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Abstract001

AI systems are embedded in economic produc-002
tion, public discourse, governance, and per-003
sonal decision-making, yet there is little em-004
pirical infrastructure for tracking whether this005
integration erodes humans’ ability to meaning-006
fully shape outcomes that affect their lives. We007
argue that measuring AI-induced disempow-008
erment is both urgent and tractable, and lay009
out a research agenda for doing so. We first010
operationalize disempowerment through Sen’s011
model of agency and a three-layer model of012
exposure, erosion, and lock-in, applied across013
economic, political, and cultural domains at in-014
dividual, institutional, and civilizational scales.015
We survey existing measurement efforts and016
show that current work clusters almost entirely017
at exposure, leaving erosion and lock-in largely018
unaddressed. We then propose six concrete019
metrics (centaur evaluations, disempowerment020
perception surveys, AI content saturation and021
cultural convergence monitoring, monitoring022
capital flow to and from human labor, human023
task frontier tracking, and institutional ethnog-024
raphy) and identify which actors are best po-025
sitioned to implement each. We close by dis-026
cussing limitations and open challenges, includ-027
ing construct validity across levels of analysis,028
causal attribution, the distinction between dis-029
empowerment and adaptation, and the political030
economy of measurement.031

1 Introduction032

AI systems are becoming embedded in consequen-033

tial human domains at accelerating pace. Chat-034

GPT alone serves over 900 million weekly users035

(OpenAI, 2026). Half of new code at Google is036

AI-generated (Alphabet Inc., 2026). AI adoption037

among US firms more than doubled between fall038

2023 and mid-2025 (Kalyani et al., 2025). Beyond039

routine productivity tasks, AI now mediates activ-040

ities with direct implications for human agency:041

drafting legal arguments and political speeches042

(Tokamak, 2025), providing companionship and 043

emotional support (McCain et al., 2025), and shap- 044

ing the information environments (e.g. on social 045

media) through which people form beliefs. 046

AI integration has the potential to adversely af- 047

fect human autonomy and empowerment at multi- 048

ple scales. On the individual level, Sharma et al. 049

(2026) analyze 1.5 million AI assistant conversa- 050

tions and find concerning patterns: users outsourc- 051

ing value-laden communications, positioning AI 052

as authority figures, and receiving sycophantic val- 053

idation of distorted beliefs. On a systemic level, 054

Kulveit et al. (2025) outline gradual disempower- 055

ment, where competitive dynamics across the econ- 056

omy, culture, and the state reduce human influence 057

without any single actor intending it. Drago and 058

Laine (2025) calls it the intelligence curse: as firms 059

and states derive productivity from AI rather than 060

human labor, their incentives to invest in human 061

welfare diminish. 062

We term this cluster of risks AI-induced dis- 063

empowerment: the erosion of humans’ ability to 064

meaningfully shape outcomes that affect their lives, 065

where such erosion is caused or substantially medi- 066

ated by AI systems. This definition encompasses 067

a knowledge worker who can no longer perform 068

their job without AI assistance, a legislature that 069

passes AI-drafted bills its members do not fully un- 070

derstand, and an information ecosystem in which 071

the vast majority of publicly available knowledge 072

is not controlled by humans but has narrowed to 073

reflect language model output distributions. 074

Notably, not all usage of AI constitutes dis- 075

empowerment; whether it does is likely highly 076

situation-dependent, as what might be disempow- 077

ering to some might be empowering to others. We 078

argue that AI use is not disempowering when it ex- 079

pands a party’s effective options. Following Sen’s 080

framework of agency (Sen, 1985), we advocate 081

measuring disempowerment by looking at the ca- 082

pability set of an individual. Namely, given AI, we 083
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ask what set of tasks still requires human involve-084

