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Abstract

AI systems are embedded in economic produc-
tion, public discourse, governance, and per-
sonal decision-making, yet there is little em-
pirical infrastructure for tracking whether this
integration erodes humans’ ability to meaning-
fully shape outcomes that affect their lives. We
argue that measuring AI-induced disempow-
erment is both urgent and tractable, and lay
out a research agenda for doing so. We first
operationalize disempowerment through Sen’s
model of agency and a three-layer model of
exposure, erosion, and lock-in, applied across
economic, political, and cultural domains at in-
dividual, institutional, and civilizational scales.
We survey existing measurement efforts and
show that current work clusters almost entirely
at exposure, leaving erosion and lock-in largely
unaddressed. We then propose six concrete
metrics (centaur evaluations, disempowerment
perception surveys, AI content saturation and
cultural convergence monitoring, monitoring
capital flow to and from human labor, human
task frontier tracking, and institutional ethnog-
raphy) and identify which actors are best po-
sitioned to implement each. We close by dis-
cussing limitations and open challenges, includ-
ing construct validity across levels of analysis,
causal attribution, the distinction between dis-
empowerment and adaptation, and the political
economy of measurement.

1 Introduction

AI systems are becoming embedded in consequen-
tial human domains at accelerating pace. Chat-
GPT alone serves over 900 million weekly users
(OpenAI, 2026). Half of new code at Google is
AI-generated (Alphabet Inc., 2026). AI adoption
among US firms more than doubled between fall
2023 and mid-2025 (Kalyani et al., 2025). Beyond
routine productivity tasks, AI now mediates activ-
ities with direct implications for human agency:
drafting legal arguments and political speeches

(Tokamak, 2025), providing companionship and
emotional support (McCain et al., 2025), and shap-
ing the information environments (e.g. on social
media) through which people form beliefs.

AI integration has the potential to adversely af-
fect human autonomy and empowerment at multi-
ple scales. On the individual level, Sharma et al.
(2026) analyze 1.5 million AI assistant conversa-
tions and find concerning patterns: users outsourc-
ing value-laden communications, positioning AI
as authority figures, and receiving sycophantic val-
idation of distorted beliefs. On a systemic level,
Kulveit et al. (2025) outline gradual disempower-
ment, where competitive dynamics across the econ-
omy, culture, and the state reduce human influence
without any single actor intending it. Drago and
Laine (2025) calls it the intelligence curse: as firms
and states derive productivity from AI rather than
human labor, their incentives to invest in human
welfare diminish.

We term this cluster of risks AI-induced dis-
empowerment: the erosion of humans’ ability to
meaningfully shape outcomes that affect their lives,
where such erosion is caused or substantially medi-
ated by AI systems. This definition encompasses
a knowledge worker who can no longer perform
their job without AI assistance, a legislature that
passes AI-drafted bills its members do not fully un-
derstand, and an information ecosystem in which
the vast majority of publicly available knowledge
is not controlled by humans but has narrowed to
reflect language model output distributions.

Notably, not all usage of AI constitutes dis-
empowerment; whether it does is likely highly
situation-dependent, as what might be disempow-
ering to some might be empowering to others. We
argue that AI use is not disempowering when it ex-
pands a party’s effective options. Following Sen’s
framework of agency (Sen, 1985), we advocate
measuring disempowerment by looking at the ca-
pability set of an individual. Namely, given AI, we
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ask what set of tasks still requires human involve-
ment. This grants the individual effective power
and leverage in society even under AI automation.
More precisely, displacement becomes disempow-
ering when it produces erosion (the person can no
longer perform the task independently) or lock-in
(institutional infrastructure for human performance
no longer exists). Displacement without erosion or
lock-in is adaptation. A harder case arises when a
professional uses AI, is more productive, and re-
ports higher satisfaction, but whose independent ca-
pability is eroding. Our framework classifies this as
disempowerment: capability erosion matters even
when the individual is currently satisfied, because
the conditions under which AI assistance remains
beneficial could change, and eroded capabilities
cannot be rapidly restored.

Despite growing attention to disempowerment,
there is a lack of both theoretical and empirical in-
frastructure for measuring and forecasting it. This
paper argues that the measurement gap is a key
binding constraint for mitigating AI-induced dis-
empowerment, and lays out a research agenda for
closing it.

