cluster Assignment. The goal of this step is to identify
the Al capability cluster that more closely relates to each
specific occupational task. By identifying first the closest
cluster rather than only the closest task, we ensure that sim-
ilarity is assessed considering the full context of the cluster
and not just the words involved in a task. This approach al-
lows us to focus on a smaller set of semantically relevant
Al-capabilities. Thus, for each occupational task z;; € Zor
we assign it to the most similar Al capability cluster Alg; by
finding the cluster embedding zg; that maximizes its cosine
similarity:

Alg; U{z; iff arg max cos(zij, 2s:)|Vz; € Zor}
(2

Within-Cluster Similarity Computation. Once the
framework assigns a task to its most relevant Al capabil-
ity cluster, it computes the cosine similarity between the
task embedding and all individual AT capabilities within that
cluster. The highest similarity score within the assigned clus-
ter determines the Al alignment score for that task. Thus, for
a given task z;; that was assigned to an Al-capability cluster
Alg; we compute the maximum similarity score between
the task embedding and each Al capability embedding in
Z Sz

scoreyj <— max(cos(2ij, Zep))|Vzep € Z.S;
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This two-step similarity computation reduces the risk of
assigning a task to an Al capability with little to no seman-
tic relation, but that shares a large fraction of non-functional
words with the task. It also enhances efficiency by reducing
the number of comparisons from the full set of Al capabili-
ties to only those within the most relevant cluster; ensuring
that the task alignment process is computationally efficient
and semantically meaningful.

AI-OCI Score Computation

Finally, we aggregate the Al-aignment scores for all the
tasks within an occupation and produce our Al Occupational
Capability Index (AI-OCI) as a metric designed to under-
stand what percentage of an occupation can be performed
or enhanced through Al existing capabilities. The AI-OCI is
computed by averaging the highest similarity scores across
all tasks within each specific occupation (OT') :

1 n
AI-OClpr = -~ Z score;|Vt; € OT

J=1

where N represents the number of tasks in the occupation.
Occupations with higher AI-OCI scores exhibit stronger Al-
task alignment, while those with lower scores remain less
compatible with current Al capabilities.

4 Evaluation and Use of AI-OCI
Experimental Setup

Data. We developed the AI-OCI pipeline by integrating two
data sources: (1) occupational task descriptions from the
O*NET 27.2 database, which covers 923 U.S. occupations
and approximately 19,281 unique tasks; (2) curated 338 Al
capability descriptions by prompting various commercial
LLMs (ChatGPT, Gemini) to describe tasks that can be per-
formed by state-of-the-art Al. To evaluate AI-OCI use in the
context of the labor market, we use wage and employment
data from the U.S. Bureau of Labor Statistics (BLS), span-
ning from 2001 to 2024. For the Al impact analysis, we fo-
cus on the period from 2022-2024, aligned with the public
adoption of LLMs.

Embeddings. To ensure semantic alignment between tasks
and Al capabilities, we generated text embeddings using
several state-of-the-art models, including BERT (bert-base-
uncased), text-embedding-ada-002, multilingual-e5-large-
instruct, and OpenAl’s text-embedding-3-small and -3-
large. We assessed each model’s effectiveness based on
clustering quality and correlation with the AI Occupa-
tional Exposure (AIOE) index. We ultimately selected text-
embedding-3-large due to its superior cluster separation (48
optimal clusters) and the initial highest observed correlation
with AIOE (r = 0.70). Each task and capability was embed-
ded into a 3,072-dimensional space using the OpenAl APIL.
We normalized all embeddings and applied K-means clus-
tering to the Al capabilities (optimal k = 48, silhouette-
based). The task-to-capability alignment was computed us-
ing cosine similarity. For interpretability, we retained both
the average similarity per occupation (AI-OCI score) and the
top-matching capability per task.
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Figure 1: T-SNE Visualization of 338 Al capabilities embedded using OpenAI’s Text-Embedding-3-Large model. Each point
represents an Al capability. Similar capabilities cluster together forming distinct groups (e.g., language understanding).

We evaluated the results across both detailed and major
occupation groupings. The full pipeline was implemented
in Python and executed on an Linux instance (64GB RAM,
NVIDIA T4 GPU).