ment. This grants the individual effective power085

and leverage in society even under AI automation.086

More precisely, displacement becomes disempow-087

ering when it produces erosion (the person can no088

longer perform the task independently) or lock-in089

(institutional infrastructure for human performance090

no longer exists). Displacement without erosion or091

lock-in is adaptation. A harder case arises when a092

professional uses AI, is more productive, and re-093

ports higher satisfaction, but whose independent ca-094

pability is eroding. Our framework classifies this as095

disempowerment: capability erosion matters even096

when the individual is currently satisfied, because097

the conditions under which AI assistance remains098

beneficial could change, and eroded capabilities099

cannot be rapidly restored.100

Despite growing attention to disempowerment,101

there is a lack of both theoretical and empirical in-102

frastructure for measuring and forecasting it. This103

paper argues that the measurement gap is a key104

binding constraint for mitigating AI-induced dis-105

empowerment, and lays out a research agenda for106

closing it.107

Contributions We offer three contributions: a108

three-layer framework (exposure, erosion, lock-in)109

for operationalizing disempowerment as a measure-110

ment target; six concrete metrics spanning eco-111

nomic, political, and cultural domains with feasibil-112

ity assessments; and an analysis of the foundational113

challenges that constrain this measurement agenda.114

1.1 Scope115

We focus on gradual, competitive disempower-116

ment: the erosion of human agency through market117

dynamics and adoption incentives. This is both118

because gradual disempowerment produces observ-119

able, continuous signals amenable to empirical120

measurement, and because it is the scenario where121

timely measurement is most likely to inform cor-122

rective action.123

What this paper is not We measure disempow-124

erment from the lens of human agency, which is125

distinct from human well-being (Sen, 1985). It126

is possible that human well-being is high while127

human agency is low. For example, consider a so-128

ciety where citizens freely choose their food, hous-129

ing, careers, and relationships, achieving genuine130

well-being through real alternatives. But all action131

beyond personal life is foreclosed: no political par-132

ticipation, no civic organizing, no capacity to shape133

the world beyond oneself. There, a person’s well- 134

being is high, but agency is low. Measurements 135

of AI development progress (pace of R&D), AI 136

capabilities (performance on general benchmarks), 137

and AI adoption are not our direct measurement 138

goals, but might serve as instrumental indicators 139

for disempowerment. 140

1.2 Existing work and critical gaps 141

1.2.1 Existing work 142

Several major efforts track AI development, adop- 143

tion, and governance readiness longitudinally, in- 144

cluding the Stanford AI Index (Maslej et al., 2025), 145

the OECD AI Observatory (OECD, 2025), and the 146

Oxford Government AI Readiness Index (Oxford 147

Insights, 2025). These provide longitudinal cover- 148

age of AI inputs (how capable systems are, how 149

widely they are adopted, and how prepared insti- 150

tutions are to use them) but do not systematically 151

track AI’s effects on human agency, capacity, or 152

the structural preconditions for meaningful human 153

participation. 154

Sharma et al. (2026) provide the most direct op- 155

erationalization of AI-induced disempowerment to 156

date, but their framework is scoped to individual 157

interactions; it measures whether a given interac- 158

tion was disempowering, not whether sustained 159

use erodes capacity over time or restructures the 160

conditions for human agency. 161

In the economic domain, Eloundou et al. 162

(2023) estimate task-level automation potential; 163

Massenkoff and McCrory (2026) advance this by 164

distinguishing theoretical capability from observed 165

professional usage; Brynjolfsson et al. (2025) and 166

Gimbel et al. (2025) track employment trends in 167

AI-exposed occupations. There are few studies 168

that measure effects on human capacity directly: 169

Budzyń et al. (2025) find endoscopist deskilling 170

after AI exposure, but this is limited to a single 171

domain, a short horizon (≤6 months), and an ob- 172

servational design. 173

In the epistemic and cultural domain, experimen- 174

tal work demonstrates that AI use homogenizes 175

outputs at the collective level (Doshi and Hauser, 176

2024; Jiang et al., 2025), that LLMs are less epis- 177

temically diverse than web search (Wright et al., 178

2025), and that AI-generated content constitutes a 179

growing fraction of web text (Spennemann, 2025; 180

Liang et al., 2024). However, this work is pre- 181

dominantly experimental, with little study of down- 182

stream effects at population scale. 183
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In sum, there is a lack of systematic, cross-184

domain longitudinal measurement of AI’s effects185

on human capability, institutional override capacity,186

and structural preconditions for agency. We iden-187

tify two structural gaps to motivate the framework188

we propose in Section 2: a temporal gap (change is189

rarely tracked over time) and a cross-domain gap190

(existing measurement misses indirect and com-191

pounding effects, e.g. interaction effects and indi-192

rect causal pathways, because research communi-193

ties are organized around disciplinary silos).194

1.2.2 Gap 1: No measurements of longitudinal195

disempowerment196

Most existing work on disempowerment-specific197

effects is cross-sectional or short-horizon, with lit-198

tle measurement of longer-term erosion or lock-199

in: whether sustained AI use degrades knowledge200

workers’ baseline competence beyond six months,201

whether institutional override capacity declines202

over years of AI adoption, or whether the struc-203

tural preconditions for human agency (training204

pipelines, human-staffed review processes, legal205

architectures) are being maintained or dismantled.206

This means that the gradual transition from volun-207

tary AI delegation to involuntary dependence are208

empirically invisible.209

1.2.3 Gap 2: Lack of understanding of210

cross-domain interaction effects211

Existing measurement is generally domain-specific:212

for instance, labor economists might track displace-213

ment, while media researchers track content ho-214

mogenization and political scientists track gover-215

nance quality. Ths is because of lack of cross-216

domain measurement infrastructure. However, the217

gradual disempowerment thesis predicts that there218

may be plentiful disempowering dynamics that are219

cross-domain, indirect, and compounding.220

2 Framework221

Motivated by the gaps identified in Section 1.2,222

we operationalize disempowerment in two parts: a223

depth model that tracks how disempowerment deep-224

ens over time (Section 2.1), and two measurement225

axes, domain and level of analysis, that locate spe-226

cific measurements within the space (Section 2.2).227

The depth model is our primary organizational con-228

tribution; the axes provide scaffolding for organiz-229

ing the metrics proposed in Section 3.230

2.1 Three layers of deepening 231

disempowerment 232

We propose a three-layer model describing how 233

disempowerment deepens: exposure (AI changes 234

outcomes), erosion (humans lose the ability to act 235

without AI), and lock-in (institutional infrastructure 236

for human agency is dismantled). 237

2.1.1 Layer 1: Exposure 238

AI systems change outcomes by distorting human 239

judgment or displacing human participation. In 240

epistemic domains, AI interactions can lead users 241

toward inaccurate beliefs or inauthentic values. In 242

economic domains, AI substitutes for human la- 243

bor. In cultural domains, both operate simulta- 244

neously: AI-generated content displaces human 245

creators while narrowing the diversity of what con- 246

sumers encounter. This is the best-measured layer, 247

with established traditions in task-level exposure 248

analysis and employment tracking. 249

2.1.2 Layer 2: Erosion 250

Sustained exposure degrades humans’ ability to 251

perform tasks without AI assistance. The critical 252

transition is from voluntary delegation (using AI for 253

convenience while retaining the ability to do other- 254

wise) to involuntary dependence (no longer being 255

able to perform the task without AI). A lawyer who 256

has lost the ability to independently evaluate legal 257

reasoning cannot detect when AI produces a flawed 258

argument. This is the layer with the largest mea- 259

surement gap: no longitudinal studies beyond six 260

months track these dynamics. 261

2.1.3 Layer 3: Lock-in 262

Even if individuals retain their capabilities, the in- 263

stitutional infrastructure for exercising them may 264

no longer exist. A profession that has stopped train- 265

ing junior practitioners because AI handles entry- 266

level work has foreclosed recovery even if senior 267

practitioners retain their skills. Observable indica- 268

tors include whether human-expertise pipelines are 269

maintained, whether switching costs for reverting 270

to human decision-making are rising, and whether 271

legal architectures increasingly presuppose AI. By 272

the time lock-in is visible in lagging indicators, 273

reversal may be prohibitively costly. 274

These layers could compound in various ways 275

and arrive at different times: individual expo- 276

sure could cause erosion of capabilities that mani- 277

fests into societal-level lock-in of harmful values 278

(bottom-up). Alternatively, institutional restructur- 279
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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 the280