Contributions We offer three contributions: a
three-layer framework (exposure, erosion, lock-in)
for operationalizing disempowerment as a measure-
ment target; six concrete metrics spanning eco-
nomic, political, and cultural domains with feasibil-
ity assessments; and an analysis of the foundational
challenges that constrain this measurement agenda.

1.1 Scope
We focus on gradual, competitive disempower-
ment: the erosion of human agency through market
dynamics and adoption incentives. This is both
because gradual disempowerment produces observ-
able, continuous signals amenable to empirical
measurement, and because it is the scenario where
timely measurement is most likely to inform cor-
rective action.

What this paper is not We measure disempow-
erment from the lens of human agency, which is
distinct from human well-being (Sen, 1985). It
is possible that human well-being is high while
human agency is low. For example, consider a so-
ciety where citizens freely choose their food, hous-
ing, careers, and relationships, achieving genuine
well-being through real alternatives. But all action
beyond personal life is foreclosed: no political par-
ticipation, no civic organizing, no capacity to shape

the world beyond oneself. There, a person’s well-
being is high, but agency is low. Measurements
of AI development progress (pace of R&D), AI
capabilities (performance on general benchmarks),
and AI adoption are not our direct measurement
goals, but might serve as instrumental indicators
for disempowerment.

1.2 Existing work and critical gaps

1.2.1 Existing work

Several major efforts track AI development, adop-
tion, and governance readiness longitudinally, in-
cluding the Stanford AI Index (Maslej et al., 2025),
the OECD AI Observatory (OECD, 2025), and the
Oxford Government AI Readiness Index (Oxford
Insights, 2025). These provide longitudinal cover-
age of AI inputs (how capable systems are, how
widely they are adopted, and how prepared insti-
tutions are to use them) but do not systematically
track AI’s effects on human agency, capacity, or
the structural preconditions for meaningful human
participation.

Sharma et al. (2026) provide the most direct op-
erationalization of AI-induced disempowerment to
date, but their framework is scoped to individual
interactions; it measures whether a given interac-
tion was disempowering, not whether sustained
use erodes capacity over time or restructures the
conditions for human agency.

In the economic domain, Eloundou et al.
(2023) estimate task-level automation potential;
Massenkoff and McCrory (2026) advance this by
distinguishing theoretical capability from observed
professional usage; Brynjolfsson et al. (2025) and
Gimbel et al. (2025) track employment trends in
AI-exposed occupations. There are few studies
that measure effects on human capacity directly:
Budzyń et al. (2025) find endoscopist deskilling
after AI exposure, but this is limited to a single
domain, a short horizon (≤6 months), and an ob-
servational design.

In the epistemic and cultural domain, experimen-
tal work demonstrates that AI use homogenizes
outputs at the collective level (Doshi and Hauser,
2024; Jiang et al., 2025), that LLMs are less epis-
temically diverse than web search (Wright et al.,
2025), and that AI-generated content constitutes a
growing fraction of web text (Spennemann, 2025;
Liang et al., 2024). However, this work is pre-
dominantly experimental, with little study of down-
stream effects at population scale.
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In sum, there is a lack of systematic, cross-
domain longitudinal measurement of AI’s effects
on human capability, institutional override capacity,
and structural preconditions for agency. We iden-
tify two structural gaps to motivate the framework
we propose in Section 2: a temporal gap (change is
rarely tracked over time) and a cross-domain gap
(existing measurement misses indirect and com-
pounding effects, e.g. interaction effects and indi-
rect causal pathways, because research communi-
ties are organized around disciplinary silos).

1.2.2 Gap 1: No measurements of longitudinal
disempowerment

Most existing work on disempowerment-specific
effects is cross-sectional or short-horizon, with lit-
tle measurement of longer-term erosion or lock-
in: whether sustained AI use degrades knowledge
workers’ baseline competence beyond six months,
whether institutional override capacity declines
over years of AI adoption, or whether the struc-
tural preconditions for human agency (training
pipelines, human-staffed review processes, legal
architectures) are being maintained or dismantled.
This means that the gradual transition from volun-
tary AI delegation to involuntary dependence are
empirically invisible.

