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Abstract—A prior U.S. review, Enterprise AI at the Decision
Point, established that enterprise artificial intelligence (AI) as-
sistants have task-dependent productivity effects and that public
evidence does not identify an independent financial return or a
complete chain from AI cost to verified workforce replacement.
The human side of that productivity record, and any organiza-
tional consequences of workforce change, were left open. This
study examines responsibilities, training, job insecurity and well-
being, human oversight, and performance after U.S. enterprise
AI adoption from November 2022 through September 2026. The
design is a critical integrative review. Firms that report a task
effect most often report exclusive augmentation. Frequent AI
use is associated with greater fear of job loss. In one worker
panel, displacement concern, rather than use frequency itself,
is associated with lower engagement and higher burnout. The
contribution is a responsibility-transfer framework with five
constructs and four testable propositions. A proposed computa-
tional specification of that framework, Human–AI Responsibility-
Aware Workflow Optimization (HARWO), places verification and
accountability on the workflow graph. Gross task-time savings
are separated from net employee time. HARWO is not solved or
estimated in this paper. The evidence gap reflects a measurement
disconnect: existing studies separately examine task productivity,
workforce changes, and employee well-being, but the evidence
examined here does not adequately link these outcomes within
the same organizations over time. Consequently, whether AI-
driven efficiency gains reduce human workload or redistribute
responsibilities remains unresolved. The U.S. record is consistent
with the separation of task change from employment change, and
with anticipatory strain. The performance of organizations that
combine AI with workforce reduction remains unmeasured, and
the propositions are not empirically validated.

Index Terms—Employee outcomes, enterprise artificial in-
telligence, human–AI workflow, job insecurity, organizational
performance, responsibility transfer.

I. INTRODUCTION

ENTERPRISE AI at the Decision Point, a prior U.S.

review of enterprise artificial intelligence (AI), asked

whether enterprise AI assistants and agents had produced pro-

ductivity, cost, workforce, and return-on-investment evidence

sufficient for high-stakes deployment decisions [1]. Through

16 September 2026, that review found task-dependent pro-

ductivity effects, no independently measured financial return

for named enterprise assistants, and no complete public case

connecting actual AI cost to verified workforce replacement

and realized return. It treated minutes saved as distinct from

full-time-equivalent reductions, and a staffing cut as distinct

from demonstrated replacement of human work. Its forward

agenda called for time-use evidence on how remaining work

is reallocated, matched employer–employee tests of whether

AI expenditure precedes employment change, and job-count

studies of hiring.
This paper leaves that investment question where the pre-

decessor left it and asks the next one: after adoption, what

happens to human responsibility, and what organizational

consequences follow. Automation and augmentation theories

allocate tasks between labor and capital [2]–[4]. Technostress

and job-insecurity research explain strain from demands and

anticipated loss [5], [6]. Human–AI collaboration research

explains interaction with a system that remains dependent on

human inputs [7]–[9]. None of those accounts defines the post-

restructuring ledger: who absorbs the residual work, including

the work of prompting, checking, and correcting the system

when nobody has been laid off, and whether the firm that

combines AI with headcount reduction performs differently

from the firm that adopts AI without that reduction.
The contribution is the responsibility-transfer framework

in Section II-C. It defines five constructs and states four

propositions that can be tested. Section V states Human–

AI Responsibility-Aware Workflow Optimization (HARWO),

a workflow specification that makes residual responsibility

and interaction overhead arguments of an allocation policy.

Fig. 3 is the organizing diagram. The U.S. evidence through

September 2026 is then used to classify each proposition.

Classification is not confirmation, and HARWO is not a fitted

model. Coding-assistant experiments, Danish task records, and

U.S. training comparisons inform mechanisms [10]–[12]. They

do not supply a new productivity estimate.

A. Research questions

1) RQ1. After U.S. firms adopt generative AI, what share

of reported task change is augmentation, substitution, or

role transformation, and does the mode of integration

relate to reported employment change?

2) RQ2. What evidence distinguishes AI-caused employ-

ment change from employer attribution?

3) RQ3. What happened to remaining employees’ respon-

sibilities, training requirements, workload, and oversight

of AI systems?



4) RQ4. What is the evidence on job insecurity, satisfac-

tion, burnout, and engagement among workers exposed

to workplace AI?

5) RQ5. Where managerial expectations and measured

outcomes diverge, which dimensions are supported?

6) RQ6. After adoption and any workforce restructuring,

what evidence shows improvement or deterioration in

organizational performance?

7) RQ7. Do AI responsibility transfer and a human–agent

organizing map survive contact with this evidence, or do

they remain unmeasured constructs?

The remainder of this paper is organized as follows. Sec-

tion II reviews the task, exposure, and collaboration litera-

ture that stops short of a fixed-roster ledger, and it states

the responsibility-transfer framework and propositions P1–P4.

Section III states the review design, eligibility, the searches

that were actually exported, and the appraisal limits. Sec-

tion IV classifies the evidence on adoption, restructuring,

remaining employees, insecurity, and performance. Section V

specifies HARWO: the workflow graph, the normalized alloca-

tion problem, the constraints, and a decision procedure that is

not a tested program. Section VI states what the classes imply,

why the human consequences remain difficult to measure, and

what remains unmeasured. Section VII closes. Appendices

A–H, after the references, record the searches, the Preferred

Reporting Items for Systematic reviews and Meta-Analyses

(PRISMA) 2020 inventory, screening, study characteristics, the

appraisal boundary, the synthesis, the HARWO notation, and

the citation audit.

II. BACKGROUND

A. Tasks, automation, and reinstatement

The labor-economics foundation is the task model. Produc-

tion requires tasks that can be allocated to labor or capital.

Automation reallocates tasks from labor to capital and can

reduce labor’s share even when productivity rises. New tasks

in which labor has comparative advantage produce a reinstate-

ment effect [3], [13], [14]. Occupations typically contain a

bundle of tasks, so automation of some tasks has historically

been more common than elimination of entire jobs [2].

Pre-generative-AI evidence already separated establishment-

level labor-demand changes from aggregate employment. In-

dustrial robots had adverse employment and wage effects

in U.S. commuting zones [15]. In online vacancies from

2010–2018, AI-exposed establishments increased AI hiring,

reduced non-AI hiring, and changed skill requirements, while

occupation- and industry-level employment and wage effects

remained too small to detect [16]. That pattern is a prior for

2023–2026 claims, not a generative-AI result.

B. Augmentation, hidden labor, and employee strain

Automation and augmentation are interdependent, and orga-

nizations can cycle between them [4]. Exposure is not realized

substitution. Standalone large language models were estimated

to affect more than half the tasks in only about 1.8 percent

of jobs, while complementary software raised the share of

jobs with majority-task exposure to just over 46 percent [17].

Those two shares are exposure, not realized substitution. A

2025 International Labour Organization (ILO) index likewise

scores occupational exposure, not hours or separations: about

one in four workers worldwide is in an occupation with some

generative-AI exposure, and 3.3 percent of global employment

falls in the highest exposure gradient, with higher shares

in high-income countries [18]. A separate pre-generative-AI

exposure index ranks occupations, industries, and places; it is

not the source of the 1.8 and 46 percent figures [19].

Technology is enacted through organizational routines [20]–

[22]. Apparent machine autonomy can rest on uncounted

human review, labeling, exception handling, and emotional

labor [23], [24]. Algorithms can restrict, recommend, record,

rate, replace, and reward, reshaping control without removing

work [25]. These are theoretical expectations for residual labor.

They are not measurements of generative-AI oversight hours.

Three further peer-reviewed accounts specify the object

without supplying that measurement. Managing AI is a deci-

sion about autonomy, learning, and inscrutability [26]. Work-

ing with AI is a counterpart inside a system of design,

implementation, and use, rather than a tool that simply receives

a task [7]. Where many algorithms delegate to many humans,

delegation is distributed: rights and responsibilities are not

absorbed completely by the algorithm, and human inputs re-

main necessary for the delegation to function [8]. A multilevel

review already separates human–AI collaboration, perceptions

of capability, worker attitudes, algorithmic control, and labor-

market effects [9]. Those distinctions motivate the framework

below. The Uber study is qualitative mechanism evidence, and

the multilevel review mixes designs and countries. Neither

measures hours moved onto U.S. employees who remain after

a separation.

Process representations, preference-weighted optimization,

and human–AI interaction guidelines each stop earlier than

that ledger. Process mining recovers a directed graph of

activities from an event log [27]. A weighted sum is one

way to state preferences before a search when objectives have

different units [28]. Human–AI guidelines require that people

be able to correct system output and that accountability for

the output remain intelligible [29]. None of those sources

defines the human time that remains when the set of employees

is held fixed. Two closer accounts still stop short of that

ledger. One reallocates call-center supervision from operator

cognitive load, stress, and activity [30]. Another treats levels

of automation as a shared language for team design and names

accountability as a design requirement [31]. In the abstracts

retrieved here, neither separates the person who executes

a step, the person who authorizes release, and the person

who remains accountable, and neither prices prompting and

verification as human time distinct from case completion time.

HARWO, in Section V, is the proposed joint specification. It is

not a result of those literatures and it is not a solved allocation.

C. Responsibility-transfer framework

Responsibility transfer is the reassignment, after AI adop-

tion, of tasks, decision rights, and residual work among the



AI system, workers who leave, and workers who stay. The

framework has five constructs.