lock-in of disempowering situations for a vast num-281

ber of individuals without widespread capability282

erosion, effectively sidestepping Layer 2 on the in-283

dividual scale. We urge further study of potential284

pathways to disempowerment.285

2.2 Two axes of the measurement space286

2.2.1 Axis 1: Domain287

We identify three societal domains corresponding288

to the three systems of Kulveit et al. (2025): the289

economy (displacement of human labor, loss of eco-290

nomic participation, concentration of AI-derived291

value), the state (erosion of democratic governance,292

legislative autonomy, and citizen leverage), and cul-293

ture (homogenization of cultural production, dis-294

placement of human creators, narrowing of the in-295

formation environment). These domains interact296

through feedback loops: economic power trans-297

lates into political influence, which shapes cultural298

norms, which enables further economic displace-299

ment. We treat epistemic capacity, the ability to300

form accurate beliefs, make authentic value judg-301

ments, and take value-aligned actions, not as a302

fourth domain but as a cross-cutting mechanism303

operating within all three.304

2.2.2 Axis 2: Level of analysis305

Disempowerment occurs at three scales: individ-306

ual (a person loses the ability to make autonomous307

decisions or perform tasks independently), institu-308

tional (an organization loses override capacity or309

restructures in ways that make human roles unre-310

coverable), and civilizational (the societal precondi-311

tions for human agency, such as legal architectures,312

expertise pipelines, and economic structures, are313

reorganized around AI). These levels are not sim-314

ply nested aggregates; disempowerment at different315

levels may involve qualitatively different constructs316

(see Section 4 on the jingle fallacy).317

3 Proposed metrics 318

We propose six metrics to track AI-driven disem- 319

powerment across economic, political, and cultural 320

domains. Table 1 provides an overview of their 321

domain coverage and whether they serve as leading 322

or lagging indicators. 323

3.1 Metric #1: Centaur evaluations 324

Economy Political Cultural Indicator
✓ Leading

Description. Compare human-only vs. human- 325

AI (centaur) vs. AI-only performance on economi- 326

cally valuable tasks to determine whether human 327

participation still adds marginal value. If human- 328

AI teams outperform AI-only systems, humans re- 329

tain bargaining power through complementarity; if 330

AI-only matches or exceeds centaur performance, 331

the economic rationale for human involvement col- 332

lapses. This extends to cognitively demanding 333

tasks like writing and strategic research, where 334

human obsolescence would erode idea leverage: 335

the ability to shape narratives and exercise edito- 336

rial judgment. Chan et al. (2026) propose a related 337

metric for AI R&D tasks; we suggest extending 338

uplift studies to the broader economy and human- 339

centric tasks, for example on writing and judgment. 340

Several benchmarks measure AI-only economic 341

capability, including GDPval (Patwardhan et al., 342

2025), the Remote Labor Index (Mazeika et al., 343

2025), and APEX-Agents (Vidgen et al., 2026), 344

but as Brand and Burnham (2026) argue, these do 345

not test whether human-AI teams still add value. 346

An example of a centaur evaluation in software 347

engineering is the RCT by Becker et al. (2025) 348

where AI tools slowed experienced developers by 349

19%, despite forecasts of a 24% speedup. Another 350

notable example is on biorisk evaluations (Zhang 351

et al., 2026). 352

Significance. The most direct test of whether hu- 353

mans retain labour leverage in the AI economy. Ca- 354

pability crossover, when AI-only exceeds centaur 355

performance, is the precondition for displacement, 356
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and a leading indicator because it precedes actual357

