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Abstract

We build a three-level nested measure of potential exposure to generative Al: whether
AT can replace the output of a task at the quality of a typical worker (Re), whether it
augments the worker enough to halve the time on the task or lift its quality into the top
quartile (Au), and whether it merely supports the task with a usable, task-specific input
(Su). A panel of three frontier models judges every task against a dated inventory of 33 Al
capability benchmarks, and a Delphi round settles their disagreements. The measure covers
all 24,087 task-activity pairs of the O*NET 31.0 catalogue, in 923 occupations. Weighted
by the time workers spend on each task, the average occupation has 37.8% of its working
time replaceable, 48.4% augmentable and 79.2% supportable. Agreement among the raters
is high for replacement and lower for the other two layers. A separate layer measures
occupation-level “shields” which could limit the implementation of the measured potential
exposure (relational nexus, organisational responsibility, authorship). All labels, scores and

shields are released at occupation level.

Keywords: generative Al, task exposure, O*NET, large language model annotation, Delphi,
occupational crosswalks.

JEL: J23, J24, O33.

1 Introduction

Occupational exposure indices are where much of the policy work on AI and jobs starts (in
Spain, Banco de Espana, 2026). We see four problems with them.

First, most of them compress a task’s relation to Al into a single score (Felten et al.,
2021; Webb, 2020; Eloundou et al., 2024; Gmyrek et al., 2023), which mixes substitution and
complementarity: “Al can cut the time on this task by half” and “Al can do this task” can
have different labour-market effects, yet both count as exposure (Acemoglu, 2025).

Second, when judgement comes from people, it covers only part of the catalogue and has
expertise issues. Frey and Osborne (2017) hand-labelled 70 of 702 occupations with a group of
machine-learning researchers and extended the labels to the rest with a classifier. The human
annotators of Eloundou et al. (2024) rated every detailed work activity but only a subset of

tasks, and the authors themselves note that a group familiar with language models but not
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occupationally diverse may misjudge tasks in occupations it does not know. If professionals
were used for each SOC, the gap would be the opposite: they would know the work but rarely
follow the AI frontier. Rating all 24,087 task-activity pairs of the catalogue with three raters
takes 344,874 first-round judgements; at that scale a human panel whose quality could be
argued as uniform is prohibitively expensive.

Third, potential exposure moves with the technology: models released today do things that
last year’s could not. That is an issue on its own, which adds to the difficulty of any sort
of time analysis. Methodologies followed in the past are rarely replicable, and are normally
outdated for the present.

Fourth, an exposure label rarely comes with granularity. Without it, exposure cannot be
read by kind of work: one cannot tell, for instance, whether Al takes over the tasks or raises
what can be done.

Our design builds directly on Parshall and Lopez-Luzuriaga (2026), who classify a very
similar universe (O*NET) of task-activity pairs,! read in the context of their occupation, with
three models and a Delphi-style consensus round. We keep their unit, their panel design and,
in adapted form, their first two axes. What we change is the exposure question (three nested
layers with explicit thresholds, where they ask a single question about halving the time), the
evidence the raters work from (a dated benchmark inventory), the raters themselves (frontier
models, where their production run uses mid-tier ones) and the landing (official crosswalks to
CNO-11 and a separate layer of shields). We drop their regulatory axis, which is built for the
United States.

We try to address these four problems in our contribution. In the first, for every task-
activity pair we ask whether frontier AI can replace the output (Re); where it cannot, whether
it raises productivity past an explicit threshold, through time or through quality (Au); and
where it does not, whether it can still supply a substantive input that belongs to the task (Su).
Because each layer is asked only where the previous one is zero, the margins Au — Re and
Su — Au can be read as objects of their own.

In the second, against partial and costly human judgement, we exploit the potential of
agentic LLMs with three frontier models that rate every pair blind and a Delphi round that
reconciles them, so the whole O*NET universe is classified, at a cost that is small compared to
a human panel (Section 5). The raters read each task in the context of its occupation and judge
what Al can do against the bible described next. Quality checks to avoid known limitations of
the technology at this scale are carried out, and redundancy (three models) is favoured over
cost effectiveness.?

The third, against measures that cannot be replicated or brought up to date, is the “bible”
itself, a dated inventory of 33 Al capability benchmarks with the best score reached by 31
August 2026 and the human baseline when available. It does two jobs. Within a wave, it
puts the three raters on the same evidence, which is not trivial, since otherwise their different

training cutoff dates would bring up inconsistencies, and each would place the frontier in a

'Parshall and Lopez-Luzuriaga (2026) work with O*NET 30.2: 23,850 task-activity pairs from 18,796 tasks.
We use release 31.0, with 24,087 pairs from 18,838 tasks; both cover 923 occupations.

2 An argument could be made that the most capable model would give better results alone rather than having
to arrive at a consensus with others.



Capability bible St 1 Stage 2 SOC score
33 benchmarks age Re — Au — Su  ——> time-weighted

cut-off 31 Aug 2026 C, D per pair 3 raters + Delphi (ONS method)

Shields
nexus, Deliverables
responsibility, pair and SOC files
authorship

Figure 1: The measure in the main text, from the capability inventory to occupation scores.
Appendix A carries it to the Spanish classification (Figure 3).

different spot. With a bible they start from the same one. Across waves, it makes the measure
repeatable: updating the bible to a later date and re-running the panel with the same prompts
and raters gives a second wave, and so a series of potential exposure. Parshall and Lopez-
Luzuriaga (2026) also propose re-running their classification to follow the frontier; the bible
adds a stated frontier at each date, so a change between waves can be traced to the evidence
and not only to newer raters. The series is imperfect, because the bible has limits of its own
and other changes also move labels (Section 9), and because the labour market evolves, and
O*NET tries to do so too, with regular updates and tweaks to reflect the new reality, but with
the frontier moving this fast an imperfect series is better than none.