Task-reallocation mode is the firm’s reported mix of aug-

mentation, substitution, and task creation. Employment ob-

ject is one of four non-equivalent records: a firm-reported

headcount change, a flow of job postings, an employer’s

stated reason for an announced cut, or demand in a contract

market. Residual responsibility is the human work of approval,

exception handling, oversight, and integration that remains

after a task is shared or removed [8], [24]–[26]. Attitudinal

exposure is perceived insecurity, fear of elimination, burnout,

engagement, and search. It is distinct from residual hours.

Organizational consequence is the performance of the package

that combines adoption with restructuring, as distinct from task

speed and from aggregate productivity.

Four mechanisms connect the constructs. Each yields a

proposition. None is treated as confirmed.

The task-employment mechanism follows the task model

and the automation–augmentation cycle [2]–[4]. Task change

can occur without occupation elimination, and broad opera-

tional integration is a different exposure from worker-level use.

P1. Among AI-using firms, a reported employment decrease

is more likely when AI is integrated across functions and op-

erations than when use is confined to worker tasks, conditional

on size and sector.

The incomplete-delegation mechanism follows the manage-

ment of autonomy and inscrutability, and platform evidence

that algorithmic delegation still requires human inputs [7], [8],

[26]. Sharing a task with a system does not, on that account,

transfer accountability for the task.

P2. Adoption that changes tasks increases human oversight,

exception handling, or integration work even when establish-

ment headcount is unchanged.

The anticipatory-strain mechanism follows insecurity and

technostress research [5], [6]. Strain can move with the ex-

pectation of displacement before any separation occurs, and it

need not move one-for-one with use.

P3. Within person, higher perceived displacement risk is

associated with lower engagement and higher burnout after

AI-use frequency is taken into account.

Interaction overhead is the time and effort spent prompting,

verifying output, correcting errors, switching context, and

supervising the system inside a task that the employee still

holds. It is distinct from residual hours after a separation and

from total working hours. Gross task-time savings are the

reduction in time to finish a specified task. Net employee time

subtracts interaction overhead from that gross saving. The two

are not interchangeable. This fourth mechanism asks whether

a shorter task still leaves the employee with less work.

P4. Within a task, verification and correction effort can

remain, and can track fatigue across repeated use, even when

completion time is shorter than without AI. P4 does not imply

that total working hours rise, and it does not require a layoff.

The advance is the joint claim. Automation and augmen-

tation stop at task allocation. Technostress and insecurity

stop at strain. Collaboration theories stop at the human–

AI interaction. The framework requires task time, interaction

overhead, attitudinal exposure, and organizational consequence

to be reported separately. Consequence stays unidentified until

hours absorbed by remaining employees, net of interaction

overhead, and performance after AI plus headcount reduc-

tion are observed. Fig. 3 orders the constructs. Managerial

expectations and organizational readiness remain candidate

moderators [32], [33]. The readiness preprint is context for

that moderator. It is not an outcome estimate.

Algorithm aversion supplies a further boundary: users may

reject an algorithm after seeing it err [34]. A separate preprint

states a mid-range theory of delegated commercial agency:

organizations may transfer bounded decision rights to hu-

man or computational representatives while principals retain

residual accountability, and fully autonomous cross-enterprise

commerce is not claimed as a present fact [35]. That account

is about interorganizational commerce. It does not measure

hours absorbed by employees who remain after adoption.

Institutional statements cited later describe skills, workforce

questions, and audit practice. They record expectations and

proposed oversight methods. They do not measure residual

hours.

D. Why 2022–2026 rates are not one series

Worker use, firm adoption, employment-weighted adoption,

functional integration, worker-task use, utilization intensity,

and enterprise-agent use are different constructs. Worker-

level generative-AI use exceeded 40 percent of employed

adults by late 2025, while firm-weighted Census use was

about 18 percent after the late-2025 question revision and

employment-weighted firm use was about 32 percent in the

2026 supplement [36]–[38]. Access is not adoption, adoption

is not utilization, and none of these is enterprise performance.

No comparable national series for enterprise-agent prevalence

was found. Fig. 1 keeps the series separate.

III. METHODS

A. Design

The design is a critical integrative review [39]–[41]. That

class develops a conceptual account across fields. It is the

appropriate class because the questions cross labor economics,

information systems, and organizational behavior, and because

the estimands are not poolable. Reporting follows the PRISMA

2020 statement where the record supports an item [42], to-

gether with software-review and protocol guidance on eligibil-

ity, search concepts, and appraisal [43], [44]. The review was

not registered. Screening was done by one reviewer. Database

hit counts were not retained, so they are not imputed, and the

predecessor’s counts are not copied [1]. Fig. 2 is the historical

corpus only. It has no identification count. The counted 8

November 2026 export is Appendix B and is not that figure.

Table I is the reporting inventory. Paré et al. and Snyder are

cited only for the review class [39], [40].

The verified reference list contains 104 works. One is the

predecessor review. The other 103 are follow-up sources:

journal articles and working papers, Census, Bureau of Labor

Statistics (BLS), Bureau of Economic Analysis (BEA), and

Federal Reserve series, workforce surveys, corporate filings

and product documents, and institutional guidance. Six of the



TABLE I
PRISMA 2020 REPORTING ITEMS AND THEIR STATUS IN THIS REVIEW.

Item Status in this manuscript

Objectives Seven questions are stated.
Eligibility Include and exclude rules are stated.
Information sources Indexes that were queried, and those that were not,

are named. The pre-8 November 2026 hit list was not
archived.

Search strategy Concept sets are stated. The 8 November 2026 strings,
dates, and export counts are in Appendix A. Earlier
strings were not archived.

Selection One reviewer. No second screener and no adjudication
log.

Data items Venue, place, sample, period, AI type, outcomes, stated
effects, and a causality class were recorded when the
source stated them.

Risk of bias Five-question checklist only. The Risk of Bias 2 tool
(RoB 2), Risk Of Bias In Non-randomized Studies
of Interventions (ROBINS-I), and Grading of Recom-
mendations Assessment, Development and Evaluation
(GRADE) were not applied.

Synthesis Concept-centric. No pooling. Conflicts follow Table II.
Registration None.

103 are author preprints used only as context. Seven further

journal articles, added in this revision, are theory, review

methodology, qualitative delegation evidence, a multilevel

review, or one non-U.S. wellbeing association. Two Confer-

ence on Human Factors in Computing Systems (CHI) studies

inform interaction overhead only. Two Control Objectives for

Information and Related Technologies (COBIT) publications

are governance design, not employee-outcome evidence. They

are not added to the causal count. The 104 works are not

104 causal evaluations, and they are not 104 systematically

screened studies. Two further sources, an Organisation for

Economic Co-operation and Development (OECD) working

paper and a 2026 ILO research brief, are cited only for

measurement limits stated by their authors. They are not added

to the causal count or to the 643-record screen. Eight carried-

forward studies were classed as causal or strong quasi-causal

workplace or labor-market designs. Three further designs

are used for mechanism or task-time evidence: randomized

developer experiments [10], a Danish difference-in-differences

study used only as a mechanism [11], and a matched U.S.

training comparison [12]. Further preprints by the first author,

on agentic-system governance, enterprise generative-AI secu-

rity, a governance-priority architecture, semantic tracing with

a human-review gate, and delegated commercial agency, are

cited later as capability, control, or boundary context. They

are not outcome studies and are not added to the causal

count. Related digital-transformation notes that restate the

readiness preprint are not cited again. Surveys by AICPA

and CIMA, NACD, Wharton Human-AI Research, and MIT

Sloan Management Review with Boston Consulting Group, an

ISACA audit proposal, and an MIT Sloan Executive Education

program description are perceptions, guidance, or a curriculum

statement. They are not evidence that AI improves financial

performance. Five 2026 official sources close measurement

gaps on postings, tasks, expectations, utilization, and an-

nounced cuts [38], [45]–[48].

B. Eligibility

English-language sources were eligible when all of the

following held.

1) The source provided empirical, theoretical, or official-

statistical evidence on AI and workforce change, em-

ployee outcomes, or enterprise performance.

2) The evidence was relevant to the U.S. window of

November 2022 through September 2026, or it was

foundational theory from an earlier period. International

empirical studies were eligible only as mechanism evi-

dence and were not used in U.S. totals.

3) The source was retrievable as a journal article, work-

ing paper, government publication, transparent survey,

product-capability document, or official filing.

Sources were excluded when any of the following held: a

news story was the sole support for a major conclusion;

the source was vendor marketing of return on investment

or job replacement; the document could not be retrieved; or

the citation served only to lengthen the reference list. Two

review-methodology articles are the stated exception to the

workforce-evidence rule. They name the review type and the

reporting table, and they are excluded from every outcome

claim [39], [40]. Microsoft product documentation was eligible

for capability and control description and was ineligible as

proof of productivity, return on investment, displacement,

satisfaction, or layoff effects. Incompatible time series were

not spliced. Null and contradictory findings were in scope.

The 2026 update was limited to Census, BLS, BEA, Federal

Reserve, and gap-filling peer-reviewed or NBER evidence,

plus the author preprints identified above, which are labeled

as preprints.

C. Search and reproducibility

Search concepts combined an AI set (generative AI, enter-

prise AI, large language model, AI agent, Copilot), a work-

force set (employment, layoff, job posting, training, workload,

oversight), and an outcome set (job insecurity, burnout, en-

gagement, technostress, training, organizational performance).