institutional adoption and workforce restructuring.358

Feasibility. Moderate. Existing benchmarks359

(e.g., GDPval, APEX-Agents) provide task sets that360

could be extended to include centaur conditions.361

The main cost is recruiting qualified participants362

and designing scoring rubrics.363

Limitations. Laboratory tasks may not reflect364

real-world complexity, and overrepresentation of365

easily benchmarked domains (e.g., coding) may366

skew results. Participant selection effects and scor-367

ing subjectivity for qualitative tasks limit compa-368

rability. These evaluations cannot capture comple-369

mentarity effects that emerge only in real work-370

flows over extended periods. See Paskov et al.371

(2026) for a discussion.372

What remains to be done. Run RCTs for hu-373

man uplift studies on various economically useful374

or politically relevant tasks and compare the perfor-375

mance from such centaur setups to human-only or376

AI-only performance.377

3.2 Metric #2: Disempowerment perception378

surveys379

Economy Political Cultural Indicator
✓ Leading

Description. Survey employees across white-380

collar sectors on their perceived replaceability and381

general disempowerment by AI considered across382

various time scales (e.g. 6 months, 1 year, 3 years).383

Example questions include: (1) How replaceable384

do you think you are by AI in the next 6 months?385

(2) How replaceable does leadership think you are386

in the next year? Disaggregate by seniority, func-387

tion, sector, and AI exposure level. Track longitu-388

dinally to detect shifts.389

Significance. Perception of disempowerment390

is a leading indicator because it captures informa-391

tion workers have about their own roles before in-392

stitutional decisions are made. The gap between393

self-perceived and leadership-perceived disempow-394

erment reveals information asymmetries that pre-395

dict displacement timing. Rising perception cre-396

ates self-fulfilling dynamics by reducing bargaining397

power before actual disempowerment occurs.398

Feasibility. High. Survey methodology is well-399

established and can leverage professional associ-400

ations. Furthermore, there is a rich literature in401

employment empowerment surveys that could be402

adapted to the AI disempowerment setting; see403

(Spreitzer, 1995; Menon, 2001; Alizadeh et al.,404

2023; Kong et al., 2024). 405

Limitations. Self-report bias, social desirabil- 406

ity, and framing effects limit reliability; the most 407

replaceable workers may be least likely to respond. 408

This metric measures perceived rather than actual 409

disempowerment, and perception may lag reality 410

in fast-moving domains or lead it in media-hyped 411

ones. 412

What remains to be done. Develop and pilot a 413

validated survey instrument on AI-induced disem- 414

powerment on the most exposed sectors. Establish 415

baselines and secure professional association part- 416

nerships for longitudinal tracking. 417

3.3 Metric #3: AI content saturation and 418

written output mode collapse 419

Economy Political Cultural Indicator
✓ ✓ Leading

Description. As AI becomes embedded in gov- 420

ernance, media, and cultural production, two re- 421

lated risks emerge. First, a sovereignty risk: when 422

legislative text is drafted by AI, model-building 423

firms gain structural leverage over the political 424

process as models provide the default suggestions, 425

framings, and omissions. Second, a convergence 426

risk: as AI-generated content saturates discourse, 427

the diversity of human thought may narrow toward 428

the statistical modes of training data, resulting in 429

epistemic and cultural mode collapse. 430

We propose careful tracking of both risks. Exam- 431

ples include (1) Detect AI-drafted legislative text 432

using classifiers applied to congressional records, 433

state legislatures, and parliamentary records (e.g., 434

Pangram Text; Emi and Spero, 2024). (2) Mea- 435

sure AI-generated content across major social me- 436

dia platforms using detection tools and stylometric 437

analysis; In peer-review articles, Liang et al. (2024) 438

found that 6.5-16.9% of text was substantially 439

LLM-modified. (3) Track distributional changes in 440

human written output (musical variation, student 441

exam essays) using information-theoretic measures. 442

Wattenberg (2025) documents how AI systems con- 443

verge on names like “Elara,” illustrating how algo- 444

rithmic averaging feeds back into human choices. 445

Significance. The three approaches trace a 446

causal chain from AI content entering governance 447

and public discourse to epistemic and cultural con- 448

vergence. This is a leading indicator because con- 449

tent saturation and distributional narrowing precede 450

the collapse of independent thought and cultural 451

production. 452
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Feasibility. Moderate. Much data is already453

publicly available, and the main work that needs454

to be done is in processing and analyzing it. Data455

needs to be continuously collected at a large scale456

for a longitudinal study.457

Limitations. AI detection degrades as models458

improve, creating an arms race that may render de-459

tection unreliable. ‘AI-generated’ content spans460

a spectrum from fully AI-written to lightly AI-461

assisted, resisting clean categorization. Cultural462

convergence may reflect globalization or social me-463

dia effects rather than AI.464

What remains to be done. Benchmark AI text465

classifiers on legislative text and social media. As-466

semble historical baselines for cultural convergence467

and build automated monitoring infrastructure on468

public human written text.469

3.4 Metric #4: Monitoring relative capital470

flow to and from human labor471

Economy Political Cultural Indicator
✓ ✓ Lagging

Description. Monitor the relevance of human472

labor through its fiscal signatures. The first ap-473

proach tracks labor cost as a share of total operat-474

ing expenditure using SEC filings and BEA indus-475

try accounts, benchmarking firms by AI exposure476

level following Massenkoff and McCrory (2026).477

Labor cost changes are decomposed into wage,478

headcount, and hours effects, with difference-in-479

differences designs across AI-exposed and less AI-480

exposed sectors isolating the AI effect. The second481

approach examines whether firm-level displace-482

ment feeds through to government fiscal incentives,483

monitoring citizen taxation revenue relative to AI-484

generated corporate profits to test whether revenue485

structure shifts predict changes in social spending.486

Significance. Labor cost share is the most direct487

financial measure of human economic participa-488

tion. At the government level, when AI-derived rev-489

enue replaces citizen-derived revenue, the taxation-490

representation feedback loop breaks. Both are lag-491

ging indicators but highly credible, based on au-492

dited financial reports and official fiscal statistics.493

Feasibility. High. SEC filings and OECD/IMF494

fiscal data are publicly available and machine-495

readable. The main challenge is defining which496

corporate tax revenue counts as “AI-derived.”497

Limitations. Labor cost share has been declin-498

ing since the 1980s due to globalization, market499

concentration, and declining unionization (Paul,500

2020), complicating attribution. Defining ‘AI- 501

generated corporate profits’ is ambiguous, and fis- 502

cal data is published 1-2 years after the period it 503

covers. The taxation-representation causal mecha- 504

nism is theoretically contested and the AI-specific 505

signal may only become detectable once displace- 506

ment is advanced. 507

What remains to be done. Build automated 508

SEC 10-K data extraction and establish pre-AI 509

baseline labor cost decompositions. Develop 510

methodology for attributing “AI-derived” govern- 511

ment revenue. Discover novel ways to reduce lag 512

time via higher-frequency proxy datasets, or work- 513

ing with data institutions to accelerate data releases 514

(possibly with AI). 515

3.5 Metric #5: Human task frontier tracking 516

Economy Political Cultural Indicator
✓ ✓ ✓ Leading

Description. Maintain a comprehensive inven- 517

tory of tasks currently performed by humans (for 518

example, see National Center for O*NET Develop- 519

ment (2025)). For each task, independently track 520

three dimensions: technical capability (whether AI 521

can perform it), practice adoption (whether institu- 522

tions use AI for it), and legal permission (whether 523

frameworks permit it). Emerging work such as 524

Massenkoff and McCrory (2026) demonstrate the 525

value of tracking capability and adoption simulta- 526

neously, though there is still little work on tracking 527

regulatory presence. 528

Significance. The broadest leading indicator in 529

the framework, tracking what AI can do, is allowed 530

to do, and actually does across all disempowerment 531

domains. The three dimensions reveal where adop- 532

tion outpaces governance and where institutional 533

inertia or legal safeguards provide buffers. 534

Feasibility. Moderate. Legal permission 535

tracking requires monitoring regulatory changes 536

across jurisdictions, feasible with automated legal 537

database monitoring. Practice adoption is the most 538

difficult dimension, requiring surveys or observa- 539

tional data on institutional behavior. 540

Limitations. Task selection is subjective and bi- 541

nary classification oversimplifies tasks with many 542

subtasks at different AI capability levels. Legal 543

framework tracking across jurisdictions is labor- 544

intensive and may miss informal changes. Eco- 545

nomic capability tracking overlaps with existing 546

benchmarks; this metric’s value-add is in the legal, 547

cultural, and political domains. 548
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What remains to be done. Track AI capabilities549