1.2.3 Gap 2: Lack of understanding of
cross-domain interaction effects

Existing measurement is generally domain-specific:
for instance, labor economists might track displace-
ment, while media researchers track content ho-
mogenization and political scientists track gover-
nance quality. Ths is because of lack of cross-
domain measurement infrastructure. However, the
gradual disempowerment thesis predicts that there
may be plentiful disempowering dynamics that are
cross-domain, indirect, and compounding.

2 Framework

Motivated by the gaps identified in Section 1.2,
we operationalize disempowerment in two parts: a
depth model that tracks how disempowerment deep-
ens over time (Section 2.1), and two measurement
axes, domain and level of analysis, that locate spe-
cific measurements within the space (Section 2.2).
The depth model is our primary organizational con-
tribution; the axes provide scaffolding for organiz-
ing the metrics proposed in Section 3.

2.1 Three layers of deepening
disempowerment

We propose a three-layer model describing how
disempowerment deepens: exposure (AI changes
outcomes), erosion (humans lose the ability to act
without AI), and lock-in (institutional infrastructure
for human agency is dismantled).

2.1.1 Layer 1: Exposure
AI systems change outcomes by distorting human
judgment or displacing human participation. In
epistemic domains, AI interactions can lead users
toward inaccurate beliefs or inauthentic values. In
economic domains, AI substitutes for human la-
bor. In cultural domains, both operate simulta-
neously: AI-generated content displaces human
creators while narrowing the diversity of what con-
sumers encounter. This is the best-measured layer,
with established traditions in task-level exposure
analysis and employment tracking.

2.1.2 Layer 2: Erosion
Sustained exposure degrades humans’ ability to
perform tasks without AI assistance. The critical
transition is from voluntary delegation (using AI for
convenience while retaining the ability to do other-
wise) to involuntary dependence (no longer being
able to perform the task without AI). A lawyer who
has lost the ability to independently evaluate legal
reasoning cannot detect when AI produces a flawed
argument. This is the layer with the largest mea-
surement gap: no longitudinal studies beyond six
months track these dynamics.

2.1.3 Layer 3: Lock-in
Even if individuals retain their capabilities, the in-
stitutional infrastructure for exercising them may
no longer exist. A profession that has stopped train-
ing junior practitioners because AI handles entry-
level work has foreclosed recovery even if senior
practitioners retain their skills. Observable indica-
tors include whether human-expertise pipelines are
maintained, whether switching costs for reverting
to human decision-making are rising, and whether
legal architectures increasingly presuppose AI. By
the time lock-in is visible in lagging indicators,
reversal may be prohibitively costly.

These layers could compound in various ways
and arrive at different times: individual expo-
sure could cause erosion of capabilities that mani-
fests into societal-level lock-in of harmful values
(bottom-up). Alternatively, institutional restructur-
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Metric Name Economy Political Cultural Indicator
Metric #1 Centaur evaluations ✓ Leading
Metric #2 Disempowerment perception surveys ✓ Leading
Metric #3 AI content saturation and written output mode collapse ✓ ✓ Leading
Metric #4 Monitoring relative capital flow to and from human labor ✓ ✓ Lagging
Metric #5 Human task frontier tracking ✓ ✓ ✓ Leading
Metric #6 Institutional ethnography ✓ ✓ Leading

Table 1: Metric overview: domain coverage and whether each metric serves as a leading or lagging indicator of
disempowerment.

ing and economic automation could lead to the
lock-in of disempowering situations for a vast num-
ber of individuals without widespread capability
erosion, effectively sidestepping Layer 2 on the in-
dividual scale. We urge further study of potential
pathways to disempowerment.

2.2 Two axes of the measurement space

2.2.1 Axis 1: Domain

We identify three societal domains corresponding
to the three systems of Kulveit et al. (2025): the
economy (displacement of human labor, loss of eco-
nomic participation, concentration of AI-derived
value), the state (erosion of democratic governance,
legislative autonomy, and citizen leverage), and cul-
ture (homogenization of cultural production, dis-
placement of human creators, narrowing of the in-
formation environment). These domains interact
through feedback loops: economic power trans-
lates into political influence, which shapes cultural
norms, which enables further economic displace-
ment. We treat epistemic capacity, the ability to
form accurate beliefs, make authentic value judg-
ments, and take value-aligned actions, not as a
fourth domain but as a cross-cutting mechanism
operating within all three.