Discovery used Google Scholar and publisher platforms. Ver-

ification required the original journal, working-paper, gov-

ernment, or corporate document. Sources consulted included

publisher pages for Web of Science and Scopus listings, IEEE

Xplore and the ACM Digital Library, ScienceDirect, Springer-

Link, Wiley, Sage, Taylor & Francis, PubMed, the National

Bureau of Economic Research (NBER), Census, BEA, BLS,

the Federal Reserve, the Government Accountability Office

(GAO), the National Institute of Standards and Technology

(NIST), the Cybersecurity and Infrastructure Security Agency

(CISA), the Office of Management and Budget (OMB), the

U.S. Securities and Exchange Commission Electronic Data

Gathering, Analysis, and Retrieval system (SEC EDGAR), and

Pew, Gallup, and American Psychological Association (APA)

pages. SSRN, arXiv, Research Square, and Preprints.org were

used for emerging studies and are labeled as such.

Appendices A–H of this PDF record the retrospective proto-

col, the search that was actually exported, the PRISMA 2020

inventory, eligibility and screening, study characteristics, the



appraisal boundary, the synthesis by question, the HARWO

notation, and the citation audit. The Boolean strings, export

dates, and hit counts for the corpus compiled before 8 Novem-

ber 2026 were not archived. Scopus, Web of Science, IEEE

Xplore, and the ACM Digital Library were not queried, be-

cause no institutional session for those indexes was available.

On 8 November 2026 the public PubMed E-utilities interface

was queried with the title/abstract string “generative artifi-

cial intelligence” or ChatGPT, and employment, workload,

burnout, or layoff, and worker, employee, or firm, limited to

publication dates 1 November 2022 through 30 September

2026. The query returned one record, a healthcare scoping

review, PubMed identifier (PMID) 41037981. It was excluded

on setting and was not added to the synthesis. An OpenAlex

relevance count of 43,131 works was not exported and was

not screened. A Crossref bibliographic query the same day

returned 1,878,646 works and was not exported. Neither count

is a screening denominator. Three OpenAlex exports were

screened by one reviewer and are recorded in Appendix A.

The first returned 68 works and added one cross-sectional

study to the synthesis [49]. The second returned 90 works on

human-in-the-loop task allocation and added two comparison

papers, not outcome estimates [30], [31]. The third returned

3 works and added none. Those exports do not replace the

earlier corpus. A separate protocol, written the same day and

not registered, repeated the seven questions and the same

eligibility rules. The reference-list classification below is not

a claim that those works were retrieved by the new strings.

Scopus, Web of Science, IEEE Xplore, and the ACM Digital

Library remained unavailable. Four queries were exported in

full and screened by one reviewer. OpenAlex title-and-abstract

search for enterprise, generative, artificial intelligence, and

employment, from 1 November 2022 through 30 September

2026, returned and exported 39 records. The same dates for

generative artificial intelligence, employee, burnout, and work-

load returned and exported 2. A search for human, artificial

intelligence, responsibility, accountability, and workflow, from

1 January 2018 through 30 September 2026, returned and

exported 330. PubMed, with “generative artificial intelligence”

or ChatGPT in the title or abstract and employment, workload,

or burnout, for publication dates 1 November 2022 through

30 September 2026, returned and exported 272. The four

files contain 643 records. One duplicate title was removed,

and 642 titles were screened. Fifty-three titles remained after

that pass. Abstracts were then requested from OpenAlex for

all 53. Forty-two abstracts were returned and read. Eleven

records had no abstract on OpenAlex. All eleven are SSRN

working papers. Crossref returned an abstract for each on 8

November 2026, and those abstracts were read. None was

added. One multi-country firm study reports employment

interactions, but it is a working paper, the sample is not a U.S.

payroll contrast, and the abstract coefficients were not taken

from a re-read table (doi:10.2139/ssrn.7537464). One security-

operations simulation reports a workload change; the setting

is outside the enterprise question and the full text was not re-

trieved, so the figure was not used (doi:10.2139/ssrn.7512166).

The other nine abstracts are conceptual, governance, or sec-

ondary syntheses without a primary enterprise sample. Full

texts of the 53 were not retrieved, because no abstract met

the inclusion rule for a new outcome study. None of the

original 42 abstracts stated a checkable enterprise employee,

workload, or organizational-performance design inside RQ1–

RQ7. Education and clinical samples, conceptual essays, and

syntheses without a primary sample were excluded. Two

examples are a European public-administration monitoring

case (doi:10.1007/s00146-026-02978-y) and a patent study of

earnings calls from 2011 to 2021 (doi:10.1111/jpim.70015).

This search added no study. All 102 works then in the

reference list were classified from the stored bibliography

and from the role already assigned in the manuscript. The

classes separate studies used for an employee or performance

estimate from theory, review methods, official series, surveys

and filings, governance documents, and author preprints. Full

texts of those 102 works were not downloaded again. The

OECD working paper and the ILO brief were read from

the issuing PDFs and were not part of that earlier sort. The

classification is not a second full-text appraisal, the works

were not given new RoB 2 or ROBINS-I domain scores,

and they are not entered in the identification total of the

new flow. They remain cited. No second reviewer repeated

either screen. On 8 November 2026, eight public PDFs already

cited in the bibliography were downloaded and are listed

in Appendix E. RoB 2 was applied only to the randomized

Copilot experiment, and only the randomization domain was

given a concern rating. The other domains, and the other

downloaded papers, were not scored. Journal PDFs without

an open copy were not retrieved. The manuscript remains

a critical integrative review. Two further queries, the same

day, separated intensification without a layoff from mental

health after a reduction. OpenAlex title-and-abstract search

for generative artificial intelligence, employee, workload, and

verification returned 1 record, a consumer-commerce preprint,

which was excluded. The search for artificial intelligence,

layoff, remaining employees, and burnout returned 2 records, a

literature essay and a podcast summary, which were excluded.

The matching PubMed strings returned 0. APA PsycInfo was

not queried. Tables V and VI therefore use only evidence

already in the corpus.

D. Appraisal and synthesis

Appraisal used five questions: venue class, design, geogra-

phy, explicit numerators and time periods, and independence

from the vendor whose product is evaluated. The questions are

a transparency checklist. They do not generate a risk-of-bias

score, and they are not a GRADE rating. An SCImago Journal

Rank (SJR) quartile classifies the outlet. It does not score

bias in an individual estimate. Working papers, outplacement

reports, vendor studies, and author preprints were not labeled

Q1. Table II is the hierarchy used when sources conflict, unless

the higher-tier study is off-scope.

For each included source the reviewer recorded the biblio-

graphic record, venue class, country, sample, period, AI type,

workforce outcome, enterprise outcome, author-stated effect

sizes where the source stated them, and a causality class.

Synthesis is concept-centric and configurative [41]. Effect



TABLE II
EVIDENCE HIERARCHY USED IN THIS REVIEW.

Tier Definition and use

A. Causal experiment Randomized or naturally randomized assign-
ment to AI access. Used for task and selected
workplace time-use claims.

B. Strong quasi-causal Difference-in-differences, staggered adoption,
or a comparable design with a defined coun-
terfactual.

C. Official statistics Census, BLS, BEA, and Federal Reserve se-
ries. Used for adoption, employment, and pro-
ductivity levels. Not AI-identified unless the
agency study says so.

D. Longitudinal association Repeated observation without identification.
E. Cross-sectional association Single-wave correlation.
F. Self-reported perception Survey attitudes and feared effects.
G. Corporate attribution 10-K statements, earnings claims, and named

layoff reasons.
H. Product documentation Microsoft Learn and similar. Capability and

governance only.

sizes were not pooled because tasks, samples, and estimands

are not commensurable. Each major relationship is classed as

causal evidence, strong quasi-causal evidence, longitudinal as-

sociation, cross-sectional association, self-reported perception,

corporate attribution, descriptive co-occurrence, or insufficient

evidence. A higher tier does not convert an off-scope estimate

into a U.S. total. A corporate attribution does not become a

causal employment effect because the count is large. The same

record informs HARWO only as a list of which terms can

be observed and which cannot. An unobserved duration, error

rate, or cost is left missing. It is not imputed, and the resulting

specification is not counted as a causal evaluation.

IV. RESULTS

A. Exposure context

Table III retains the 2025–2026 contrasts that later

employee-outcome claims require as denominators. Earlier

points on the same incompatible series, already used as deci-

sion context in the predecessor [1], are stated here so the path

is not dropped. Business Trends and Outlook Survey (BTOS)

firm use in goods or services production was 3.7 percent of

firms in September 2023 and 5.4 percent in February 2024,

with 6.6 percent then expected by fall 2024 [50]. The legacy

production question, carried to September 2025, was about

10 percent use and 14 percent planned [37]. In late 2024,

the Real-Time Population Survey recorded any generative-AI

use by 45 percent of adults aged 18–64 and work use in the

prior week by 27 percent of employed adults, of whom 10

percent used it every workday and 17 percent on some days;

assisted hours were 1–7 percent of work hours and reported

hours saved were 1.4 percent [36]. Those late-2024 figures

were confirmed against the published Management Science

abstract (doi:10.1287/mnsc.2025.02523). In 2026:Q2, the St.

Louis Fed series of employed adults aged 18–64 who report

using generative AI for their job was 45.199 percent, not

seasonally adjusted [51]. That question is not the prior-week

work-use measure reported for late 2024. A later vintage of

the same series, updated 20 October 2026, records 40.545

percent for 2026:Q3. The Q2 figure is therefore not the latest

Series 2023–24 Late 2024 Nov. 2025 2026

BTOS firms 3.7–5.4% ∼10% 18% —
RPS workers — 27% prior week ∼41% 45.2% job use
Agents Capability evidence; no prevalence series

Fig. 1. U.S. AI measurement timeline, 2022/2023–2026. Worker, firm-
weighted, employment-weighted, and agent series are not interchangeable.
The 45.2 percent 2026 figure is a job-use question, not the late-2024 prior-
week measure.