and adoption across a database of human-centric550

tasks and design automated monitoring for legal551

framework changes.552

3.6 Metric #6: Institutional ethnography553

Economy Political Cultural Indicator
✓ ✓ Leading

Description. Conduct ethnographic case stud-554

ies of institutions, observing the integration of555

AI in core decision-making processes. The aim556

would be to track who initiates adoption, what557

pressures drive it, and whether existing override558

mechanisms are effective. We think this approach559

will be broadly useful for two purposes. First, gov-560

ernments and firms at different stages of AI gov-561

ernance integration could be studied, in order to562

document critical points of disempowerment: who563

makes decisions about adoption, which stakehold-564

ers are prioritized, as well as institutional tipping565

points where human override becomes implausible.566

Second, self-reported AI usage from surveys could567

be compared against ethnographic observation of568

actual usage in order to estimate the gap between569

reported adoption and ground-truth adoption.570

Significance. Erosion and lock-in (Layers 2 and571

3) contain institutional decisions as a significant572

component. These decision processes are often573

difficult to detect through surveys or automated574

monitoring because they involve informal rituals,575

unwritten policies, and other highly path-dependent576

organizational choices. Ethnography is the method577

best suited to observing how override capacity de-578

grades, making it a leading indicator of lock-in long579

before it becomes visible in aggregate statistics.580

Feasibility. Low. Ethnographic research is labor-581

intensive and does not scale—this would have to be582

a “focus group” of institutions. Gaining embedded583

access to firms and government agencies during584

active AI adoption requires a degree of institutional585

cooperation that may be difficult to secure.586

Limitations. Small-n designs limit generaliz-587

ability. Observer effects may alter institutional588

behavior during the study period. Selection bias589

is strong, as institutions willing to grant ethno-590

graphic access may differ systematically from those591

where disempowerment dynamics are most ad-592

vanced. Findings about specific institutions could593

carry reputational consequences, likely requiring594

anonymization protocols that constrain specificity.595

What remains to be done. Identify and secure596

access agreements with a first cohort of govern- 597

ment agencies and firms at varying stages of AI 598

integration. Develop a standardized ethnographic 599

protocol focused on override events and adoption 600

decision chains. 601

Table 2 summarizes the implementation charac- 602

teristics of each metric, including the actors best po- 603

sitioned to carry out the measurement, the method- 604

ology type, and our assessment of feasibility. 605

4 Limitations and open challenges 606

The metrics proposed in Section 3 face challenges 607

that will arise in any attempt to measure AI-induced 608

disempowerment. Causal attribution is difficult 609

throughout: the general-purpose nature of AI, per- 610

vasive endogeneity of adoption, and the impossibil- 611

ity of randomizing societies mean that most of our 612

metrics operate at the descriptive and comparative 613

tiers rather than providing clean causal identifica- 614

tion. 615

4.1 Construct validity and the aggregation 616

gap 617

“Disempowerment” at the individual, institutional, 618

and civilizational levels may be qualitatively dis- 619

tinct constructs sharing a label (a potential jingle 620

fallacy). At the individual level it is a psychologi- 621

cal and capability construct (Metrics #1, #2); at the 622

institutional level, a governance construct (Metric 623

#4’s firm-level tracking); at the civilizational level, 624

a political economy construct (Metrics #4, #5). It 625

is also not yet understood how these levels inter- 626

act: societal-level disempowerment may emerge 627

from the aggregate of individual experiences, or it 628

may arise from power distributions, network struc- 629

tures, and institutional feedback loops that are not 630

reducible to individual effects. We call for theoret- 631

ical work that lays out specific threat models for 632

how disempowerment propagates across levels, and 633

for level-specific operationalizations rather than ag- 634

gregation across levels without a validated theory 635

connecting them. 636

4.2 Leading vs. lagging indicators 637

We call for work on both leading indicators, such 638

as entry-level hiring freezes and AI content satura- 639

tion (which enable intervention before lock-in), as 640

well as lagging indicators, such as declining labor 641

share and reduced epistemic diversity, which pro- 642

vide causal robustness. Both are necessary, but val- 643

idating a leading indicator requires outcome data 644

7



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:645

theoretical validation, where causal logic is estab-646

lished independently (Metric #3 draws on media647

effects research); cross-sectional proxies providing648

suggestive evidence (do populations with higher AI649

exposure exhibit lower epistemic diversity today?);650

and staged validation by design, establishing base-651

lines across Metrics #1–#6 now so retrospective652

analysis can later identify which signals predicted653

which outcomes.654

4.3 Measurement gaming and political655

economy656

Measurement is not politically neutral: AI com-657

panies and governments deploying AI both have658

incentives to resist unfavorable metrics, and policy-659

relevant evaluations are likely to be gamed. Re-660

searchers developing evaluations should be wary661

of Goodharting where actions are taken to reduce662

disempowerment as shown in measurements but663

actual disempowerment worsens (Goodhart, 1984).664

Countermeasures include making data and method-665

ology public for independent reproduction, using666

multiple independent measurement approaches for667

the same construct, and rotating specific opera-668

tionalizations while preserving the underlying met-669

ric.670

4.4 Problem development speed671

Both AI capabilities and adoption are moving fast,672

so metrics we develop may be saturated quickly or673

end up measuring the wrong thing. We advocate for674

automated measurement infrastructure (AI-assisted675

evaluation pipelines, real-time content monitoring,676

automated data extraction) to drive down costs677

(Steinhardt, 2026), and recommend timing eval-678

uation rounds to major capability releases rather679

than fixed calendar intervals.680

4.5 Against premature aggregation 681

We deliberately propose independent tracked indi- 682

cators across multiple mixed methods rather than 683

a composite index, which can be taken together 684

to holistically assess disempowerment. Due to the 685

rapidly evolving nature of the problem, insufficient 686

understanding of how to weight composites, and 687

the possibility of masking catastrophic failures in 688

certain domains, we advise against premature ag- 689

gregation of indicators (Ravallion, 2012). 690

5 Conclusion 691

AI-induced disempowerment is measurable, and 692

measuring it is urgent. The exposure–erosion–lock- 693

in framework provides a structure for identifying 694

what to measure and at what stage; the six metrics 695

we propose offer concrete starting points across 696

economic, political, and cultural domains. None of 697

these metrics, we argue, are sufficient on their own. 698

We hope this agenda motivates empirical work that 699

keeps pace with the speed of AI deployment. 700
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nis, Michał F. Kamiński, Mette Kalager, and 2 others.729
2025. Endoscopist deskilling risk after exposure to730
artificial intelligence in colonoscopy: A multicentre,731
observational study. The Lancet Gastroenterology &732
Hepatology, 10(10):896–903.733