Benchmark Correlation Analysis

To validate the reliability of AI-OCI compared to estab-
lished approaches, we compared it against three leading
benchmarks that estimate occupational exposure to Al: the
Al Occupational Exposure (AIOE) index (Felten, Raj, and
Seamans 2019), OpenAl’'s GPT-4 Beta task performance
scores (Eloundou et al. 2023), and Frey and Osborne’s au-
tomation risk index (Frey and Osborne 2017). As shown in
Figure 2, AI-OCI exhibits strong positive correlations with
AIOE (Pearson: 0.624, Spearman: 0.702) and GPT-4 Beta
(Pearson: 0.639, Spearman: 0.744), and a negative correla-
tion with Frey (Pearson: —0.500, Spearman: —0.403). While
we focus our analysis on these three key metrics, we also
evaluated AI-OCI against additional benchmarks, including
GENOE and Webb’s Al keyword indices. These results are
shown in Table 2.

The AIOE and GPT-4 Beta benchmarks reflect model-
informed assessments of how well current Al systems, es-
pecially LLMs, perform occupational tasks. AI-OCI aligns
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Benchmark Index Pearson | Spearman
AIOE 0.624 0.702
GPT-4 Beta 0.639 0.744
Frey Index —0.500 —0.403
GENOE (1-Year) —0.088 —0.055
GENOE (5-Year) —0.163 —0.126
GENOE (10-Year) —0.188 —0.169
Webb AI Score 0.224 0.217
Webb Software Score | —0.144 —0.142
Webb Robot Score —0.434 —0.557

Table 2: Correlation of AI-OCI with various Al expo-
sure benchmarks. Positive values indicate alignment with
augmentation-based indices (e.g., AIOE, GPT-4 Beta),
while negative values reflect divergence from substitution-
centric or robotics-focused measures.

closely with these state-of-the-art metrics, highlighting its
accuracy in identifying tasks within occupations that align
with Al capabilities. Recall that while AIOE relies on in-
tensive manual analysis and expert judgment, our AI-OCI
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Figure 2: AI-OCI correlation with key benchmarks. (a) AI-OCI vs AIOE, (b) vs GPT-4 Beta scores, and (c) vs Frey and
Osborne’s automation risk index. Webb’s Al, Software, and Robot exposure scores (d—f), and GENOE’s 1-year, 5-year, and 10-
year exposure estimates (g—i). Each point is an occupation. The red line shows the linear regression fit with a shaded confidence

interval.

is fully automated. To further strengthen this alignment, we
replicated the wage binning strategy from Eloundou et al.
(2023), who validated AIOE as an economic signal. Our
replication, as seen in Figure 3 shows a consistent positive
correlation (0.78) between AI-OCI and mean wages across
20 quantiles, further validating AI-OCI as a reliable eco-
nomic indicator.

In contrast, the Frey index was developed in the pre-
LLM era and emphasizes binary automation risk based on
task routineness and manuality. Its negative correlation with
AI-OCI exposes a conceptual shift: from binary substi-
tution toward nuanced augmentation. While Frey empha-
sizes job elimination, AI-OCI captures Al’s growing role
in enhancing professional roles across knowledge-based do-
mains. Furthermore, when the Frey index was developed,
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the worldview of Al in the labor market was very limited,
and it was assumed that Al would be mostly used to auto-
mate boring, repetitive tasks. However, with the invention of
more sophisticated generative Al systems, creative tasks are
increasingly being supported, if not replaced, by Al.

Similarly to the Frey index, the low or negative corre-
lations observed between AI-OCI and the Webb and GE-
NOE metrics—and even between those benchmarks and
AIOE—suggest that these alternative measures fail to cap-
ture the evolving nature of modern Al systems. This dis-
crepancy may stem from their reliance on outdated assump-
tions, indirect proxies like patents or keyword matching, or
subjective heuristic judgments rather than direct task-level
alignment. As a result, they may underrepresent augmenta-
tion effects, overlook semantic task complexity, or misclas-
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Figure 3: Relationship between AI-OCI scores and average
wages in 2024. Occupations are binned into 20 quantiles
based on AI-OCI scores. The linear regression line (red)
with a shaded 95% confidence interval illustrates a posi-
tive association, consistent with findings by Eloundou et
al. (2023)

sify roles that are now increasingly influenced by generative
and multimodal Al capabilities.

Occupational Ranking and Drill-Down Capabilities

AI-OCI supports both high-level and fine-grained analysis,
allowing labor market analyst:wqs to navigate between ma-
jor occupational groups and individual job roles. At the most
detailed level, the framework computes Al-task similarity
scores at the task level, which are then aggregated to pro-
duce occupation-level AI-OCI scores. Figure 4 presents a
ranked view of the top and bottom 20 occupations. High-
scoring roles—such as Market Research Analysts, Financial
Risk Specialists, and Interpreters exhibit strong alignment
with language-based Al capabilities. Conversely, roles such
as Meat Packers, Tire Builders, and Laundry Workers fall at
the bottom, reflecting the current limitations of Al in manual
and physically intensive work.