Historical corpus, assembled before 8 November 2026.
Identification and exclusion counts for this corpus were not archived and
are not shown.

Records were checked against the eligibility rules. A news story, an
unverified number, or vendor marketing of return or job replacement
was not used as a major conclusion.

This figure is not the 8 November 2026 export. That export is Appendix
B: 643 records, 1 duplicate removed, 642 titles screened, 589 excluded
on title, 53 abstracts assessed, 0 studies added.
The reference list is the cited corpus. It is not the set of records identified
by that export.

Fig. 2. Historical corpus. Counts for this path were not retained. The counted
8 November 2026 export is Appendix B and is not drawn here.

published point, and the Q3 reading falls after this review’s

September 2026 close. Employment-weighted firm AI and

large-language-model use in the Survey of Business Uncer-

tainty were about 78 percent and 54 percent of employment

at adopting firms [37], [52].

Classification: descriptive official-survey evidence. The

November 2025 BTOS break is a measurement change, not

an adoption shock [37], [46]. Worker use is widespread and

shallow. Firm function use is lower and still narrow. Worker-

task use can occur without formal firm adoption, and the

reverse also occurs [38]. Census authors also note that a firm-

level respondent may miss decentralized worker use, so task-

level adoption can be understated [38].

B. Workforce restructuring

Job postings, hiring, employment, announced cuts, and

executed separations are not interchangeable. This subsection

distinguishes those objects. It does not estimate a causal

payroll effect of generative AI.

1) Labor demand: Before generative AI, AI-exposed estab-

lishments reduced non-AI hiring while aggregate occupation-

and industry-level employment effects were undetectable [16].

After ChatGPT, highly exposed freelancers had short-run em-

ployment and earnings reductions. In CESifo Working Paper

10601 the estimates are a 2 percent decline in the number of

monthly jobs (standard error 0.004) and a 5.2 percent decline

in monthly earnings (standard error 0.016) [54], [55]. Those

two percentages were re-read from the working paper. They

were not re-confirmed on the Organization Science PDF. The

result is a spot-market contrast with less-affected freelancers,

not a U.S. payroll census.

Liu and Webber link Lightcast postings to BTOS industry

AI use and to firm-level AI or machine-learning skill requests,

September 2023–November 2025, before the BTOS wording

break. Industry- and firm-level coefficients are small once

scaled by the low mean AI-posting share (1.6 percent of

postings). Firm-level models include 1,053,991 firms. The



TABLE III
2025–2026 U.S. ADOPTION CONTRASTS USED AS DENOMINATORS FOR EMPLOYEE-OUTCOME CLAIMS. THESE ROWS ARE NOT ONE TIME SERIES.

Period Estimate Source

Nov. 2025 RPS work generative AI: 40.7 percent any use; 12 percent daily last week [37]

Nov. 2025 BTOS after the question revision: about 18 percent of firms use AI in any business function;
about 21 percent planned

[37]

Nov. 2025–Jan. 2026 BTOS supplement: 18 percent of firms; 32 percent employment-weighted; 22 percent
expected within six months

[38]

Nov. 2025–Jan. 2026 Worker-task use: 23 percent of firms; 41 percent employment-weighted [38]

Nov. 2025–Jan. 2026 Among adopters, 57 percent use AI in three or fewer functions; Sales/Marketing 52 percent,
Strategy 45 percent, IT 41 percent

[38]

Very large firms, three sectors Information, professional services, and finance: firm use 50–60 percent (60–70 percent
employment-weighted)

[38]

Aug. 2025–May 2026 More than 80 percent of occupations have adoption above 20 percent; adoption exceeds
50 percent in only about 40 percent of occupations

[53]

authors treat those coefficients as precisely estimated nulls

and state that the only statistically significant results are a

small positive relationship between AI exposure and postings.

They report no evidence in this window that industries or firms

with higher AI adoption reduced overall job postings. They do

not examine occupation-specific postings, they do not claim

causality, and they describe the exercise as backward-looking

monitoring [45]. Classification: longitudinal association and

official monitoring. The result is not proof that AI does not

reduce jobs. The firm count, the 1.6 percent share, and that

conclusion were re-read from the 27 March 2026 Finance

and Economics Discussion Series (FEDS) Note. The note’s

regression table was not re-extracted cell by cell, so a more

specific lag claim is not restated.

2) Firm-reported headcount and task change: In the 2026

BTOS AI supplement, firm-weighted shares are 2.3 percent

reporting an AI-related headcount increase and 2.0 percent

reporting a decrease (4.3 percent reporting either change).

Employment-weighted shares are 3.7 percent and 2.4 percent.

The authors summarize the no-change share as 95 percent

of AI-using firms and describe each tail as about 2 percent

[38]. Capital or software replacement is more common (16

percent of AI-using firms). Summaries that the authors say

have no causal interpretation find that functional breadth and

operational investment are positively associated with reported

employment decreases, whereas worker-task integration is not

once those organizational measures are included [38]. The

2023–24 snapshot likewise found few reported employment

reductions [50]. Classification: cross-sectional association and

self-report.

The same supplement is the direct evidence for RQ1. Forty-

four percent of AI-using firms report augmenting worker

tasks. Among firms that report any task effect, 66 percent

report exclusive augmentation. Pure substitution and pure task

creation each occur in 5 percent of firms, and about 7 percent

both augment and substitute. Among substituting firms, the

share reporting a “large number” of replaced tasks rose from

2.5 percent to 7 percent since the first supplement [38]. Writing

and editing is the leading generative-AI task (85 percent of

firms with task-level use), followed by information search (50

percent). These percentages were re-read from CES-26-25.

Classification: official descriptive evidence that augmentation

is the modal reported mechanism; insufficient evidence for

general U.S. job elimination.

3) Announced cuts and projections: Challenger, Gray &

Christmas began coding AI as a standalone reason for an-

nounced U.S. job-cut plans in May 2023. Table IV records

planned announcements and the employer’s stated reason. It

does not record completed separations. Contemporary news

accounts of the May 2023 release reported 3,900 AI-cited

cuts in that month. The May 2023 reasons table was not re-

extracted here, news is not eligible as the sole support for a

major conclusion, and 3,900 is a monthly figure rather than

a May–December cumulative. It is therefore omitted from

Table IV. The December 2025 Challenger report states that

employers announced 1,206,374 U.S. job cuts in 2025, of

which 54,836 were AI-cited, and that AI had been cited in

71,825 announcements since 2023 [56]. Those three figures

were re-read from the year-end report. That report does not

publish standalone full-year 2023 or 2024 AI totals. The

arithmetic residual, 71,825− 54,836 = 16,989, is a combined

2023–2024 implication. It is not a Challenger-published annual

split, and it is not entered in the table.

Through August 2026, total announced cuts were 529,914,

down 41 percent from the same period of 2025, while AI

remained the leading year-to-date stated reason at 116,175

announcements (about 22 percent). In August itself, AI was

the fourth-stated reason, at 3,462, the lowest monthly AI total

since December 2025 [48]. The May, June, July, and August

2026 AI totals were re-read from Challenger’s own releases.

Classification: corporate attribution. Rising attribution can

coexist with the posting result and with the rarity of Census

employment-decrease reports because the three series measure

different objects.

BLS projections for 2024–34 anticipate a 33.5 percent

increase for data scientists and a 15.8 percent increase for

software developers [57]. Both percentages were re-read from

the 16 July 2026 Economics Daily page. Projections are not

realized outcomes.



TABLE IV
AI-CITED ANNOUNCED U.S. JOB-CUT PLANS (CHALLENGER).

Period AI-cited announced cuts

Full year 2025 54,836; cumulative since 2023: 71,825. Total announced cuts:
1,206,374 [56]

YTD May 2026 87,714 (22 percent of 2026 announcements through May) [58]
YTD June 2026 101,743 (about 23 percent); cumulative since 2023: 173,568 [59]
YTD July 2026 112,713 (about 24 percent); cumulative since 2023: 184,538 [60]
August 2026 3,462 (fourth reason; lowest monthly AI total since Dec. 2025)

[48]
YTD August 2026 116,175 (about 22 percent of 529,914); still the leading year-to-

date reason [48]

These rows are corporate attributions, not completed separations and not causal

identification. The May 2023 monthly figure of 3,900 and the reconstructed 2023–2024
residual are omitted because they are not primary annual totals.

C. Remaining employees

Direct evidence is separated here from theory and from

hypotheses that the corpus cannot test.

1) Empirical findings: The revised Microsoft 365 Copilot

working paper, which is vendor-affiliated, reports an intention-

to-treat reduction of 1.4 Outlook hours per week (12 percent)

and a local average treatment effect of about two hours (17

percent) [61]. The November 2025 revision of the working

paper, which was re-read for this version, also states that

more than 90 percent of treated workers used the tool at

least once, while weekly use in the later window stabilized at

just under 40 percent of treated workers. The NBER abstract

compresses the user result as two fewer email hours among

the 80 percent of treated workers who used the tool in the

second half of the experiment, with less time outside regular

hours. The same paper does not detect a change in the number

of Teams meetings or Word documents, or in the quantity

and composition of tasks. The authors note that major new

responsibilities would be expected to leave a trace in those

applications. That is an interpretation of telemetry, not a

personnel-file measure of job scope [61], [62]. An earlier

statement of a 3.6-hour (31 percent) email effect is not in

the November 2025 revision and is withdrawn. Classification:

causal evidence for email-time and off-hours changes among

users; insufficient evidence for responsibility expansion.

A separate customer-service rollout, already cited by the

predecessor for issues resolved per hour, also reports lower

attrition, driven by retention of newer workers, and facilitation

of worker learning [1], [63]. That is an employee-outcome

result inside a productivity experiment. It is not a finding about

workers who remain after a layoff.