Alan Chan, Ranay Padarath, Joe Kwon, Hilary Greaves,734
and Markus Anderljung. 2026. Measuring AI R&D735
automation. Preprint, arXiv:2603.03992.736

Anil R. Doshi and Oliver P. Hauser. 2024. Generative737
AI enhances individual creativity but reduces the col-738
lective diversity of novel content. Science Advances,739
10(28):eadn5290.740

Luke Drago and Rudolf Laine. 2025. The intelligence741
curse.742

Tyna Eloundou, Sam Manning, Pamela Mishkin, and743
Daniel Rock. 2023. GPTs are GPTs: An early look744
at the labor market impact potential of large language745
models. Preprint, arXiv:2303.10130.746

Bradley Emi and Max Spero. 2024. Technical report on747
the pangram AI-generated text classifier. Preprint,748
arXiv:2402.14873.749

Martha Gimbel, Molly Kinder, Joshua Kendall, and750
Maddie Lee. 2025. Evaluating the impact of AI on751
the labor market: Current state of affairs. Technical752
report, The Budget Lab at Yale.753

Charles A. E. Goodhart. 1984. Problems of monetary754
management: The U.K. experience. In Monetary755
Theory and Practice: The UK Experience, pages756
91–121. Macmillan, London.757

Liwei Jiang, Yuanjun Chai, Margaret Li, Mickel Liu,758
Raymond Fok, Nouha Dziri, Yulia Tsvetkov, Maarten759
Sap, Alon Albalak, and Yejin Choi. 2025. Artificial760
hivemind: The open-ended homogeneity of language761
models (and beyond). In Advances in Neural Infor-762
mation Processing Systems.763

Aakash Kalyani, Nicholas Bloom, Marcela Carvalho,764
Tarek A. Hassan, Josh Lerner, and Ahmed Tahoun.765
2025. Diffusion of new technologies. The Quarterly766
Journal of Economics, 140(2):1299–1365.767

Siu-Cheung Kong and 1 others. 2024. Development768
and validation of the empowerment of using AI for769
problem solving scale (EUAIPS). Computers and770

Education: Artificial Intelligence. 11-item, three- 771
factor (impact, self-efficacy, meaningfulness); devel- 772
oped with Hong Kong students; only validated scale 773
specifically measuring empowerment in AI contexts. 774

Jan Kulveit, Raymond Douglas, Nora Ammann, Deger 775
Turan, David Krueger, and David Duvenaud. 2025. 776
Gradual disempowerment: Systemic existential 777
risks from incremental ai development. Preprint, 778
arXiv:2501.16946. 779

Weixin Liang, Zachary Izzo, Yaohui Zhang, Haley Lepp, 780
Hancheng Cao, Xuandong Zhao, Lingjiao Chen, Hao- 781
tian Ye, Sheng Liu, Zhi Huang, Daniel A. McFarland, 782
and James Y. Zou. 2024. Monitoring AI-modified 783
content at scale: A case study on the impact of Chat- 784
GPT on AI conference peer reviews. In Proceed- 785
ings of the 41st International Conference on Machine 786
Learning. 787

Nestor Maslej, Loredana Fattorini, Raymond Perrault, 788
Yolanda Gil, Vanessa Parli, Njenga Kariuki, Emily 789
Capstick, Anka Reuel, Erik Brynjolfsson, John 790
Etchemendy, Katrina Ligett, Terah Lyons, James 791
Manyika, Juan Carlos Niebles, Yoav Shoham, Rus- 792
sell Wald, Tobi Walsh, Armin Hamrah, Lapo Santar- 793
lasci, and 4 others. 2025. The AI index 2025 annual 794
report. Technical report, AI Index Steering Com- 795
mittee, Institute for Human-Centered AI, Stanford 796
University, Stanford, CA. 797

Maxim Massenkoff and Peter McCrory. 2026. Labor 798
market impacts of AI: A new measure and early evi- 799
dence. 800

Mantas Mazeika, Alice Gatti, Cristina Menghini, 801
Udari Madhushani Sehwag, Shivam Singhal, Yury 802
Orlovskiy, Steven Basart, Manasi Sharma, Denis 803
Peskoff, Elaine Lau, Jaehyuk Lim, Lachlan Carroll, 804
Alice Blair, Vinaya Sivakumar, Sumana Basu, Brad 805
Kenstler, Yuntao Ma, Julian Michael, Xiaoke Li, 806
and 28 others. 2025. Remote labor index: Mea- 807
suring AI automation of remote work. Preprint, 808
arXiv:2510.26787. 809

Miles McCain, Ryn Linthicum, Chloe Lubinski, Alex 810
Tamkin, Saffron Huang, Michael Stern, Kunal Handa, 811
Esin Durmus, Tyler Neylon, Stuart Ritchie, Kamya 812
Jagadish, Paruul Maheshwary, Sarah Heck, Alexan- 813
dra Sanderford, and Deep Ganguli. 2025. How peo- 814
ple use Claude for support, advice, and companion- 815
ship. Anthropic Research Report. 816

Sanjay T. Menon. 2001. Employee empowerment: An 817
integrative psychological approach. Applied Psy- 818
chology: An International Review, 50(1):153–180. 819
9-item scale; three dimensions: perceived control (α 820
= .83), perceived competence (α = .80), goal internal- 821
ization (α = .88); cross-validated in Australia, South 822
Africa, Spain, Venezuela, Greece, Turkey. 823