The metric also scales upward to support broader compar-
isons. Figure 5 displays average AI-OCI scores across ma-
jor occupational groups, with fields like Legal, Engineering,
and Life Sciences showing the strongest Al alignment. This
hierarchical design allows AI-OCI to power both drill down
diagnostics and roll up summaries, providing a flexible tool
for in-depth labor analysis.

Divergent Labor Trajectories

To analyze occupational shifts during the era of large
language model (LLM) adoption, we constructed a six-
dimensional feature vector for each occupation based on
year-over-year (YoY) percentage changes in both wage
and employment. Specifically, we calculated the percentage
change in average wage for each occupation from 2021 to
2022, 2022 to 2023, and 2023 to 2024. We performed the
same set of calculations for employment over the same three
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Figure 4: Top and bottom 20 occupations ranked by AI-OCI.
Green occupations (e.g., Interpreters) are highly aligned
with Al capabilities. Red occupations (e.g., Meat Pack-
ers)show low Al alignment.

periods. This resulted in three wage change values and three
employment change values per occupation, capturing a con-
tinuous view of labor market dynamics over the 2021-2024
period. We then summed these six values to produce a sin-
gle combined score representing the overall magnitude and
direction of recent economic change for each occupation.
This score was used to examine the relationship between
economic trajectory and AI-OCI alignment, allowing us to
identify occupations undergoing either augmentation or dis-
placement as Al capabilities expand.

This analysis, as shown in Figure 6, reveals a group
of “bipolar outlier” occupations with high AI-OCI scores
(above 30%) but combined change scores beyond 41 stan-
dard deviation from the mean. These outliers exemplify how
alignment with Al capabilities can translate into sharply
contrasting economic trajectories. Positive outliers: Occu-
pations such as Marketing Managers and Fashion Design-
ers experienced strong wage or employment growth along-
side high AI-OCI scores. These roles appear to benefit from
Al augmentation, likely incorporating generative tools and
LLMs to enhance creativity, productivity, and market rel-
evance. Negative outliers: In contrast, roles like Order
Clerks, Medical Transcriptionists, and Environmental Engi-
neering Technicians also exhibit high Al-task alignment but
face wage stagnation or declining employment. These trends
suggest displacement effects, where Al is able to effectively
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Figure 5: Average AI-OCI scores across 22 major occu-
pation groups. Higher alignment is observed in analytical-
intensive sectors like Legal and Engineering.

substitute human labor in routine documentation, transcrip-
tion, or clerical tasks.
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Figure 6: AI-OCI vs. 6-point Combined Score. KDE and SD
bands reveal occupations undergoing significant wage/em-
ployment changes.

To better understand the trajectories of bipolar outliers,
we traced year-over-year wage and employment changes for
these outlier roles from 2013 to 2024. Figure 7 illustrates
diverging trajectories; while Fashion Designers show strong
post-2022 growth, Order Clerks and Transcriptionists dis-
play a marked decline coinciding with the rise of LLM adop-
tion. An interesting case is exemplified by the Animators
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where both, wages and employment increased drastically
right after COVID-19, but exhibited a similarly drastic de-
cline after 2022, where generative Al tools became perva-
sive in this industry. Through the outlier analysis AI-OCI
enables stakeholders with practical economic and policy in-
sights. It demonstrates that high Al alignment does not uni-
formly predict positive or negative outcomes. Instead, out-
comes depend on whether Al augments or replaces task per-
formance. Policymakers can use these insights to identify
at-risk occupations for re-skilling, while employers can bet-
ter target roles primed for augmentation and innovation in
the Al-driven economy.
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Figure 7: Year-over-year wage and employment trends
(2022-2024) for high-AI-OCI outliers. Highlights roles with
notable recent shifts.

5 Limitations

While AI-OCI offers a reliable, task-level framework for
quantifying AI’s impact on the workforce, several limi-
tations remain: First, the framework relies on structured
datasets—namely, O*NET for occupational tasks and BLS
data for employment trends. Although these sources are
comprehensive and widely used, they may lag behind real-
time labor shifts or fail to capture emerging occupations and
informal sectors. Future iterations could incorporate alterna-
tive sources such as online job postings, global taxonomies,
or employer-submitted competency data to improve cover-
age and timeliness. Second, AI-OCI uses pretrained lan-
guage models that may encode systemic biases present in
their training corpora. These biases can affect which occu-
pations appear more Al-aligned, potentially skewing assess-
ments of vulnerability or opportunity. Mitigating such ef-
fects will require debiasing strategies, including contrastive



learning, counterfactual data augmentation, and adversarial
fine-tuning. Third, although the curated set of 338 Al ca-
pabilities spans NLP, reasoning, planning, and code genera-
tion, it remains skewed toward text-centered tasks. Current
capabilities under-represent domains such as robotics, per-
ception, and embodied interaction. Consequently, AI-OCI
may underestimate alignment for occupations that rely on
physical dexterity, spatial reasoning, or motor control. Ex-
panding the capability taxonomy to include multi-modal and
embodied systems would strengthen real-world applicabil-

1ty.