In the fourth, against labels without granularity, before addressing AI exposure, we go
through stage 1, which records how far the task can be written down as a procedure (codifi-
ability, C) and how much it needs a body in the world (physical requirement, D), on ladders
adapted from Parshall and Lopez-Luzuriaga (2026), together with the O*NET abilities it draws
on. Exposure can then be read by kind of work. Of the pairs that call for judgement between
defensible alternatives (C2), 50.5% are replaceable, against 13.7% of those that rest on tacit
expert judgement (C3), where augmentation still reaches 47.7%. We then exploit that gap
and build our measure of expert complementarity: the working time where Al raises what an
expert can do without substitution (Section 7).

We also keep capability and protection apart, in a similar way to Parshall and Lopez-
Luzuriaga (2026) with regulation, which they build because exposure is technical capability,
and there are frictions that hold back capability from turning into substitution. We propose
shields (relational ties, responsibility, authorship), which we measure in a separate layer and
report beside exposure, as a vector. The labels, the occupation and CNO-11 scores and the
shields are all released with their legends (Section 10).

In the average occupation, 37.8% of working time is replaceable, 48.4% augmentable and 79.2%
supportable (Table 4).

This is a methods paper. The main text stops where the measure is complete, at O*NET
level (Figure 1), and documents the apparatus we built on top of it. An appendix translates
the scores to the Spanish classification through official crosswalks only (O*NET to ESCO, and
INE’s correspondence between CNO-11 and ISCO-08), averaging and logging every collision.
The applications to labour-force microdata are in separate papers that rely on this one, and so

is regulation, which can only be measured on Spanish occupational groups.



2 Related literature

We follow the task approach, in which occupations are bundles of tasks with different exposure
to technology (Autor et al., 2003; Acemoglu and Autor, 2011).

Exposure indices. A first generation estimated automation risk for whole occupations (Frey
and Osborne, 2017), and task-based estimates then showed that this overstates the risk, since
tasks within an occupation differ (Arntz et al., 2016). Later measures map Al capabilities
to occupational abilities (Felten et al., 2021), match patent text to task descriptions (Webb,
2020), or rate detailed work activities for their suitability for machine learning (Brynjolfsson
et al., 2018). With generative Al came rubric-based task annotation by humans and LLMs
(Eloundou et al., 2024), which was extended to global settings through ISCO tasks (Gmyrek
et al., 2023) and refined with a worker survey and Delphi-style expert rounds (Gmyrek et al.,
2025), together with a language-modelling version of the ability-based index (Felten et al.,
2023) and a European mapping from benchmarks to abilities (Casas et al., 2026). We take the
halving threshold of the E; label of Eloundou et al. (2024) for our Au time channel, and Au
as a whole is closest to their 5. Re is stricter than any of their labels, although they note that
their halving threshold corresponded closely to whether a model could perform the core of a

task or nearly all of it. We compare the two on the full set of occupations in Section 8.

Models as annotators. Language models can match or exceed crowd annotators on text
classification (Gilardi et al., 2023), and a panel of diverse models can outperform a single
model as judge (Verga et al., 2024), which supports the use of a panel. Parshall and Lopez-
Luzuriaga (2026) split exposure into cognitive, deployment and regulatory axes and classify
the full O*NET task-activity universe with a panel of three models and a Delphi-style round.
We adapt their cognitive-complexity ladder in our stage 1, defined by a manual test (C), and
we turn their deployment ladder into a physical-requirement axis (D), while we drop their
regulatory axis, which is built for the United States, and does not address Al potential. Yin
et al. (2026) show that exposure scores from a single model are unstable across models, so we

report agreement axis by axis and how much the scores depend on the rater.

Productivity evidence. Field and laboratory studies measure what Al assistance does to
the time and quality of real tasks: professional writing (Noy and Zhang, 2023), customer
support (Brynjolfsson et al., 2025), consulting (Dell’Acqua et al., 2023) and coding (Peng et al.,
2023). Expert-graded comparisons of model deliverables with professional work (Patwardhan
et al., 2025) and the length of tasks models complete autonomously (Kwa et al., 2025) are
among the benchmarks in our bible. We use these results to set the scale of the augmentation
thresholds (Section 4).

Complementarity and job boundaries. Pizzinelli et al. (2023) and Cazzaniga et al. (2024)
cross exposure with a complementarity index built from O*NET work contexts and job zones.
Garicano et al. (2026) model occupations as task bundles held together by coordination costs,

and argue that AI dissolves weak bundles. Acemoglu (2025) stresses that exposure is not



automation, since only a fraction of exposed tasks is profitable to automate. We take the
first idea for our shields, built from O*NET descriptors, and the second by keeping capability
and protection apart, since there are frictions that hold back capability from turning into

substitution.

Observed use and labour-market effects. Usage data such as the Anthropic Economic
Index (Handa et al., 2025; Massenkoff et al., 2026) and Copilot conversations (Tomlinson et al.,
2025) measure where Al is used, which is a lower bound on where it could be used. Linked
survey and register data so far find no effect of chatbot adoption on earnings or recorded hours,
ruling out effects larger than 2% (Humlum and Vestergaard, 2025). We use usage data only as

a check on our labels (Section 8).

Time weighting. We weight tasks within occupations by time shares derived from O*NET
task ratings, following Martin and Monahan (2022), instead of equal weights or the importance-

and-relevance weights of Tomlinson et al. (2025).