In Denmark, employer and worker records show widespread

chatbot initiatives in exposed occupations, worker-reported

productivity benefits, and new tasks in content generation,

oversight, and integration. Difference-in-differences estimates

rule out earnings and recorded-hours effects larger than 2

percent two years after ChatGPT’s launch. Too few workers

move into higher-paying occupations for average earnings to

change [11]. Classification: strong quasi-causal evidence for a

null on Danish earnings and hours, with descriptive evidence

of task reorganization, including oversight tasks. Not a U.S.

total. The 2 percent bound was re-read from the NBER abstract

and the March 2026 revision.

2) AI Interaction Overhead and Work Intensification With-

out Layoffs: The question in this subsection is whether enter-

prise AI reduces the employee’s work or moves prompting,

verification, correction, and supervision onto the person who

still holds the job. No layoff is required for that move. Gross

task-time savings and net employee time are separated. Neither

CHI study measures a U.S. payroll workday, and neither is

treated as proof that total hours rose.

Lee et al. surveyed 319 knowledge workers who used

generative AI at least weekly and collected 936 task examples

[64]. In most examples, participants rated cognitive activities

as requiring less effort with generative AI than without it: 72

percent for knowledge and 55 percent for evaluation, the least

reduced activity. Higher confidence in the AI was associated

with less critical thinking and with larger perceived effort

reductions. Higher confidence in one’s own ability was asso-

ciated with more critical thinking and with more effort when

applying and evaluating responses. Qualitatively, the work

of thinking shifted toward information verification, response

integration, and task stewardship. The study is self-report.

Several authors are affiliated with the vendor. It supports

a change in the kind of effort. It does not measure hours,

and it does not show that prompting increased total work-

ing time. A separate cross-sectional study of 276 corporate

research-and-development employees reports that workload

and organizational support were positively associated with

generative-AI use, and use with innovative performance [49].

That association is not a U.S. payroll result, not a measure

of net hours, and not evidence that a heavier workload was

caused by the tool.

Fan et al. held one model fixed and varied the interface

while 60 participants completed three Python tasks, with a no-

AI control [65]. Pooled AI assistance reduced National Aero-

nautics and Space Administration Task Load Index (NASA-

TLX) workload by 18.2 points and completion time by 22

percent (25.0 versus 32.1 minutes) and raised the odds of

correctness (odds ratio 1.71). Inline help was fastest on simple

work. Chat was more accurate as complexity rose, without a

time penalty in that contrast. A verification-load index, built

from failures, time to first compile, code churn, pauses, and

switches, partially mediated increases in stress and fatigue

across repeated tasks. The workload-reducing result and the

verification-load result are both in the study. The first is a gross

task-time and task-load saving inside a lab session. The second

is a within-session cost of checking and repairing output. The

design does not observe whether those minutes were added

back elsewhere in a workday, and it does not involve a layoff.

COBIT 2019 names the organizational places where such

residual work would have to be owned if a firm chose

to govern it: managed human resources (APO07), managed

risk (APO12), ensured resource optimization (EDM04), and

managed performance (MEA01) [66], [67]. NIST Artificial

Intelligence Risk Management Framework (AI RMF) 1.0

and the generative-AI profile likewise treat human oversight

and accountability as governance functions [68], [69]. Those

publications specify controls. They do not estimate prompting

time, verification minutes, or strain.

Classification against P4: the lab experiment is consistent



TABLE V
RQ-A. EVIDENCE ON WORK INTENSITY WHEN NO LAYOFF IS REQUIRED.

NO ROW MEASURES A U.S. WORKDAY AFTER A FIXED ROSTER.

Design What it shows, and what it does not

Randomized lab, Fan
et al.

Task time −22% and NASA-TLX −18.2; verifica-
tion load tracks fatigue across tasks. Not a workday.

Self-report, Lee et al. Effort often rated lower; activity shifts toward veri-
fication. Not hours. Vendor-affiliated.

Randomized email
trial, Dillon et al.

Fewer Outlook hours. No change in meetings or
document counts. Not net workload.

Danish difference-in-
differences

Recorded hours and earnings effects larger than 2%
are ruled out. New oversight tasks are descriptive.
Not a U.S. total.

Cross-section, Li et al. Workload and support associated with generative-AI
use. Not a cause and not net hours.

with shorter task time coexisting with verification load that

tracks fatigue; the survey is consistent with lower perceived

cognitive effort and a shift toward verification. Total working

hours, role ambiguity after adoption, and strain in firms

that did not reduce headcount remain unmeasured. Frequent

prompting is not interpreted here as an increase in the workday.
3) RQ-A. Intensification when headcount is unchanged:

The question is whether adoption raises workload per em-

ployee, task volume, verification, correction, supervision, or

performance expectations while the roster stays fixed. Table V

keeps the designs apart. A shorter task and a lower task-

load score can sit next to verification effort. Neither result

is a workday total, and neither requires a layoff. The Danish

hours bound is a null on recorded hours, not a finding that

verification disappeared. The cross-sectional association of

workload with generative-AI use does not identify which one

came first.

The National Institute for Occupational Safety and Health,

in a 10 April 2024 bulletin, defines work-related psychosocial

hazards as factors in the work environment that can cause

stress, strain, or interpersonal problems. Its summary of the

2018 General Social Survey Quality of Worklife supplement

says that close to 30 percent of workers found their work

stressful always or often, almost 70 percent agreed they had to

work very fast, and 43 percent said job demand interfered with

family life. Those figures are general occupational stress in

2018. They are not an AI-adoption estimate and not a measure

of hours after a fixed roster [70].

The 2023–24 Census snapshot reported training, new work-

flows, and cloud purchases [50]. In the 2026 supplement, 64

percent of AI-using firms report no institutional adjustment.

Training staff and developing new workflows are the most

common adjustments, each reported by about 15 percent of AI-

using firms [38]. Those shares were re-read from CES-26-25.

They are firm reports of an adjustment, not hours absorbed by

remaining employees. Establishments that adopted earlier AI

changed skill requirements [16]. Within-occupation adoption

is often below half of workers even where the occupation is

exposed [53]. U.S. Workforce Innovation and Opportunity Act

(WIOA) training spells from 2012–2024 show high quarterly

earnings returns for trainees from low-AI-exposure occupa-

tions. Returns for trainees from high-exposure occupations

rose from about $1,000 per quarter before 2020 to about

$3,000 by 2022–2024, compared with matched workers who

received only job-search assistance. The authors attribute most

of that rise to moves into less AI-exposed occupations, and

a smaller part to training in AI-complementary skills [12].

Classification: descriptive co-occurrence for Census training

reports; matched comparison for WIOA earnings returns. Nei-

ther measures hours absorbed after an AI-related separation,

and the training study is not a 2023–2026 generative-AI

experiment. The about-$1,000 and about-$3,000 figures were

re-read from the NBER abstract of the August 2026 revision.

An earlier revision used a slightly different pre-2020 rounding,

so the abstract’s “about” is retained.

Product documentation for computer-using agents describes

designated human supervisors, email or inline approval, pauses

on timeout, and controls that can disable generative-AI pub-

lishing [71], [72]. A review of agentic and multi-agent systems

finds the strongest capability evidence in software engineering,

web automation, and computer use, and treats those systems

as bounded and monitored rather than as independent workers

[73].

A local prototype places a human-review gate after inven-

tory, evidence, and governance steps. With semantic evaluation

on, system latency was higher (about 126 seconds versus

about 102 seconds) and decision-family correctness did not

differ (59 of 160 versus 57 of 160). Human calibration

and production integration remain pending [74]. That latency

contrast is system time inside the prototype, not employee

hours, production error rates, labor input, or firm profit.

4) Theoretical expectations: Downsizing-survivor research

predicts intensification after cuts. Ghost-work and algorithmic-

control research predict uncounted residual labor [24], [25].

NIST’s AI Risk Management Framework treats human ac-

countability as an organizational function [68]. These liter-

atures motivate the construct. They are not AI-identified U.S.

payroll evidence.

5) Unresolved hypothesis: AI responsibility transfer is

defined here as the movement of tasks, accountability, or

oversight from eliminated, unfilled, or automated roles onto

remaining employees, including supervision of AI systems. No

included U.S. study measures hours transferred from laid-off

workers to remaining workers after an AI-associated reduction,

and no included study measures oversight hours. The construct

is not established.

6) RQ-B. Downsizing, remaining employees, and mental

health: A general downsizing study is not evidence that an AI-

related cut moved hours onto the people who stayed. Survivor

and algorithmic-control research supply that context only [24],

[25]. Burnout on a survey scale is not a clinical depression

diagnosis. Table VI separates those objects. No included study

estimates depressive symptoms, or a clinical anxiety diagnosis,

after an AI-associated reduction. The Gallup contrasts are

within-person associations with perceived displacement, not

with a verified separation. The Finnish path is not a U.S. layoff

contrast and is not significant as a direct adoption-to-wellbeing

link.

The National Institute of Mental Health reports that 8.3

percent of U.S. adults, an estimated 21.0 million people,

had a major depressive episode in 2021. The definition is a

period of at least two weeks with depressed mood or loss of



TABLE VI
RQ-B. MENTAL-HEALTH AND REMAINING-EMPLOYEE EVIDENCE.

GENERAL DOWNSIZING IS CONTEXT, NOT AN AI EFFECT.

Record Class

Hours moved after an
AI-associated cut

No included U.S. study.

Gallup panel Displacement concern, not a measured layoff: en-
gagement −0.20 SD, burnout +0.18 SD. Not
clinical depression.