6 Conclusions and Future Work

This paper introduces the AI Occupational Capability Index
(AI-OCI), a novel, task-level framework for measuring how
well current Al capabilities align with human occupational
tasks. This fully automated framework uses state-of-the-art
text embeddings, semantic similarity, and clustering-based
alignment. Our proposed metric produces robust and inter-
pretable scores that quantify Al exposure and Al augmenta-
tion potential at multiple scales of granularity.

Unlike legacy frameworks that rely on static occupation-
level heuristics or expert manual analysis, AI-OCI performs
direct comparisons between Al functionalities and over
19,000 real-world job tasks. The resulting scores offer dy-
namic, model-agnostic insights into how Al intersects with
labor at the task level. Our empirical validation shows that
AI-OCI correlates strongly with leading benchmarks such
as AIOE and GPT-4 Beta exposure scores, while diverg-
ing from outdated automation-centric measures like the Frey
index. Case-based analyses highlight AI-OCI’s practical
value: revealing early signals of substitution (e.g., Graphic
Designers), augmentation (e.g., Interpreters), and forecast
mismatches (e.g., Market Research Analysts). We envision
that its application to education-to-workforce pipelines will
enable valuable insights for labor policy, and skills planning
in the Al era.

We plan to extend AI-OCI into a dynamic, real-time in-
dex that continuously reflects evolving labor and Al dynam-
ics. A possible direction involves integrating retrieval aug-
mented generation (RAG) to support continuous updates to
both task and capability descriptions. This enhancement will
enable the framework to ingest new job postings, techni-
cal documentation, and research outputs, allowing AI-OCI
to track shifting task requirements and technological devel-
opments in near real time. We also intend to broaden the Al
capability layer by incorporating multimodal models such as
GPT-4V, CLIP, and Perceiver 10. These additions will bet-
ter represent vision, robotics, and sensorimotor capabilities,
improving alignment assessments for occupations beyond
language-based tasks.

Beyond the labor market, we are exploring how Al-
task alignment influences education and skills development.
Early findings suggest that AI-OCI could predict shifts in
college admissions trends, degree program demand, and cur-
ricular redesign. These extensions position AI-OCI as a
bridge between labor intelligence and educational strategy.
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Ethics Statement and Broader Impact

This research introduces the Al Occupational Capability In-
dex (AI-OCI), a task-level framework for measuring align-
ment between Al capabilities and occupational functions.
While our methodology advances the measurement of Al’s
potential impact on labor, several ethical considerations are
relevant.

Bias and Fairness. The AI-OCI framework relies on lan-
guage model embeddings, which may inherit biases present
in the training data of those models. Such biases could un-
intentionally favor or penalize certain occupations, particu-
larly those with gendered or culturally specific descriptions.
We acknowledge this risk and recommend that future itera-
tions integrate bias correction techniques or fairness-aware
embeddings.

Socioeconomic Impact. AI-OCI highlights which oc-
cupations are most aligned with Al capabilities, poten-
tially influencing decisions around hiring, automation, and
reskilling. Although this information is valuable for work-
force planning, it could also lead to unintended conse-
quences, such as accelerating job displacement in already
vulnerable sectors. We encourage responsible use of AI-OCI
scores alongside human-centered economic planning to mit-
igate harm.

Use of Public Data. The study exclusively uses publicly
available occupational task data (O*NET) and labor statis-
tics (BLS), ensuring compliance with ethical data sourc-
ing. Al capability descriptions were generated through LLM
prompting and curated by the authors.

Responsible Deployment. We do not release an auto-
mated AI-OCI scoring tool for public use at this stage, as un-
intended use without sufficient context could result in over-
simplified policy or employment decisions. Future deploy-
ments will prioritize explainability and human oversight.

Broader Impact. AI-OCI offers actionable insight for ed-
ucators, policymakers, and labor economists by quantifying
how Al aligns with real-world tasks. It supports transpar-
ent workforce forecasting and ethical Al adoption strate-
gies. We also envision extending AI-OCI into education and
upskilling domains to guide program design and long-term
planning in the Al era.
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