3 Data

Task universe. The unit of analysis is the O*NET task-activity pair: a task statement read
in the context of one of its Detailed Work Activities (DWA). O*NET 31.0 (August 2026; U.S.
Department of Labor, Employment and Training Administration, 2026b) links 18,838 tasks to
2,085 DWAs in 923 occupations, giving 24,087 pairs, and we classify all of them.? A task has

1.28 pairs on average, and 23.8% of tasks have more than one.

The bible. The bible lists 33 benchmarks in 3 blocks (language, knowledge and reasoning;
multimodal and perception; code, agentic work and computer use). For each one it records
what the benchmark measures, the best score by a model released on or before 31 August 2026
(with the model and its date), the metric, the source and the human baseline when available.
We built it in several passes and had it audited externally before use, and we release it with
the data (Section 10).

Occupation descriptors. Work Context, Work Activities and Task Ratings come from the
same O*NET release. Task Ratings (relevance and frequency) feed the time weights, and Work
Context and Work Activities feed the shields. For 12 occupations both Work Context and Work

Activities are missing in 31.0, so we estimate their descriptors (Section 7.2).

3We first ran the panel on the previous release (29.x task list), and the pairs that 31.0 left unchanged keep
those labels, which come from the same bible, prompts and raters. Only the 999 new or reworded pairs were
asked again. DWA identifiers are matched by title, and the one title reworded between releases is matched by
hand.



Table 1: The three layers of exposure

Layer Question put to the rater Asked on

Re replacement Could AT produce this task’s output at the quality of a typical worker all pairs
in the occupation?

Au augmentation  Time: does access to Al cut the worker’s time on the task as a whole Re =10
by at least half, at reference quality? Quality: in the same time, would
a peer grading blind rank the Al-assisted output above three of every
four unassisted outputs? Au = time V quality.

Su support Can Al perform a distinct, task-specific action normally required for Au
the output or as a direct input to its decisions, incorporable without
redoing it, with the outcome at typical quality? No threshold.

I
o

4 Measuring exposure

4.1 Stage 1: what the task requires

The first step of our procedure is to give each task-DWA pair two ordinal requirements, judged
independently of AT and adapted from the ladders of Parshall and Lopez-Luzuriaga (2026). C
(codifiability) asks whether a complete how-to document could let a trained worker perform
the task correctly every time. It runs from CO (self-evident) and C1 (fully specifiable) to
C2 (judgement between defensible alternatives), C3 (tacit expert judgement, verifiable only
by a peer) and C4 (produces transferable new knowledge). D (physical requirement) asks
whether a disembodied executor could complete the task. DO is purely informational, D1
needs presence to sense or move, and D2 to D4 need manipulation of objects in increasingly
variable environments. Stage 1 also records the O*NET abilities and capability families the
task draws on. These parameters are used as input for stage 2 and carry no presumption about
exposure. They give the measure its granularity, and help improve the raters’ performance in

our experience. Of all pairs, 15.5% are C3 or above and 37.7% need manipulation (D2+).

4.2 Stage 2: three nested layers

Table 1 has the three questions, which address exposure. The rater pictures a typical worker
in the occupation, with AI, the usual tools of the task and a laptop, and judges what frontier
AT could do on 31 August 2026 (the models released by then, and the software and agents built
on them). The bible is the first source of evidence, and background knowledge comes in only
when the benchmarks leave the question open, in which case it has to be declared and cannot

reach past the cut-off.

An example. The tasks of chefs and head cooks show how the layers split one occupation.
“Record production or operational data on specified forms” is replaceable. “Arrange for equip-
ment purchases or repairs” is not, but Al cuts the time it takes by at least half. “Determine
how food should be presented and create decorative food displays” gains through the quality
channel instead: in the same time, a blind peer would rank the assisted result above three of
every four unassisted ones. “Check the quantity and quality of received products” gets support

only, an input the worker can use, with no large gain in time or quality. “Prepare and cook



foods of all types, either on a regular basis or for special guests or functions” falls outside all

three layers.

Why these thresholds. We set both thresholds high on purpose and based on existing
literature. Halving the time is the threshold of the E; label of Eloundou et al. (2024), who
call it relatively high, and it lies above most measured effects: about 15% more resolutions per
hour in customer support (Brynjolfsson et al., 2025), a quarter less time in consulting tasks
(Dell’Acqua et al., 2023) and 40% less in professional writing (Noy and Zhang, 2023), with
more than a halving only in a well-specified coding task (Peng et al., 2023). On quality, blind
grading by professionals from the same occupation found gains of about 0.4 standard deviations
(Noy and Zhang, 2023). Under normality that places the median assisted output near the 66th
percentile of unassisted ones, below the 75th that our quality channel requires. We want Au

to catch large gains only, and modest ones do not count.

Nesting. If Al does the whole task there is a productivity gain, and if there is a substantial
gain there is support. So Re =1 = Au =1 = Su =1, and each layer is asked only where the

previous one is zero:

Au = ReV Aumeasured’ Su = AuV Sumeasured‘ (1)

The step from Re to Au is imposed by
design, and we know it is a generous reading, since once review and correction of model output
are counted, measured speed-ups on professional deliverables can be far smaller (Patwardhan
et al., 2025). The published value of each layer includes the previous ones. Au measured is
positive for 18.0% of the 15,143 pairs with Re = 0 (time channel 7.6%, quality channel 15.5%).
Su measured is positive for 60.5% of the 12,411 pairs with Au = 0.

How the bible plugs in. The rubric asks the rater to read each benchmark by how it is
built and not only by its score, and a benchmark counts as positive evidence only if it is at least
as demanding as the task. When no benchmark covers the task, or there is no human baseline,
that counts as evidence neither way. Physical tasks have their own test: observation that
commodity hardware can capture (cameras, microphones, drones) is judged as interpretation,
while presence itself and manipulation need evidence of deployment in environments at least
as unstructured as the task’s. Scores obtained in sandboxes and multi-step tasks are checked

against the documented autonomy horizon (Kwa et al., 2025).