2.2.2 Axis 2: Level of analysis

Disempowerment occurs at three scales: individ-
ual (a person loses the ability to make autonomous
decisions or perform tasks independently), institu-
tional (an organization loses override capacity or
restructures in ways that make human roles unre-
coverable), and civilizational (the societal precondi-
tions for human agency, such as legal architectures,
expertise pipelines, and economic structures, are
reorganized around AI). These levels are not sim-
ply nested aggregates; disempowerment at different
levels may involve qualitatively different constructs
(see Section 4 on the jingle fallacy).

3 Proposed metrics

We propose six metrics to track AI-driven disem-
powerment across economic, political, and cultural
domains. Table 1 provides an overview of their
domain coverage and whether they serve as leading
or lagging indicators.

3.1 Metric #1: Centaur evaluations
Economy Political Cultural Indicator

✓ Leading

Description. Compare human-only vs. human-
AI (centaur) vs. AI-only performance on economi-
cally valuable tasks to determine whether human
participation still adds marginal value. If human-
AI teams outperform AI-only systems, humans re-
tain bargaining power through complementarity; if
AI-only matches or exceeds centaur performance,
the economic rationale for human involvement col-
lapses. This extends to cognitively demanding
tasks like writing and strategic research, where
human obsolescence would erode idea leverage:
the ability to shape narratives and exercise edito-
rial judgment. Chan et al. (2026) propose a related
metric for AI R&D tasks; we suggest extending
uplift studies to the broader economy and human-
centric tasks, for example on writing and judgment.
Several benchmarks measure AI-only economic
capability, including GDPval (Patwardhan et al.,
2025), the Remote Labor Index (Mazeika et al.,
2025), and APEX-Agents (Vidgen et al., 2026),
but as Brand and Burnham (2026) argue, these do
not test whether human-AI teams still add value.
An example of a centaur evaluation in software
engineering is the RCT by Becker et al. (2025)
where AI tools slowed experienced developers by
19%, despite forecasts of a 24% speedup. Another
notable example is on biorisk evaluations (Zhang
et al., 2026).

Significance. The most direct test of whether hu-
mans retain labour leverage in the AI economy. Ca-
pability crossover, when AI-only exceeds centaur
performance, is the precondition for displacement,
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and a leading indicator because it precedes actual
institutional adoption and workforce restructuring.

Feasibility. Moderate. Existing benchmarks
(e.g., GDPval, APEX-Agents) provide task sets that
could be extended to include centaur conditions.
The main cost is recruiting qualified participants
and designing scoring rubrics.

Limitations. Laboratory tasks may not reflect
real-world complexity, and overrepresentation of
easily benchmarked domains (e.g., coding) may
skew results. Participant selection effects and scor-
ing subjectivity for qualitative tasks limit compa-
rability. These evaluations cannot capture comple-
mentarity effects that emerge only in real work-
flows over extended periods. See Paskov et al.
(2026) for a discussion.

What remains to be done. Run RCTs for hu-
man uplift studies on various economically useful
or politically relevant tasks and compare the perfor-
mance from such centaur setups to human-only or
AI-only performance.

3.2 Metric #2: Disempowerment perception
surveys

Economy Political Cultural Indicator
✓ Leading

Description. Survey employees across white-
collar sectors on their perceived replaceability and
general disempowerment by AI considered across
various time scales (e.g. 6 months, 1 year, 3 years).
Example questions include: (1) How replaceable
do you think you are by AI in the next 6 months?
(2) How replaceable does leadership think you are
in the next year? Disaggregate by seniority, func-
tion, sector, and AI exposure level. Track longitu-
dinally to detect shifts.

Significance. Perception of disempowerment
is a leading indicator because it captures informa-
tion workers have about their own roles before in-
stitutional decisions are made. The gap between
self-perceived and leadership-perceived disempow-
erment reveals information asymmetries that pre-
dict displacement timing. Rising perception cre-
ates self-fulfilling dynamics by reducing bargaining
power before actual disempowerment occurs.