Finnish firm survey No significant direct path from adoption to wellbe-
ing. Not a U.S. layoff contrast [76].

Insecurity and
technostress reviews

Pre-generative-AI theory. Not an AI-downsizing
estimate [5], [6].

Announced-cut tallies Employer attribution. Not completed separations
and not a mental-health outcome.

interest and a majority of specified symptoms, from the 2021

National Survey on Drug Use and Health. That is a population

prevalence. It is not a workplace sample, and it is not an

estimate of depression after an AI-associated reduction [75].

NIOSH’s 2024 bulletin links psychosocial hazards, including

job insecurity and high demands, to burnout and depression in

the occupational-health literature it reviews. That link is not

an identification of an AI-related layoff [70]. Bureau of Labor

Statistics productivity and hours series, which are Department

of Labor statistics, do not isolate AI. No Department of Labor

series in this review measures hours transferred to remaining

employees after an AI-associated cut.

D. Job insecurity, well-being, and expectations

1) Empirical findings: Pew Research Center’s report of

25 February 2025, from a survey of 5,273 employed U.S.

adults fielded 7–13 October 2024, finds 52 percent worried

about future workplace AI, 36 percent hopeful, 33 percent

overwhelmed, and 32 percent expecting fewer long-run job

opportunities; 6 percent expect more. Among workers who

have used AI chatbots for work, 40 percent say the tools

are extremely or very helpful for speed and 29 percent for

quality [77]. Classification: self-reported perception. These

percentages, the sample of 5,273, and the 7–13 October 2024

field dates were re-read from the 25 February 2025 report

page. The canonical report URL is on Pew’s social-trends site.

In Gallup panel data for 2023 through early 2026, workers

who use AI daily or several times a week are more than twice

as likely as infrequent users to fear job elimination within

five years. Separately, within the same workers, reporting

that the job was at least somewhat likely to be eliminated

was associated with 0.20 standard deviations lower engage-

ment, 0.18 higher burnout, 0.19 lower satisfaction, and a

4.1 percentage-point higher probability of active job search,

relative to reporting no such concern. Gallup’s elimination

item refers to new technology, automation, or AI. Respect

and perceived organizational care for well-being attenuate the

association between frequent use and that fear [78]. These

contrasts were re-read from the Gallup article on 8 November

2026. Classification: longitudinal association in a panel. Not

a randomized effect of AI exposure, not a direct coefficient of

frequent use on burnout, and not an effect of a layoff.

APA’s 2025 Work in America survey, fielded by Harris

Poll among 2,017 employed adults from 26 March to 4 April

2025, finds that 54 percent of workers say job insecurity has

a significant impact on their stress [79]. The survey is not AI-

identified. It is contextual occupational-health evidence. The

54 percent figure was re-read from the APA report.

Federal Reserve synthesis of the Atlanta Fed Survey

of Business Uncertainty reports that senior leaders project

stronger AI productivity gains and lower future employment

than workers project [37]. That is a hierarchical perception

gap, not a forecast error relative to realized total-factor pro-

ductivity. Vendor language of substantive productivity gains is

a corporate expectation [80], [81].

Highfill and Samuels compare expected and realized AI

use, 2023–2026. Adoption was initially slower than expected

(2023:Q4 expected relative growth of 19.6 percent versus

realized 3.6 percent), then briefly faster (2025:Q1 expected

15.1 percent versus realized 34.9 percent), and by 2025:Q4

nearly aligned nationally (21.4 percent expected versus 21.5

percent actual in 2026:Q2). Forecasts for 2025:Q2–Q3 are not

compared with later outcomes because the question changed.

Finance and insurance still missed: 5.0 percent expected

six-month growth as of 2025:Q4, and 15.5 percent realized

by 2026:Q2 [46]. Classification: descriptive comparison of

adoption forecasts. The same paper’s link from 2016–2018

AI motivations to later industry production accounts is mixed

and described by the authors as murky. It is not a test of 2023–

2026 generative-AI return forecasts. The adoption percentages

above were re-read from BEA Working Paper WP2026-16.

Table VII scores only dimensions with evidence in this

corpus. Professional surveys add perception, not audited out-

comes. AICPA and CIMA, the American Institute of Certified

Public Accountants and the Chartered Institute of Management

Accountants, surveyed 1,446 member finance and accounting

leaders in August–September 2025, a global member sample

rather than a U.S. payroll census. In the AICPA and CIMA

release, 88 percent said artificial intelligence will be the most

transformative technology trend for accounting and finance

over the next 12–24 months, 8 percent said the organization is

very well prepared, 21 percent said it is well prepared, and 56

percent identified generative AI as the most prominent skills

gap [82]. The National Association of Corporate Directors

(NACD) 2025 public-company director responses (n = 146)

show that 62.33 percent had set aside full-board agenda time

for AI, 52.74 percent had asked management how AI could

affect future workforce needs, 36.30 percent had adopted

an AI governance framework, 27.40 percent had written AI

duties into committee charters, 8.90 percent had approved an

annual budget for AI projects, and 6.16 percent had established

metrics for management reporting [83]. Wharton Human-

AI Research and GBK Collective surveyed about 800 U.S.

enterprise leaders from 26 June to 11 July 2025: 43 percent

saw a risk of declining skill proficiency as use rose, and 89

percent said generative AI enhances employees’ skills [84].

Statements in that survey that leaders measure return are self-

reports. They are not the independently measured financial

return the predecessor did not find [1]. The AICPA percentages

were re-read from the 17 December 2025 member release,



the NACD percentages from the 28 July 2025 public table,

the Wharton percentages from the 2025 executive summary,

and the MIT Sloan–BCG percentages cited below from the 18

November 2025 report page.

The supported statement in Table VII is that adoption

forecasts improved while productivity, employment, and return

expectations remain open. Autonomy and return on investment

are not measured gaps.

2) What the attitude evidence does not show: Positive

and negative poles coexist. Some workers report speed help,

and a field experiment shows email-time savings [61], [77],

[85]. Frequent users also report more fear. Within-person

displacement concern tracks lower engagement and higher

burnout [78]. No included U.S. study establishes a causal

effect of enterprise AI adoption, or of an AI-related layoff,

on burnout. The insecurity meta-analysis and the technostress

literature predict that fear and new demands can harm attitudes

even when objective job loss is limited [5], [6]. That prediction

is theory, not a 2022–2026 estimate.

E. Organizational performance after adoption

Performance claims have to name the level (task, worker,

establishment, firm, industry, or aggregate productivity) and

the domain (operational, commercial, financial, human capital,

or hidden cost). A faster writing task is not a firm productivity

gain.

1) Boundary from task experiments: The predecessor al-

ready synthesized the writing, customer-service, consulting,

and coding experiments [1], [63], [85]–[87]. Those speed

and quality results are not re-listed here. The employee-

relevant boundary is that quality can fall outside the capability

frontier [86], and that less-experienced software developers

had higher adoption and larger productivity gains in three

randomized rollouts of a coding assistant. Combined across

Microsoft, Accenture, and a Fortune 100 firm, and across

4,867 developers, completed tasks rose 26.08 percent (standard

error 10.3 percent). The predecessor had already reported

that percentage. Microsoft-affiliated coauthors and MIT GenAI

Initiative funding mean the estimate is not an independent

census of developers. A Wharton coauthor does not convert

it into a firm-performance result [10]. A Microsoft technical

report on early tools remains corporate research and is not

independent confirmation [88]. The 26.08 percent figure, the

standard error, the developer count, and the 27 February 2026

online publication date were re-read from the Management

Science abstract (doi:10.1287/mnsc.2025.00535).

2) Aggregate and firm performance: In the private nonfarm

business sector, BLS reports labor-productivity growth of 3.0

percent in 2024 and 2.2 percent in 2025, and total-factor-

productivity growth of 1.5 percent and 0.8 percent [89]. In

the nonfarm business sector in 2026:Q2, labor productivity

rose 1.4 percent at an annual rate and 2.2 percent from

four quarters earlier. From 2019:Q4 through 2026:Q2, growth

has been 2.1 percent annualized, compared with 1.5 percent

from 2007:Q4 through 2019:Q4 [90]. BLS does not isolate

AI. The 2024 and 2025 rates were re-read from the total-

factor-productivity release, and the 2026:Q2 rates from the 6

August 2026 productivity-and-costs release. A later revised

productivity release, dated 3 September 2026, still reports

the 1.4 percent quarterly and 2.2 percent year-ago labor-

productivity rates. A calibration still implies modest decade-

scale total-factor-productivity effects [91].

A BEA industry-account paper finds, in a baseline specifica-

tion, productivity-enhancing and input-saving associations of

AI intensity. An alternative timing specification is weaker and

still labor-saving [92]. Classification: specification-sensitive

association.

Makridis, Highfill, and Samuels combine Gallup frequent

worker AI use, pooled 2025:Q2–2026:Q1 at the state-by-

industry level, with industry BTOS employer use, and link

both to 2016–2024 employment, earnings, and real output.

With state-by-industry and industry-by-year fixed effects, cells

with higher worker-reported frequent use show stronger post-

2020 real-output paths. Employment differences are positive

and imprecise. The industry-only BTOS specification does

not recover the output pattern. The authors state that the

estimates are descriptive: AI use is measured after the outcome

window, and an occupation-exposure instrument is too weak

to confirm the pattern [47]. Census regressions likewise as-

sociate integration breadth with commercial performance and,

separately, with employment-decrease reports, without a causal

interpretation [38]. Realized worker utilization and employer-

reported adoption are not the same object. Neither result

supports a claim that AI causes economic growth, and neither

identifies the financial performance of firms that combined AI

with workforce reduction.