What exposure excludes. Regulation, legal responsibility and a preference for a human

provider do not make a task technically impossible, so the rubric leaves them out. They are



frictions, and we deal with them in other parts of our analysis: responsibility and the preference

for a person enter in the shields layer (Section 7), and regulation is left to the applied work.

5 The rater panel

Raters. Three frontier models (Claude Opus 5, GPT-5.6 and Gemini 3.1 Pro)

rate every pair blind and independently, in batches of about twenty pairs,
returning a label, a short reasoning, the benchmarks used and a confidence level. We use three
models and not only the most capable one, favouring redundancy over cost, since exposure
scores from a single model are unstable across models (Yin et al., 2026), and Section 8 shows

how much each of ours moves the scores.

Delphi reconciliation. Pairs that are not unanimous on an axis go to a single Delphi-style
round (Dalkey and Helmer, 1963) in a fresh context, where each rater sees the reasoning of the
other two with their labels hidden, so that no label can anchor the second answer, and decides
again. The final label is the majority of that round. We take the round from Parshall and
Lopez-Luzuriaga (2026) and run it on our own raters, prompts and questions. When there is
no majority of at least two votes, a calibrated tie-break gives the label of the rater that agreed
most with the majority in the two-to-one splits of round 1 of the same run, and with fewer

than two valid votes the pair is flagged as unresolved.

Quality checks and the results bank. One known limitation of the technology at this
scale is that models drop rows (they omit the label column or mistype an identifier), and the
loss is invisible unless measured. We check every leg against its request file before anything is
parsed, and a leg that comes back short is asked again for the missing rows only. Final labels
are stored in a bank keyed by a hash of the rubric and the models, so that no pair is paid for

twice and a label is only reused under the same instructions.

Agreement. Table 2 reports round-1 agreement on the universe run, as unanimity and as
chance-corrected agreement (Cohen, 1960; Fleiss, 1971). In percentage terms the raters agree
on most pairs, and on every axis about two thirds of the pairs or more are unanimous in round 1.
Agreement is highest where the question is most objective: 85.3% of pairs are unanimous on
Re (Fleiss’ k = 0.79; the raters’ positive rates range from 37.1% to 42.4%) and 71.3% on D.
Corrected for chance, it is lowest for the threshold channels of Au (Fleiss’ k of 0.34 for time and
0.43 for quality), where the raters also differ most in their base rates, and for Su (unanimity
64.6%); the three raters’ positive rates range from 38.0% to 65.9%). This is the cost of asking
a quantitative threshold question, and it is why we reconcile the two channels separately and

report them both apart and combined.

What the Delphi round changes. Among the 3,404 Re pairs that reached the second
round with a two-to-one split, the final label differs from the round-1 majority in 22.4% of
cases. The share is similar for the Au channels (21.7% for time, 25.4% for quality), C (23.1%)



Table 2: Inter-rater agreement and Delphi reconciliation, universe run

Round 1 Delphi round
Unanimous Fleiss Cohen x  Sent Converged Tie-
Axis Pool Pairs (%) K range (%) (%) breaks
C codifiability all pairs 21,011 66.1 0.64 0.62 to 0.65 33.9 53.5 53
D physical requirement all pairs 21,011 71.3 0.71 0.70 to 0.73 28.7 54.0 182
Re replacement all pairs 23,233 85.3 0.79 0.78 to 0.81 14.7 46.6 3
Au time channel Re=0 14,572 777 0.34 0.24 to 0.47 22.3 64.7 0
Au quality channel Re=0 14,572 78.0 0.43 0.39 to 0.47 22.0 46.0 0
Su support Au=0 11,956 64.6 0.53 0.45to 0.64 354 42.4 0
Universe run on the 29.x task list, before the 31.0 update. Stage 1 excludes the pairs carried over
from the 50-occupation calibration run. “Sent” = share of pairs not unanimous in round 1 and sent
to the Delphi round. “Converged” = share of those on which all three raters agree in the second

round. Cohen k range over the three rater pairs.

and D (23.9%), and highest for Su (34.4%). So the minority carries the pair often enough to

matter, as the design intends.

6 From pairs to occupations

Pair to task. Since for an occupation the same task may appear several times under different
DWAs, and we base our analysis on task-DWA pairs, we then need a reconciliation. A task’s
score is the mean over its pairs, that is, the share of its activity readings that are positive.
As in Eloundou et al. (2024), we aggregate activity labels to tasks before occupations, and a
task’s weight is split equally among its n pairs and never multiplied by them (Tomlinson et al.

(2025), on the other hand, give a task’s full weight to every activity it maps to).

Task to occupation: time weights. Following Martin and Monahan (2022), each task’s
relevance RT (share of incumbents who rate the task as relevant to their job) and frequency
distribution F'T, over seven categories are turned into a share of working time. With the
implicit “never” category at weight zero, the revised frequency share is F'T, - RT/100. The

composite time score is

" FT.RT
>

ERPIRS T
c=1

w = (0.02, 0.03, 0.06, 0.08, 0.10, 0.13, 0.16), (2)

from “yearly or less” to “hourly or more”, and the time share of task ¢ in occupation o is

T = 51/ Y_peo Sv- The occupation’s layer score is

L, = Zwt Ly, L € {Re, Au, Su}, (3)

t€o



Table 3: Task weighting schemes, 923 occupations

Re Au Su Rank corr. of Re  Largest Re
Weighting mean (%) mean (%) mean (%)  with headline  shift (points)
ONS time shares (headline) 37.8 48.4 79.2 1.000 0.0
Annual occurrence counts 37.5 47.8 79.4 0.974 274
Task importance 37.1 48.1 78.8 0.988 194
Equal weights 37.0 48.0 78.5 0.983 19.0

Means across occupations. All schemes give tasks without ratings an equal share within their occupation.