Feasibility. High. Survey methodology is well-
established and can leverage professional associ-
ations. Furthermore, there is a rich literature in
employment empowerment surveys that could be
adapted to the AI disempowerment setting; see
(Spreitzer, 1995; Menon, 2001; Alizadeh et al.,

2023; Kong et al., 2024).
Limitations. Self-report bias, social desirabil-

ity, and framing effects limit reliability; the most
replaceable workers may be least likely to respond.
This metric measures perceived rather than actual
disempowerment, and perception may lag reality
in fast-moving domains or lead it in media-hyped
ones.

What remains to be done. Develop and pilot a
validated survey instrument on AI-induced disem-
powerment on the most exposed sectors. Establish
baselines and secure professional association part-
nerships for longitudinal tracking.

3.3 Metric #3: AI content saturation and
written output mode collapse

Economy Political Cultural Indicator
✓ ✓ Leading

Description. As AI becomes embedded in gov-
ernance, media, and cultural production, two re-
lated risks emerge. First, a sovereignty risk: when
legislative text is drafted by AI, model-building
firms gain structural leverage over the political
process as models provide the default suggestions,
framings, and omissions. Second, a convergence
risk: as AI-generated content saturates discourse,
the diversity of human thought may narrow toward
the statistical modes of training data, resulting in
epistemic and cultural mode collapse.

We propose careful tracking of both risks. Exam-
ples include (1) Detect AI-drafted legislative text
using classifiers applied to congressional records,
state legislatures, and parliamentary records (e.g.,
Pangram Text; Emi and Spero, 2024). (2) Mea-
sure AI-generated content across major social me-
dia platforms using detection tools and stylometric
analysis; In peer-review articles, Liang et al. (2024)
found that 6.5-16.9% of text was substantially
LLM-modified. (3) Track distributional changes in
human written output (musical variation, student
exam essays) using information-theoretic measures.
Wattenberg (2025) documents how AI systems con-
verge on names like “Elara,” illustrating how algo-
rithmic averaging feeds back into human choices.

Significance. The three approaches trace a
causal chain from AI content entering governance
and public discourse to epistemic and cultural con-
vergence. This is a leading indicator because con-
tent saturation and distributional narrowing precede
the collapse of independent thought and cultural
production.
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Feasibility. Moderate. Much data is already
publicly available, and the main work that needs
to be done is in processing and analyzing it. Data
needs to be continuously collected at a large scale
for a longitudinal study.

Limitations. AI detection degrades as models
improve, creating an arms race that may render de-
tection unreliable. ‘AI-generated’ content spans
a spectrum from fully AI-written to lightly AI-
assisted, resisting clean categorization. Cultural
convergence may reflect globalization or social me-
dia effects rather than AI.

What remains to be done. Benchmark AI text
classifiers on legislative text and social media. As-
semble historical baselines for cultural convergence
and build automated monitoring infrastructure on
public human written text.

3.4 Metric #4: Monitoring relative capital
flow to and from human labor

Economy Political Cultural Indicator
✓ ✓ Lagging

Description. Monitor the relevance of human
labor through its fiscal signatures. The first ap-
proach tracks labor cost as a share of total operat-
ing expenditure using SEC filings and BEA indus-
try accounts, benchmarking firms by AI exposure
level following Massenkoff and McCrory (2026).
Labor cost changes are decomposed into wage,
headcount, and hours effects, with difference-in-
differences designs across AI-exposed and less AI-
exposed sectors isolating the AI effect. The second
approach examines whether firm-level displace-
ment feeds through to government fiscal incentives,
monitoring citizen taxation revenue relative to AI-
generated corporate profits to test whether revenue
structure shifts predict changes in social spending.

Significance. Labor cost share is the most direct
financial measure of human economic participa-
tion. At the government level, when AI-derived rev-
enue replaces citizen-derived revenue, the taxation-
representation feedback loop breaks. Both are lag-
ging indicators but highly credible, based on au-
dited financial reports and official fiscal statistics.

Feasibility. High. SEC filings and OECD/IMF
fiscal data are publicly available and machine-
readable. The main challenge is defining which
corporate tax revenue counts as “AI-derived.”

Limitations. Labor cost share has been declin-
ing since the 1980s due to globalization, market
concentration, and declining unionization (Paul,

2020), complicating attribution. Defining ‘AI-
generated corporate profits’ is ambiguous, and fis-
cal data is published 1-2 years after the period it
covers. The taxation-representation causal mecha-
nism is theoretically contested and the AI-specific
signal may only become detectable once displace-
ment is advanced.