3) Performance after workforce reduction: No included

study assigns firms to AI with layoffs versus AI without layoffs

and then measures profit, quality, rework, or turnover. The joint

package is unidentified [38], [48]. Stock-price movements are

not used.

Microsoft’s Form 10-K reports approximately 228,000 full-

time employees on 30 June 2025 and approximately 223,000

on 30 June 2026 [80], [93]. Earlier year-end counts were

not re-read from the 2023 and 2024 filings in this pass and

are not restated. Fiscal year 2025 (FY2025) revenue in the

annual report was $281.7 billion, up 15 percent [81]. The same

report’s shareholder letter states that Azure revenue surpassed

$75 billion and that Copilot-family products surpassed 100

million monthly active users. Those two product statements

are management narrative, not a line in the audited headcount

table. Headcount then declined by about 5,000 while the firm

described AI as a productivity agenda [80], [93]. Classifica-

tion: corporate co-occurrence. It does not identify Copilot or

agents as the cause of hiring, attrition, or profit. No included

independent study estimates U.S. Copilot Studio prevalence,

displacement, error rates, or profit effects through September

2026.



TABLE VII
EXPECTATION–REALITY DIMENSIONS WITH EVIDENCE IN THIS CORPUS.

Dimension Managerial or firm expectation Realized evidence Gap Strength

Adoption Six-month BTOS plans Learning curve; near national
alignment by late 2025

Narrowing Moderate

Productivity Leaders above workers; vendor
claims of substantive gains

Task experiments yes; aggregate
total-factor productivity not
AI-identified

Open at firm and economy Moderate

Employment reduction Leaders more pessimistic than
workers; AI-named cuts

Postings not generally reduced; firm
headcount reports are a separate
self-report

Open / mixed Moderate

Task autonomy / agents Product architecture for
supervision

Oversight required on paper; no
outcome census

Insufficient Low

Enterprise return Implied by the investment boom Descriptive worker-use association;
employer-use specification does not
recover it

Insufficient Low

F. Classified pathway

Fig. 3 and Table VIII collect the classes assigned above.

Table IX records the same relationships with the confidence

that the design supports. Neither table is a structural model.

Link Evidence status

AI adoption Supported as descriptive use
Task automation or augmentation Mixed
Restructuring Insufficient as a cause
Remaining-employee effects Insufficient
Enterprise outcomes of AI plus cuts Insufficient
Managerial expectations Mixed
Organizational readiness Insufficient

Fig. 3. Analytical pathway. Labels are evidence status, not causal identifi-
cation. The path from restructuring to remaining employees, and from those
employees to enterprise outcomes, is insufficient.

TABLE VIII
CLASSIFICATION OF THE POST-ADOPTION PATHWAY.

Link Finding and class

Adoption → task change Exclusive augmentation is the modal firm report.
Causal for specified tasks; descriptive for firms.

Task change → postings Aggregate postings not generally reduced; free-
lance demand down. Association and quasi-causal
mix.

Task change →

employment
Headcount reports and task-integration mode are
cross-sectional and distinct from postings. Causal
evidence insufficient.

Restructuring → load Oversight is required in the architecture. Mea-
sured duty transfer is absent. Insufficient.

Overhead → net time Task time and task load can fall while verifica-
tion remains. Lab and self-report; workday hours
unmeasured.

Employees → attitudes Insecurity and engagement move with displace-
ment concern; time savings are also reported.
Panel and perception.

Expectations Adoption forecasts improved. Productivity, em-
ployment, and return gaps remain. Descriptive.

AI + cuts → performance Unidentified. Insufficient.

On RQ7, P2 and organizational consequence remain propo-

sitions. Fig. 4 locates the unmeasured links. HARWO in

Section V writes those links as terms in a constrained alloca-

tion problem. The figure and the specification are organizing

devices, not a confirmed map of enterprise transformation and

not a computed policy.

Availability Adoption

Utilization Function or task integration

Task reallocation Labor adjustment

Oversight and governance

Employee and organizational outcomes

Fig. 4. Enterprise human–agent map. An organizing hypothesis, not a
validated theory.
Expectations and readiness are candidate moderators. No arrow is an identified effect.

V. HUMAN–AI RESPONSIBILITY-AWARE WORKFLOW

OPTIMIZATION

HARWO is a proposed computational reading of the

responsibility-transfer framework. It asks how a workflow

should assign work to a fixed set of people and to AI agents

when completion time, human workload, operational risk, and

cost are scored together. The human set XH is an input, not

a decision. A policy that removes an employee is outside the

feasible set, so one optimization does not choose a layoff.

A smaller roster can be supplied from outside the model and

scored as a second fixed set. That comparison is two externally

specified scenarios. It is not a search over headcount. HARWO

is not an implemented solver, and no enterprise log was

optimized.

A. Workflow graph

A case is one execution of an enterprise workflow. Prece-

dence is an acyclic directed graph G = (V,E). The node

set splits into work tasks VT and decision nodes VD, with

V = VT ∪ VD. An edge (u, v) ∈ E means v cannot start

until u has completed, and no edge returns to an ancestor.

A verification loop is not an edge of G. After task v emits

an output, a gate may send that output back to v for another

prompt, check, or correction, at most mv times. The loop ends

when the gate accepts the output or the count reaches mv . If

the count reaches mv without acceptance, the case leaves v
on the exception path, which is an edge of G and therefore



TABLE IX
EVIDENCE-GAP MAP FOR THE EMPLOYEE AND PERFORMANCE QUESTIONS.

Relationship Best evidence and conclusion Conf.

AI → task productivity Experiments. Supported on specified tasks. High
AI → task quality Experiments. Heterogeneous. High
AI → job postings Liu–Webber monitoring. Not generally reduced. Mod.
AI → employment Census and market designs. Rare in firm reports. Mod.
AI → announced layoffs Challenger attribution. Rising stated reason, not a cause. Mixed
Worker AI use → output Makridis et al., descriptive positive association. Mod.
Employer AI → output Same study, BTOS specification. Not recovered. Mod.
AI + layoffs → performance No study in the corpus. Low
AI → insecurity Pew and Gallup. Supported association. Mod.
AI → burnout Gallup panel. Conditional on displacement concern, not a layoff or direct-use effect. Low–mod.
AI → responsibility transfer No U.S. hours study in the corpus. Low
Agents → firm outcomes Product documents and a preprint capability review only. Low

cannot return to v. Actors are X = XH∪XA, the humans who

remain employed and the AI agents available to the workflow.
A policy is a triple π = (e, g, a). The executor is e(v) ∈

Eligible(v) ⊆ X , the actor that performs task v ∈ VT . The

authorizer is g(d) ∈ XH ∪ {∅}, the human who authorizes

decision node d ∈ VD, or ∅ if that node has no authorization.

The accountable human is a(v) ∈ XH , named for the output

of task v whether or not that human executed v. Handoffs are

edges whose two ends have different actors. Approval gates

are decision nodes with g(d) ∈ XH . Exception paths are edges

taken when a gate rejects an output or a verification loop starts.

Execution by an agent and accountability for the output are

different assignments: e(v) may lie in XA while a(v) remains

in XH .

B. Risk-aware allocation

Let T (π) be the completion time of one case, H(π) the

human workload on that case, R(π) the operational loss,

and C(π) the monetary cost. Human workload sums, over

tasks and loop iterations, the time a person spends executing,

prompting, verifying, correcting, supervising, and handling

an exception. Those minutes stay in H(π) whether or not

they create an incremental cash expense. It is the interaction

overhead of Section II-C written as a workflow sum. Monetary

cost excludes the human minutes already in H(π). It includes

applicable model usage, licensing, and other incremental cash

costs that do not repeat those minutes in the accounts. Prompt-

ing, verification, correction, supervision, and human time on

an exception path are terms inside H(π), not a second copy

of completion time. T (π) is the makespan of the case, so a

shorter T can sit next to a larger H . Workload and cash are

distinct decision criteria, so β and δ may both be positive. The

separation is an accounting non-overlap.
The four expectations do not share a unit. A weighted sum is

therefore applied only after each term is divided by a positive

reference scale chosen before any comparison [28]. The scales

Tref , Href , Rref , and Cref are decision parameters. They are

not estimated in this paper. With weights α, β, γ, δ ≥ 0 and

α+ β + γ + δ = 1, the scalar problem is

min
π∈Π

αE[T (π)]/Tref + β E[H(π)]/Href

+ γ E[R(π)]/Rref + δ E[C(π)]/Cref . (1)

Equation (1) is the objective that is used. The same weights

are not applied to the raw expectations, because those four

expectations do not share a unit. Both β and δ may be positive

when H and C are the distinct criteria just defined. The

special case C = a + bH has no cash component that varies

separately from human workload. Its intercept does not change

the minimizer, and its variable part can be absorbed into the

human-time weight. That case is not a zero-weight restriction

on the general model. If any expectation or any reference scale

is unobserved, that policy is not scored. The missing term is

reported as missing.

The feasible set Π requires all of the following.

1) Precedence: a node starts only after its predecessors in

the acyclic graph complete. A verification return is the

bounded counter above, not a predecessor edge, and it

stops at mv .

2) Eligibility: e(v) ∈ Eligible(v).
3) Capacity: for each human h, assigned human time is at

most the available time Lh. Headcount is not a decision

variable.

4) Quality: for each task with a stated error tolerance qv ,

the expected error after the chosen execution and gate

is at most qv .

5) Safety: every task in the mandatory set VM has a human

authorization before release.

6) Accountability: every released output has exactly one

accountable human in XH .