Table 4: Exposure in the O*NET 31.0 universe

Per pair  Time-weighted, Median ~ SOC with more than

Layer (%) mean of SOC (%) SOC (%) half of time

Replacement (Re) 37.1 37.8 35.5 259 (28%)
Augmentation (Au) 48.5 48.4 48.8 447 (48%)
Support (Su) 79.7 79.2 91.5 763 (83%)

24,087 pairs, 923 occupations. Layers are cumulative (Re C Au C Su). Au read through
one channel only: time 42.0%, quality 46.9% of working time.

the share of the occupation’s working time that is replaceable, augmentable or supportable.
Tasks without ratings get an equal share within their occupation, and occupations without any
ratings get equal weights throughout. The ONS estimate the frequency weights by regression
and call them fairly arbitrary (Martin and Monahan, 2022), so we set them against three
alternatives in Table 3: annual occurrence counts (Tomlinson et al., 2025), task importance
and equal weights. The choice barely moves the means (less than a point) or the ranking by
Re (rank correlation with the headline of at least 0.974), but a single occupation can move by
more than a quarter of its working time, so weights matter when we look at one occupation,
and much less when we look at all of them. And we see value in the ONS time-share method.

Whatever the weights, an occupation’s score depends on how O*NET writes its task list.
For chefs and head cooks, cooking is one of 21 tasks and gets 4% of working time, while the
other tasks are supervisory and administrative. This matters most in supervisory occupations,
whose scores are better read together with the task list behind them, and the released pair file
allows it.

Behind the means (Figure 2), replacement rises smoothly across occupations, and where it
is low but the work is informational, augmentation and support cover most of the remaining
time. The least replaceable quarter of occupations holds 63% of all working time outside the
three layers, and 79% of their task-activity pairs require manipulation, compared to 8% in the

most replaceable quarter.

7 The complementarity apparatus

At the current frontier almost every informational task comes out exposed: 99.9% of DO pairs
are at least supportable (Table 8). Exposure is technical capability, and there are frictions that
hold back capability from turning into substitution, which exposure leaves out on purpose. We

propose shields to measure some of them, built around what ties the work to a person, together
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Where Al cannot replace the task, it mostly still augments or supports it
% of working time: replacement, augmentation margin, support margin, none

923 O*NET 31.0 occupations in 20 equal groups, from least to most replaceable
100% -

5% -

50% -
) IIIIII
O%'_..II

Source: own panel (three models + Delphi) on O*NET 31.0; capability frontier 31-08-2026; ONS time weights.

Figure 2: Time-weighted layers across occupations. Occupations sorted by their replaceable
share and grouped into 20 bins of equal size; each bar is the bin mean.

with one more measure, expert complementarity, for the work where AI helps an expert without
replacing them. We report them as a vector and never average them into exposure. The shields

reach CNO-11 through the same bridge as the exposure layers (Appendix A).

7.1 Shields from O*NET descriptors

We compute three shields from eighteen O*NET descriptors, with no model annotation (Ta-
ble 5). Each descriptor is rescaled to [0,1] with (z — 1)/4 from its scale of 1 to 5. Channels

that are alternative routes to protection are combined with a power mean,

1 P\ /P B
E pt Ii ) ’ p= 47 (4)

My(z1,...,2) = (

which sits close to the maximum, since one high channel is enough to tie the work to a person

and a low channel should not average it away.
e Relational nexus. Friction in volume, FRIC = F' x V, with
F = 1 conflict + 1 max(unpleasant, violent)

and V the mean of the three contact items. The product keeps friction without volume,
or volume without friction, low. Presence, PRES, is the mean of the three items on what
the client buys from the person. Nexus = M, (FRIC, PRES).

e Organisational responsibility. The cost of nobody answering for the result: Resp =

11



Table 5: O*NET descriptors behind the shields

Shield Channel O*NET descriptor Domain
Nexus Friction F Conflict Situations WC
Dealing With Unpleasant, Angry, or Discourteous People WC
Dealing with Violent or Physically Aggressive People WC
Volume V' Contact With Others WC
Deal With External Customers or the Public in General WC
Work With or Contribute to a Work Group or Team WC
Presence Performing for or Working Directly with the Public WA
Assisting and Caring for Others WA
Establishing and Maintaining Interpersonal Relationships WA
Responsibility  Criticality = Consequence of Error WC
Discretion  Freedom to Make Decisions WC
Impact of Decisions on Co-workers or Company Results WC
Authority  Coordinate or Lead Others in Accomplishing Work Activities WC
Work Outcomes and Results of Other Workers WC
Health and Safety of Other Workers WC
Authorship Determine Tasks, Priorities and Goals WC
Thinking Creatively WA
Level of Competition (only x Thinking Creatively) WC

WC: Work Context (context scale). WA: Work Activities (importance scale). Both rescaled from a scale of
1 to 5 to [0,1].

My (CRIT, DISC, AUT), with criticality the consequence of error, discretion the mean of

the two decision items, and authority the mean of the three items on other workers.

o Authorship. Auth = %(determine + creative + competition x creative). The competition
item enters only through creativity, so that commercial pressure alone does not load on

the index.

We also express each shield as a percentile across the 923 occupations, since the aggregators

have different ranges and percentiles can be compared across shields.