National Center for O*NET Development. 2025. 824
O*NET 30.2 Database. https://www.onetcenter. 825
org/database.html. Sponsored by the U.S. Depart- 826
ment of Labor, Employment and Training Adminis- 827
tration. Licensed under CC BY 4.0. 828

9

https://epoch.ai/blog/what-do-economic-value-benchmarks-tell-us
https://epoch.ai/blog/what-do-economic-value-benchmarks-tell-us
https://epoch.ai/blog/what-do-economic-value-benchmarks-tell-us
https://www.nber.org/papers/w34256
https://www.nber.org/papers/w34256
https://www.nber.org/papers/w34256
https://doi.org/10.1016/S2468-1253(25)00133-5
https://doi.org/10.1016/S2468-1253(25)00133-5
https://doi.org/10.1016/S2468-1253(25)00133-5
https://doi.org/10.1016/S2468-1253(25)00133-5
https://doi.org/10.1016/S2468-1253(25)00133-5
https://arxiv.org/abs/2603.03992
https://arxiv.org/abs/2603.03992
https://arxiv.org/abs/2603.03992
https://doi.org/10.1126/sciadv.adn5290
https://doi.org/10.1126/sciadv.adn5290
https://doi.org/10.1126/sciadv.adn5290
https://doi.org/10.1126/sciadv.adn5290
https://doi.org/10.1126/sciadv.adn5290
https://intelligence-curse.ai/
https://intelligence-curse.ai/
https://intelligence-curse.ai/
https://arxiv.org/abs/2303.10130
https://arxiv.org/abs/2303.10130
https://arxiv.org/abs/2303.10130
https://arxiv.org/abs/2303.10130
https://arxiv.org/abs/2303.10130
https://arxiv.org/abs/2402.14873
https://arxiv.org/abs/2402.14873
https://arxiv.org/abs/2402.14873
https://budgetlab.yale.edu/research/evaluating-impact-ai-labor-market-current-state-affairs
https://budgetlab.yale.edu/research/evaluating-impact-ai-labor-market-current-state-affairs
https://budgetlab.yale.edu/research/evaluating-impact-ai-labor-market-current-state-affairs
https://arxiv.org/abs/2510.22954
https://arxiv.org/abs/2510.22954
https://arxiv.org/abs/2510.22954
https://arxiv.org/abs/2510.22954
https://arxiv.org/abs/2510.22954
https://doi.org/10.1093/qje/qjaf002
https://arxiv.org/abs/2501.16946
https://arxiv.org/abs/2501.16946
https://arxiv.org/abs/2501.16946
https://arxiv.org/abs/2403.06009
https://arxiv.org/abs/2403.06009
https://arxiv.org/abs/2403.06009
https://arxiv.org/abs/2403.06009
https://arxiv.org/abs/2403.06009
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://hai.stanford.edu/ai-index/2025-ai-index-report
https://www.anthropic.com/research/labor-market-impacts
https://www.anthropic.com/research/labor-market-impacts
https://www.anthropic.com/research/labor-market-impacts
https://www.anthropic.com/research/labor-market-impacts
https://www.anthropic.com/research/labor-market-impacts
https://arxiv.org/abs/2510.26787
https://arxiv.org/abs/2510.26787
https://arxiv.org/abs/2510.26787
https://www.anthropic.com/news/how-people-use-claude-for-support-advice-and-companionship
https://www.anthropic.com/news/how-people-use-claude-for-support-advice-and-companionship
https://www.anthropic.com/news/how-people-use-claude-for-support-advice-and-companionship
https://www.anthropic.com/news/how-people-use-claude-for-support-advice-and-companionship
https://www.anthropic.com/news/how-people-use-claude-for-support-advice-and-companionship
https://doi.org/10.1111/1464-0597.00052
https://doi.org/10.1111/1464-0597.00052
https://doi.org/10.1111/1464-0597.00052
https://www.onetcenter.org/database.html
https://www.onetcenter.org/database.html
https://www.onetcenter.org/database.html


OECD. 2025. OECD programme on AI in work, inno-829
vation, productivity and skills (AI-WIPS). OECD AI830
Policy Observatory. Accessed: 2025.831

OpenAI. 2026. Scaling ai for everyone. https://832
openai.com/index/scaling-ai-for-everyone/.833
Accessed: 2026-03-19.834

Oxford Insights. 2025. Government AI readiness index835
2025. Technical report, Oxford Insights, Malvern,836
UK.837

Patricia Paskov, Kevin Wei, Shen Zhou Hong, Dan838
Bateyko, Xavier Roberts-Gaal, Carson Ezell, Gail-839
ius Praninskas, Valerie Chen, Umang Bhatt, and840
Ella Guest. 2026. RCTs & Human Uplift Stud-841
ies: Methodological Challenges and Practical So-842
lutions for Frontier AI Evaluation. arXiv preprint843
arXiv:2603.11001.844

Tejal Patwardhan, Rachel Dias, Elizabeth Proehl, Grace845
Kim, Michele Wang, Olivia Watkins, Simón Posada846
Fishman, Marwan Aljubeh, Phoebe Thacker, Lau-847
rance Fauconnet, Natalie S. Kim, Patrick Chao,848
Samuel Miserendino, Gildas Chabot, David Li,849
Michael Sharman, Alexandra Barr, Amelia Glaese,850
and Jerry Tworek. 2025. GDPval: Evaluating AI851
model performance on real-world economically valu-852
able tasks. Preprint, arXiv:2510.04374.853

Saumik Paul. 2020. Understanding the global decline in854
the labor income share. IZA World of Labor, (472).855

Martin Ravallion. 2012. Mashup indices of develop-856
ment. The World Bank Research Observer, 27(1):1–857
32.858

Amartya Sen. 1985. Well-being, agency and freedom:859
The dewey lectures 1984. The Journal of Philosophy,860
82(4):169–221.861

Mrinank Sharma, Miles McCain, Raymond Douglas,862
and David Duvenaud. 2026. Who’s in charge? dis-863
empowerment patterns in real-world LLM usage.864
Preprint, arXiv:2601.19062.865