What remains to be done. Build automated
SEC 10-K data extraction and establish pre-AI
baseline labor cost decompositions. Develop
methodology for attributing “AI-derived” govern-
ment revenue. Discover novel ways to reduce lag
time via higher-frequency proxy datasets, or work-
ing with data institutions to accelerate data releases
(possibly with AI).

3.5 Metric #5: Human task frontier tracking

Economy Political Cultural Indicator
✓ ✓ ✓ Leading

Description. Maintain a comprehensive inven-
tory of tasks currently performed by humans (for
example, see National Center for O*NET Develop-
ment (2025)). For each task, independently track
three dimensions: technical capability (whether AI
can perform it), practice adoption (whether institu-
tions use AI for it), and legal permission (whether
frameworks permit it). Emerging work such as
Massenkoff and McCrory (2026) demonstrate the
value of tracking capability and adoption simulta-
neously, though there is still little work on tracking
regulatory presence.

Significance. The broadest leading indicator in
the framework, tracking what AI can do, is allowed
to do, and actually does across all disempowerment
domains. The three dimensions reveal where adop-
tion outpaces governance and where institutional
inertia or legal safeguards provide buffers.

Feasibility. Moderate. Legal permission
tracking requires monitoring regulatory changes
across jurisdictions, feasible with automated legal
database monitoring. Practice adoption is the most
difficult dimension, requiring surveys or observa-
tional data on institutional behavior.

Limitations. Task selection is subjective and bi-
nary classification oversimplifies tasks with many
subtasks at different AI capability levels. Legal
framework tracking across jurisdictions is labor-
intensive and may miss informal changes. Eco-
nomic capability tracking overlaps with existing
benchmarks; this metric’s value-add is in the legal,
cultural, and political domains.
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What remains to be done. Track AI capabilities
and adoption across a database of human-centric
tasks and design automated monitoring for legal
framework changes.

3.6 Metric #6: Institutional ethnography

Economy Political Cultural Indicator
✓ ✓ Leading

Description. Conduct ethnographic case stud-
ies of institutions, observing the integration of
AI in core decision-making processes. The aim
would be to track who initiates adoption, what
pressures drive it, and whether existing override
mechanisms are effective. We think this approach
will be broadly useful for two purposes. First, gov-
ernments and firms at different stages of AI gov-
ernance integration could be studied, in order to
document critical points of disempowerment: who
makes decisions about adoption, which stakehold-
ers are prioritized, as well as institutional tipping
points where human override becomes implausible.
Second, self-reported AI usage from surveys could
be compared against ethnographic observation of
actual usage in order to estimate the gap between
reported adoption and ground-truth adoption.

Significance. Erosion and lock-in (Layers 2 and
3) contain institutional decisions as a significant
component. These decision processes are often
difficult to detect through surveys or automated
monitoring because they involve informal rituals,
unwritten policies, and other highly path-dependent
organizational choices. Ethnography is the method
best suited to observing how override capacity de-
grades, making it a leading indicator of lock-in long
before it becomes visible in aggregate statistics.

Feasibility. Low. Ethnographic research is labor-
intensive and does not scale—this would have to be
a “focus group” of institutions. Gaining embedded
access to firms and government agencies during
active AI adoption requires a degree of institutional
cooperation that may be difficult to secure.

Limitations. Small-n designs limit generaliz-
ability. Observer effects may alter institutional
behavior during the study period. Selection bias
is strong, as institutions willing to grant ethno-
graphic access may differ systematically from those
where disempowerment dynamics are most ad-
vanced. Findings about specific institutions could
carry reputational consequences, likely requiring
anonymization protocols that constrain specificity.

What remains to be done. Identify and secure

access agreements with a first cohort of govern-
ment agencies and firms at varying stages of AI
integration. Develop a standardized ethnographic
protocol focused on override events and adoption
decision chains.

Table 2 summarizes the implementation charac-
teristics of each metric, including the actors best po-
sitioned to carry out the measurement, the method-
ology type, and our assessment of feasibility.

4 Limitations and open challenges

The metrics proposed in Section 3 face challenges
that will arise in any attempt to measure AI-induced
disempowerment. Causal attribution is difficult
throughout: the general-purpose nature of AI, per-
vasive endogeneity of adoption, and the impossibil-
ity of randomizing societies mean that most of our
metrics operate at the descriptive and comparative
tiers rather than providing clean causal identifica-
tion.