7.2 Occupations without descriptors

In O*NET 31.0, 12 occupations have none of the eighteen descriptors, and three model raters
estimate them. Each rater receives the item definitions with their scale anchors, four reference
occupations with their tasks and observed ratings, and the target occupation’s title and tasks.
Two references are chosen to cover the low, middle and high bands of the items, and two are
the closest occupations by work content, and every estimate cites the reference it is placed
against. The final value is the mean of the three estimates, and we flag an item for review
when the estimates span two points or more or any rater reports low confidence (48 of the 216
adopted items).

To check the estimates we ran a pilot on three occupations held out with their 54 observed
scores. The mean absolute error of the panel mean on the scale of 1 to 5 was 0.29 with this
mixed reference set, 0.30 with the four closest occupations and 0.34 with four band-covering
ones, compared to 0.31 for the plain mean of the closest references. Three occupations are too
few to say that the panel beats the simpler rule (the gap between the two is small), but the

pilot does show an error of about a third of a scale point. Rows built on estimates carry a
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Table 6: Rank correlation between shields and exposure layers, 923 occupations

Shield Re Au Su
Relational nexus 0.06 0.04 0.12
Organisational responsibility -0.13 -0.12 -0.03
Authorship 0.28 0.40 0.50

source flag in the released file. The point is not so much for these 12 occupations, but rather

for future ones in future O*NET releases, which may become an issue if the number gets larger.

7.3 Expert complementarity

We build a fourth measure from the panel itself, exploiting the gap that stage 1 shows along the
codifiability ladder (Table 9): replacement peaks at C2 (50.5%) and falls to 13.7% at C3 and
0.0% at C4, while augmentation stays high (74.4% at C4, a band of only 219 pairs). Expert
complementarity is the share of working time in pairs that require tacit expert judgement or
produce new knowledge (C3 or C4), are not replaceable (Re = 0) and are still supportable
(Su = 1), that is, the work where AI raises what an expert can do without substitution. It is
very uneven across occupations: it is zero in 43% of them and has a median of 3.8% of working
time, against a mean of 12.1% (90th percentile 36.9%) and a peak of 80.1% for Biochemists
and Biophysicists.

7.4 How the shields relate to exposure

Across the 923 occupations, the nexus and responsibility are almost uncorrelated with exposure
(Table 6). Authorship, on the other hand, correlates positively with every layer (p = 0.40 with

Au), so we report the quadrant index with and without it.

7.5 A quadrant typology

In a similar way to Pizzinelli et al. (2023), the vector can be summarised in four quadrants,
with replacement on one axis and a shield index on the other, each cut at its median across
occupations, where the index is the mean of the shield percentiles. At O*NET level there are
no employment weights, so Table 7 counts occupations. Median cuts put half of them on each
side of each axis, and since the index is nearly uncorrelated with replacement, each quadrant
ends up with close to a quarter. We use the table to show how much the classification depends
on what enters the index.

Authorship correlates with exposure (Table 6) and is a marker of creative work. It has IP
issues, and it is tricky, so we treat it with caution. Dropping it moves the rank correlation of
the index with Re from 0.08 to -0.04, and 15% of occupations change quadrant, so whenever
we use the quadrants we say which shields enter the index.

For policy, the quadrant that matters most is high exposure with a low shield. It holds 217
occupations with the full index, and 86% of them stay there when authorship is dropped. The

ones with the most replaceable time are clerical and analytical: insurance claims and policy
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Table 7: Quadrants of replacement and shields, share of 923 oc-
cupations (%)

Index: nexus, Index: nexus,
Quadrant responsibility, authorship responsibility
High exposure, low shield 23.5 25.2
High exposure, high shield 26.4 24.7
Low exposure, high shield 23.5 25.2
Low exposure, low shield 26.5 24.8

Replacement is the time-weighted Re; the index is the mean of the shield
percentiles. Both axes are cut at their median across occupations.

Table 8: Layers by physical band (%) Table 9: Layers by codifiability band (%)
D Pairs  Share Re Au Su C Pairs  Share Re Au Su
DO 12,067 50.1 70.5 85.3 999 C0o 54 0.2 11.1 11.1 22.2
D1 2,935 12.2  14.1 329 90.9 C1 10,700 44.4 33.7 35.6 62.6
D2 3,751 15.6 0.5 6.5 59.1 C2 9,596 39.8 50.5 62.8 93.4
D3 4,673 194 0.0 3.6 444 C3 3,518 14.6 13.7 477 93.7
D4 661 2.7 0.0 0.0 25.7 C4 219 0.9 0.0 74.4 100.0

processing clerks (100%); data scientists (100%); insurance underwriters (100%); payroll and
timekeeping clerks (99%); customer service representatives (96%). Among those that leave
it, the three with the most replaceable time are office and booking jobs, whose index rises
once their low authorship no longer counts: medical secretaries and administrative assistants
(92%); reservation and transportation ticket agents and travel clerks (89%); human resources

assistants, except payroll and timekeeping (88%).

8 Validation

Construct gradients. If the rubric works, replacement should fall where the task needs
physical manipulation, and augmentation should outlast replacement where judgement is tacit,
and both patterns appear (Tables 8 and 9). Re falls from 70.5% of DO pairs to 14.1% at D1
and 0.5% at D2, while Su remains at 59.1% at D2.

Comparison with Eloundou et al. We correlate our unweighted occupation means with
the replication package of Eloundou et al. (2024) on the 923 occupations common to both
(Table 10). Awu tracks their 5 closely (r = 0.89; r = 0.87 against their human annotators’
B) and their v (r = 0.90), Re tracks § at 0.83, and all three layers correlate weakly with «,
the direct-exposure measure. Levels differ, as intended, since Re (37.0%) is stricter than any

reading of exposure that counts partial time savings, and Su is laxer than ~.