Dirk H. R. Spennemann. 2025. Delving into: The quan-866
tification of AI-generated content on the internet (syn-867
thetic data). Preprint, arXiv:2504.08755.868

Gretchen M. Spreitzer. 1995. Psychological empower-869
ment in the workplace: Dimensions, measurement,870
and validation. Academy of Management Journal,871
38(5):1442–1465. 12-item scale; four dimensions872
(meaning, competence, self-determination, impact)873
on 7-point Likert; α = .76–.88; validated in 50+ stud-874
ies across nurses, manufacturing, service, manage-875
ment.876

Jacob Steinhardt. 2026. Building technology to drive877
AI governance. Blog post, February 18, 2026.878

Apple Tokamak. 2025. MPs are almost certainly using879
ChatGPT to generate Commons speeches. Pimlico880
Journal, September 1, 2025.881

Bertie Vidgen, Austin Mann, Abby Fennelly, 882
John Wright Stanly, Lucas Rothman, Marco 883
Burstein, Julien Benchek, David Ostrofsky, Anirudh 884
Ravichandran, Debnil Sur, Neel Venugopal, Alannah 885
Hsia, Isaac Robinson, Calix Huang, Olivia Varones, 886
Daniyal Khan, Michael Haines, Austin Bridges, 887
Jesse Boyle, and 5 others. 2026. APEX-agents. 888
Preprint, arXiv:2601.14242. 889

Laura Wattenberg. 2025. 2025 name of the year is elara. 890

Dustin Wright, Sarah Masud, Jared Moore, Srishti 891
Yadav, Maria Antoniak, Peter Ebert Christensen, 892
Chan Young Park, and Isabelle Augenstein. 2025. 893
Epistemic diversity and knowledge collapse in large 894
language models. Preprint, arXiv:2510.04226. 895

Chen Bo Calvin Zhang, Christina Q. Knight, Nicholas 896
Kruus, Jason Hausenloy, Pedro Medeiros, Nathaniel 897
Li, Aiden Kim, Yury Orlovskiy, Coleman Breen, 898
Bryce Cai, Jasper Götting, Andrew Bo Liu, Samira 899
Nedungadi, Paula Rodriguez, Yannis Yiming He, 900
Mohamed Shaaban, Zifan Wang, Seth Donoughe, 901
and Julian Michael. 2026. LLM Novice Uplift on 902
Dual-Use, In Silico Biology Tasks. arXiv preprint 903
arXiv:2602.23329. 904

10

https://oecd.ai/en/wips
https://oecd.ai/en/wips
https://oecd.ai/en/wips
https://openai.com/index/scaling-ai-for-everyone/
https://openai.com/index/scaling-ai-for-everyone/
https://openai.com/index/scaling-ai-for-everyone/
https://oxfordinsights.com/ai-readiness/government-ai-readiness-index-2025/
https://oxfordinsights.com/ai-readiness/government-ai-readiness-index-2025/
https://oxfordinsights.com/ai-readiness/government-ai-readiness-index-2025/
https://arxiv.org/abs/2603.11001
https://arxiv.org/abs/2603.11001
https://arxiv.org/abs/2603.11001
https://arxiv.org/abs/2603.11001
https://arxiv.org/abs/2603.11001
https://arxiv.org/abs/2510.04374
https://arxiv.org/abs/2510.04374
https://arxiv.org/abs/2510.04374
https://arxiv.org/abs/2510.04374
https://arxiv.org/abs/2510.04374
https://doi.org/10.15185/izawol.472
https://doi.org/10.15185/izawol.472
https://doi.org/10.15185/izawol.472
https://doi.org/10.1093/wbro/lkr009
https://doi.org/10.1093/wbro/lkr009
https://doi.org/10.1093/wbro/lkr009
http://www.jstor.org/stable/2026184
http://www.jstor.org/stable/2026184
http://www.jstor.org/stable/2026184
https://arxiv.org/abs/2601.19062
https://arxiv.org/abs/2601.19062
https://arxiv.org/abs/2601.19062
https://arxiv.org/abs/2504.08755
https://arxiv.org/abs/2504.08755
https://arxiv.org/abs/2504.08755
https://arxiv.org/abs/2504.08755
https://arxiv.org/abs/2504.08755
https://bounded-regret.ghost.io/building-technology-to-drive-ai-governance/
https://bounded-regret.ghost.io/building-technology-to-drive-ai-governance/
https://bounded-regret.ghost.io/building-technology-to-drive-ai-governance/
https://www.pimlicojournal.co.uk/p/mps-are-almost-certainly-using-chatgpt
https://www.pimlicojournal.co.uk/p/mps-are-almost-certainly-using-chatgpt
https://www.pimlicojournal.co.uk/p/mps-are-almost-certainly-using-chatgpt
https://arxiv.org/abs/2601.14242
https://namerology.com/2025/01/06/2025-name-of-the-year-is-elara/
https://arxiv.org/abs/2510.04226
https://arxiv.org/abs/2510.04226
https://arxiv.org/abs/2510.04226
https://arxiv.org/abs/2602.23329
https://arxiv.org/abs/2602.23329
https://arxiv.org/abs/2602.23329

	Introduction
	Scope
	Existing work and critical gaps
	Existing work
	Gap 1: No measurements of longitudinal disempowerment
	Gap 2: Lack of understanding of cross-domain interaction effects


	Framework
	Three layers of deepening disempowerment
	Layer 1: Exposure
	Layer 2: Erosion
	Layer 3: Lock-in

	Two axes of the measurement space
	Axis 1: Domain
	Axis 2: Level of analysis


	Proposed metrics
	Metric #1: Centaur evaluations
	Metric #2: Disempowerment perception surveys
	Metric #3: AI content saturation and written output mode collapse
	Metric #4: Monitoring relative capital flow to and from human labor
	Metric #5: Human task frontier tracking
	Metric #6: Institutional ethnography

	Limitations and open challenges
	Construct validity and the aggregation gap
	Leading vs. lagging indicators
	Measurement gaming and political economy
	Problem development speed
	Against premature aggregation

	Conclusion