4.1 Construct validity and the aggregation
gap

“Disempowerment” at the individual, institutional,
and civilizational levels may be qualitatively dis-
tinct constructs sharing a label (a potential jingle
fallacy). At the individual level it is a psychologi-
cal and capability construct (Metrics #1, #2); at the
institutional level, a governance construct (Metric
#4’s firm-level tracking); at the civilizational level,
a political economy construct (Metrics #4, #5). It
is also not yet understood how these levels inter-
act: societal-level disempowerment may emerge
from the aggregate of individual experiences, or it
may arise from power distributions, network struc-
tures, and institutional feedback loops that are not
reducible to individual effects. We call for theoret-
ical work that lays out specific threat models for
how disempowerment propagates across levels, and
for level-specific operationalizations rather than ag-
gregation across levels without a validated theory
connecting them.

4.2 Leading vs. lagging indicators

We call for work on both leading indicators, such
as entry-level hiring freezes and AI content satura-
tion (which enable intervention before lock-in), as
well as lagging indicators, such as declining labor
share and reduced epistemic diversity, which pro-
vide causal robustness. Both are necessary, but val-
idating a leading indicator requires outcome data
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Metric Name Actor Type Feasibility
Metric #1 Centaur evaluations Labs, Third parties Evaluation Moderate.
Metric #2 Disempowerment perception sur-

veys
Third parties, Others Survey High.

Metric #3 AI content saturation and written
output mode collapse

Third parties, Government,
Labs

Automated monitoring
+ RCT

Moderate.

Metric #4 Monitoring relative capital flow to
and from human labor

Third parties, Government Operational numbers High.

Metric #5 Human task frontier tracking Government, Third parties Operational numbers +
legal monitoring

Moderate.

Metric #6 Institutional ethnography Third parties Ethnographic case
studies

Low.

Table 2: Implementation summary: actors best positioned to carry out each metric, methodology type, and feasibility
assessment.

that does not yet exist. Three partial strategies:
theoretical validation, where causal logic is estab-
lished independently (Metric #3 draws on media
effects research); cross-sectional proxies providing
suggestive evidence (do populations with higher AI
exposure exhibit lower epistemic diversity today?);
and staged validation by design, establishing base-
lines across Metrics #1–#6 now so retrospective
analysis can later identify which signals predicted
which outcomes.

4.3 Measurement gaming and political
economy

Measurement is not politically neutral: AI com-
panies and governments deploying AI both have
incentives to resist unfavorable metrics, and policy-
relevant evaluations are likely to be gamed. Re-
searchers developing evaluations should be wary
of Goodharting where actions are taken to reduce
disempowerment as shown in measurements but
actual disempowerment worsens (Goodhart, 1984).
Countermeasures include making data and method-
ology public for independent reproduction, using
multiple independent measurement approaches for
the same construct, and rotating specific opera-
tionalizations while preserving the underlying met-
ric.

4.4 Problem development speed

Both AI capabilities and adoption are moving fast,
so metrics we develop may be saturated quickly or
end up measuring the wrong thing. We advocate for
automated measurement infrastructure (AI-assisted
evaluation pipelines, real-time content monitoring,
automated data extraction) to drive down costs
(Steinhardt, 2026), and recommend timing eval-
uation rounds to major capability releases rather
than fixed calendar intervals.

4.5 Against premature aggregation

We deliberately propose independent tracked indi-
cators across multiple mixed methods rather than
a composite index, which can be taken together
to holistically assess disempowerment. Due to the
rapidly evolving nature of the problem, insufficient
understanding of how to weight composites, and
the possibility of masking catastrophic failures in
certain domains, we advise against premature ag-
gregation of indicators (Ravallion, 2012).

5 Conclusion

AI-induced disempowerment is measurable, and
measuring it is urgent. The exposure–erosion–lock-
in framework provides a structure for identifying
what to measure and at what stage; the six metrics
we propose offer concrete starting points across
economic, political, and cultural domains. None of
these metrics, we argue, are sufficient on their own.
We hope this agenda motivates empirical work that
keeps pace with the speed of AI deployment.
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