Observed use. The June 2026 release of the Anthropic Economic Index (Massenkoff et al.,
2026; Anthropic, 2026) is keyed on O*NET 30.2 task identifiers and can be joined to our tasks.
Usage is a lower bound on capability, and a missing row only means that the cell was not
published (usage there may still be positive), so the check only works in one direction: we

expect usage to fall almost entirely on tasks with Su = 1, and a used task with Su = 0 is a
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Table 10: Correlation with Eloundou et al. (2024), occupation level

Mean (%) o (GPT-4) g (GPT-4) ~ (GPT-4) /3 (human)

Re (unweighted) 37.0 0.56 0.83 0.79 0.78
Au (unweighted) 48.0 0.50 0.89 0.90 0.87
Su (unweighted) 78.5 0.35 0.78 0.84 0.78

Pearson correlations, unweighted task means per SOC. Eloundou et al. means over the
same occupations: « 14.2%, 8 34.5%, v 54.8% (GPT-4); human 8 30.3%. We follow
the replication package in calling the broadest measure ; the paper calls it (.

candidate labelling error. We join the 2,823 tasks with a published row in Claude.ai and the
2,427 in the first-party API (April and May 2026, global),* and a task carries a label when
all its pairs do. Use falls where we expect it, 99.9% of it on tasks with Su =1 (99.7% in the
APIT) and 84.7% on tasks with Re = 1, and coverage follows the layers: 30.8% of the tasks we
label replaceable have a row, 18.7% of those only augmentable, 5.5% of those only supportable
and 0.5% of those outside all three layers. The API, mostly used in automated pipelines, puts
more of its use on tasks with Re = 1 (88.3% against 84.7% in Claude.ai), as we would expect,
but the gap is small, since at least 90% of its use is automation whatever the label of the task.
The 3,665 tasks with Su = 0, 19% of all our tasks, get 0.1% of the use (0.3% in the API),
and only 20 of them have a row. Of these, four are tasks of actors, where role-play makes our
label arguable, and the rest are greetings, reassurance and physical routines such as weighing
ingredients, which look like conversations about the task that the index files under it, more
than Al doing the task. Since a missing row is not a zero, the check rules out false negatives
at scale (tasks where Al is used and we say it cannot help), but tells us nothing about false

positives.

Human validation. A blind human audit of 50 tasks on an earlier, Eloundou-style rubric
agreed with the model labels on 94% of tasks (Cohen’s k = 0.88). We also validated the current
rubrics with human review of samples of pairs at each stage and of the resulting occupation

scores, and corrected them where the review found systematic errors.

Sensitivity to the rater. We never sampled pairs, since the universe is classified in full,
so there is no sampling error at O*NET level. What remains is measurement error from the
raters, and the question raised by Yin et al. (2026) of how much an occupation’s score depends
on the model that rates it, which is also the question behind using three models instead of the
most capable one alone. We recompute the time-weighted Re of each of 923 occupations three
times, each with one model’s round-1 labels alone, and compare them with the reconciled score.
The single-model means range from 37.5% to 43.2% against 37.8% for the consensus, and each
single-model version correlates at least 0.93 with it. For an individual occupation, however,
the three versions differ by a median of 9.4 points and by 25.1 or more for one occupation in

ten. The consensus falls inside the single-model band for 92% of occupations, close to its lower

43 of the Claude.ai tasks and 2 of the API ones are not in O*NET 31.0 and drop out.
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end.

The ordering of occupations barely depends on the rater, but the levels do: the mean

moves by several points from one rater to another and single occupations move by more, and

we intend to release that band with the scores. We think the results are quite consistent.

9 Limitations and roadmap

US task content. O*NET describes US jobs. For our field of interest, we need cross-

walks to land it on the Spanish labour market.

Thresholds at occupation level. Table 4 counts occupations above half of their time,

and since the cut is a convention, Figure 2 shows the full distribution.

Unweighted bridge. Collisions in the bridge (Appendix A) are averaged without em-
ployment weights. Weighting by US employment (OES) is a candidate refinement. Inside
some cultural groups the crosswalk introduces visible noise (for example, collection man-

agers mapped to debt collectors).

Frozen at one date. The layers are fixed at the 31 August 2026 frontier, so any series
built on them is compositional. We do not see that as a defect, since we expect Al to
show up in survey data first as a change in the occupational mix within sectors, before it
shows in sector headcounts. Re-running the panel with an updated bible and the same
prompts and raters is how we would measure capability change, but changes in prompts,
raters and coverage also move labels, and so does O*NET, which updates its task lists
regularly. A comparison over time has to hold as much as possible fixed, and the raters
can be held fixed only while their model versions remain available. Using open-weight
models could solve that, but they are not state of the art, so for method validation, we

opted for closed ones, where availability is an issue.

A ceiling on capability. The layers measure technical feasibility at the cut-off, which
is a ceiling, as in other task-based measures (Brynjolfsson et al., 2018). How much of it is
put into practice depends on adoption, which varies across firms and sectors (a start-up
and a bank do not move at the same speed) and is not measured here; early evidence
finds no effect so far on earnings or recorded hours, although tasks are already being

reorganised (Humlum and Vestergaard, 2025).

What the bible covers. Benchmarks cover informational work much more densely
than physical work, which the bible only reaches through simulation. Some best scores
are reported by the developers themselves, and a score obtained in a sandbox says little
about open interaction with people. An updated bible keeps these gaps, and a new
benchmark can move labels by filling one, so part of the change between two waves will

come from the inventory and not only from the frontier.

Rater lag. Where benchmarks do not settle a question, raters fall back on background
knowledge, which may lag the frontier, and if so labels are biased downward. The check

against observed use (Section 8) is a one-sided test of this.
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Table 11: Released datasets

Dataset Unit Rows  Content

Capability inventory  benchmark 33 what each benchmark measures, best score and model by
31 August 2026, metric, source, human baseline

Pair labels task-DWA pair 24,087 C, D, Re, Au time and quality channels, Au, Su, with
provenance

Occupation scores O*NET-SOC 923 time-weighted Re, Au, Su, Au by channel, expert comple-
mentarity, alternative weightings

Shields O*NET-SOC 923 nexus, responsibility, authorship, their channels and per-
centiles, observed or estimated

ESCO scores ESCO occupation 3,220 layers, with the SOC behind each mean

CNO-11 scores CNO-11, 3 digits 169 layers, channels and shields, with coverage diagnostics

o Imputed shields. 12 occupations have estimated shields, pending O*NET data collec-

tion. Tasks without ratings take equal time shares within their occupation.

10 Data availability

We release all results, and Table 11 lists the files. Each comes with a legend that defines
every variable, its unit and its source. Labels keep their provenance (unanimous round 1,
Delphi majority, tie-break, carried over from the earlier task list), and rows built on estimated

descriptors are flagged.

11 Conclusion

We ask three nested questions of every task-activity pair in O*NET and answer them against
capability evidence dated to a single cut-off, with a Delphi round where the three model raters
disagree. Since the evidence is dated, the same apparatus can be run again with a later bible
to give a series, within the limits of Section 9. Its first use is to separate what a single expo-
sure score mixes: replacement is most frequent among tasks that call for judgement between
defensible alternatives and rare where the judgement is tacit and expert, while augmentation
stays high there (although the most knowledge-producing band rests on few pairs).

The measure is a ceiling on capability, and it does not forecast adoption or displacement,
since there are frictions that hold back capability from turning into substitution, some of which
we measure separately as shields (relational, organisational and authorial, reported as a vector).
For Re, the ordering of occupations holds under other weighting schemes and other raters, while
levels move more, above all for single occupations, and we intend the release to carry that band.

We release all labels and scores at pair, occupation and CNO-11 level, so that applied work

on Spanish microdata can use the measure without rebuilding it.
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A From O*NET to the Spanish classification

In this appendix we carry the occupation scores (Section 6) and the shields (Section 7) to
three-digit CNO-11, the classification used in Spanish labour-force microdata. Other estimates
for Spain import US or global indices through classification mappings (Banco de Espaiia, 2026;
Felgueroso et al., 2026; Rodriguez-Ferndndez, 2026; Mestre et al., 2025), while we carry our

own scores, and only through official crosswalks.

Crosswalks. We use three official files for the bridge: the ESCO to O*NET-SOC 2019 cross-
walk published by the O*NET Resource Center (U.S. Department of Labor, Employment and
Training Administration, 2026a), the ESCO and O*NET crosswalk of the European Com-
mission and the US Department of Labor with its match types (exact, broad, narrow, close)
(European Commission, Directorate-General for Employment, Social Affairs and Inclusion and
U.S. Department of Labor, Employment and Training Administration, 2022), and INE’s official
correspondence between CNO-11 and ISCO-08 (Instituto Nacional de Estadistica, 2011), and
we build no mapping by hand.
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Figure 3: The measurement pipeline, from the capability inventory to the Spanish classification.

Occupation to CNO-11. We read the bridge from the destination (Figure 3). Each ESCO
occupation takes the mean score of all O*NET-SOC occupations the official crosswalk links to
it, used as published and without selecting by the match types (exact, broad, narrow, close) of
European Commission, Directorate-General for Employment, Social Affairs and Inclusion and
U.S. Department of Labor, Employment and Training Administration (2022). The ISCO-08
group is read from the ESCO code. INE’s correspondence maps ISCO-08 to CNO-11 at four
digits, and the only truncation in the chain is CNO-11 from four to three digits, on the Spanish
side. Every collision is resolved by an unweighted mean, as in the IBS crosswalk files (Institute
for Structural Research (IBS), 2016), and we keep the detail behind each mean. The Banco de
Espana uses weighted averages for the same step from ISCO-08 to CNO-11 (Banco de Espana,
2026), and weighting is a candidate refinement (Section 9).

Two lessons shaped this design: truncating ISCO to three digits before the jump merges
siblings (police and firefighters share ISCO 541), and the hand-built mappings we tried intro-
duced errors of a kind the official files avoid, although the official files carry noise of their own
(Section 9).

Coverage is close to complete. The bridge reaches 3,220 ESCO occupations, 39% of them
from a single SOC, and all 169 CNO-11 groups get a score, resting on a median of 15 SOC and
298 O*NET tasks. In 167 every four-digit unit is covered. In the other 2, 589 (5 of 6 four-digit
units), 770 (8 of 9 four-digit units), one unit has no linked SOC and the group score rests on
the rest. The only SOC the crosswalk does not reach is 35-9011 (dining room attendants),

which we report and leave without a score.

B Rubric excerpts
The replacement judgement, verbatim from the rater prompt:

E =1 (replaceable): AT as of {CAPABILITY__CUTOFF} could produce this task’s output

at the quality of a typical worker in the occupation. E = 0 (not replaceable): it could not.

The two augmentation channels, verbatim:

time = 1 if access to Al cuts the worker’s time on this task as a whole by at least half,
at the quality of the reference. A saving confined to one part of the task counts only if it
halves the time of the whole task.

quality = 1 if, in the same time, a peer from the occupation grading blind would rank the
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output the worker produces with Al above at least three of every four outputs that typical

workers produce without it.

The full rater prompts are not part of the release.
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