Mandatory membership is an organizational rule. NIST AI

RMF 1.0 and the generative-AI profile describe governance,

measurement, and human oversight for higher-impact uses

[68], [69]. COBIT 2019 names resource, risk, human-resource,

and performance objectives a firm can assign [66], [67]. Those

documents do not set VM , qv , or the weights. Risk R(π) is

expected loss on outputs that pass the chosen gate. This paper

does not supply a loss table.

C. Decision procedure

Fig. 5 is the procedure. It is a specification for a later

implementation. It is not a tested program, and it has no

optimality or runtime claim.

1) Build G from the workflow definition or from an event

log [27]. Record tasks, dependencies, handoffs, gates,

and bounded verification loops.



1. Workflow graph: tasks, dependencies, hand-
offs, gates, and bounded verification loops

2. Risk class and eligibility. Mandatory human gates stay mandatory

3. Allocate executors on a fixed human set. Name one accountable human

4. Score (1) only where every term is observed. Label the rest missing

Fig. 5. HARWO decision specification. The diagram orders the procedure. It
is not a computed policy or a proved optimum.

2) Mark VM and Eligible(v) from the organization’s safety

and role rules [29], [68].

3) Hold XH fixed. Assign each task an eligible actor and

each mandatory gate a human authorizer. Attach one

accountable human to every released output.

4) If durations, error rates, losses, and costs are observed,

evaluate (1) on the feasible candidates that were con-

structed. Otherwise return those candidates with the

missing terms labeled.

5) A person selects among the feasible scored policies. The

procedure does not authorize deployment.

What HARWO addresses is a narrower gap than task allocation

itself. Existing accounts can say who performs a step, how an

operator’s load should move a task, or that a person must

remain able to correct an output. They do not, in the sources

compared here, state a feasible policy on a fixed roster in

which the executor, the authorizer, and the accountable human

are different assignments, and in which prompting, verifica-

tion, correction, and supervision are human time rather than

a shorter case. Net human time is H(π). A gross reduction

in task duration is T (π). Human workload stays in H(π)
even when those minutes have no incremental cash price,

and C(π) does not repeat them, so both weights may stay

positive. Table X states the contrast from the retrieved abstracts

and from the sources already used above. The gaps are what

those accounts do not formulate. They are not a claim that

the underlying graph, the weighted sum, or human-in-the-loop

control is new. Table XI separates what the cited record already

informs from what a later test would still have to measure.

No such test is reported here. Appendix G records the full

notation, the assumptions, and the same procedure.

VI. DISCUSSION

The predecessor showed that boards lack a public evidence

chain from AI cost to verified replacement and realized return

[1]. This study classifies P1–P4. The record describes task

change, the label employers put on announced cuts, and the

security workers report when they use AI frequently. It leaves

residual hours and post-cut performance unmeasured.

A. Answers to the research questions

On RQ1, firm reports describe a mixture, and exclusive

augmentation is the modal task effect among firms that report

any task effect (66 percent of that group; 44 percent of AI-

using firms report augmentation). The Census supplement’s

headcount items are a separate self-report, reported with the

other employment objects in the results, and those associations

are cross-sectional.

On RQ2, three employment objects move differently. Ag-

gregate postings in the Liu–Webber window are not generally

lower where AI adoption is higher. A freelance market shows

a short-run demand decline on working-paper magnitudes.

Challenger’s AI reason is a leading year-to-date label for

announced plans through August 2026 even when it is not

the leading reason in that month. The label is the employer’s

statement. It does not identify the separation.

On RQ3, the empirical residue is Census reports that about

15 percent of AI-using firms train staff and about 15 percent

develop new workflows, while 64 percent report no institu-

tional adjustment; earlier changes in skill requirements; WIOA

earnings returns that mostly reflect moves out of exposed

occupations; and vendor-affiliated telemetry of less email time

without a change in meeting or document counts. Danish

employer–employee records show new oversight tasks without

a detectable earnings or hours effect. Agent products are docu-

mented to pause for human approval, and a preprint capability

review describes computer-use agents as monitored systems

[73]. None of that measures hours moved from separated U.S.

workers onto those who stay. Responsibility transfer remains a

hypothesis. The human–agent map in Fig. 4 shows where that

hypothesis sits. It is not evidence that the transfer occurred.

On RQ4, worry about workplace AI is widespread in a

national worker survey, and frequent use covaries with fear of

elimination. Within the same workers, displacement concern

tracks lower engagement, higher burnout, lower satisfaction,

and a higher chance of active search. The association is not

an effect of an identified layoff, and it is not a direct estimate

of frequent use on burnout. The burnout meta-theory from the

pre-generative-AI literature is not a substitute for that missing

design.

On RQ5, the expectation gap is multidimensional. Near-

term adoption forecasts moved toward realized use after an

early period in which adoption lagged plans. Beliefs about

productivity, employment, and financial return are not simi-

larly closed. Leaders’ greater pessimism about employment,

relative to workers, is a perception gap. Director self-reports

show more agenda time than workforce metrics [83].

On RQ6, specified tasks can be completed faster, and

sometimes at higher quality inside a capability frontier, with

quality losses outside it. That is a task result. Worker-reported

frequent use is descriptively associated with stronger post-

2020 real-output paths in one BEA design whose authors

refuse a causal reading. Employer-reported adoption does

not recover that pattern. No design compares performance

between AI adopters that cut staff and AI adopters that did

not. Aggregate labor productivity continued to rise and is not

AI-identified. Task speed, a descriptive output association, and

aggregate productivity are three different objects, and none is

the financial performance of the AI-plus-reduction package.

On RQ7, P2 and organizational consequence remain propo-

sitions. Fig. 4 locates the unmeasured links. The figure is

an organizing diagram, not a confirmed map of enterprise

transformation.



TABLE X
RELATED-WORK COMPARISON. EACH GAP IS LIMITED TO WHAT THAT SOURCE, AS USED HERE, DOES NOT FORMULATE. HARWO IS A PROPOSED

SPECIFICATION, NOT A SOLVED ALLOCATION.

Source Approach Human workload Verification Accountability Gap relative to HARWO

Task allocation [2] Who performs the task Not a workflow sum Not a loop cost Not an assignment Stops at the performer
Process mining [27] Graph from an event log Not scored A loop is visible, not priced Not named on release No accountable human
Weighted sum [28] Preference across units Not defined Not defined Not defined No roster or loss table
Human–AI guidelines [29] Correction by a person Not a capacity limit Required, not timed A person must be

intelligible
Not a feasible policy

Technostress [5] Strain from demands Not minutes on a case Not a workflow term Not an assignment No allocation
Call-center reallocation [30] Move tasks from load and

stress
Operator load is an input Not separated from load Operator stays in the loop Abstract does not split

authorization from
accountability

Levels of automation [31] Shared language for team
design

Not a time sum Not a cost Named as a design
requirement

Abstract has no verification
term at a fixed roster

HARWO, this paper Policy (e, g, a) on a graph H(π) at fixed XH Inside H , not inside T a(v) distinct from e(v)
and g(d)

Not solved or estimated

B. What the classification adds

The framework in Section II-C is the contribution. The pre-

decessor asked whether a board can connect AI cost to verified

replacement and realized return [1]. This paper classifies the

four propositions against the same public record. It does not

estimate a new return.

P1 is descriptively consistent with a separation between task

reports and employment records, and it is not identified. The

employment record is four results, set out in the workforce-

restructuring results. Census respondents report headcount

change on a different item from task change. Challenger

records an employer’s stated reason for an announcement,

and that label became the leading 2026 year-to-date reason

without becoming a separation count. Liu and Webber find no

general reduction in postings where measured AI adoption is

higher. Hui, Reshef, and Zhou find a 2 percent job decline

and a 5.2 percent earnings decline in one online freelance

TABLE XI
TRACE FROM EACH QUESTION TO A FUTURE MEASUREMENT. CLASSES

ARE THOSE ALREADY IN THE CORPUS. THE LAST COLUMN IS NOT A

RESULT OF THIS PAPER.

Question Evidence now HARWO term Still untested

RQ1 Descriptive task mix e(v) Whether task change
cuts jobs

RQ2 Attribution, not sep-
arations

XH held fixed Hours moved after a
cut

RQ3 Oversight tasks ob-
served

g(d), a(v) U.S. hours on those
tasks

RQ4 Insecurity and
burnout associations,
not a layoff

Not in the scalar
problem

A clinical outcome
or a layoff effect

RQ5 Adoption forecasts
narrowed; return
and employment
expectations open

Not a term A forecast matched
to a firm outcome

RQ6 No adopter compari-
son

R(π), C(π) Performance with
and without cuts

RQ7 Proposition Full policy π A scored log
P1 Descriptive, not

identified
Breadth is outside π The conditional em-

ployment link
P2 Untested in U.S.

payroll
H(π) at fixed XH Oversight hours

at unchanged
headcount

P3 Panel association Not in the scalar
problem

A within-person dis-
placement path

P4 Lab and self-report Loop time inside
H(π)

The same path on a
workday

market. Collapsing those four results into one employment

effect misstates each of them.

P2 is untested in U.S. payroll data. The mechanism predicts

residual human work after task change even when headcount

is unchanged [7], [8], [26]. Copilot telemetry shows less email

time without a detected change in meeting or document counts.

Danish records describe new oversight and integration tasks

without a detectable earnings or hours effect. Product controls

document approval pauses. None of those observations mea-

sures hours transferred onto U.S. workers who remain after a

cut, so P2 stays a proposition.

P4 separates gross task time from net employee time when

no layoff occurs. In a 60-person Python lab, AI assistance cut

completion time by 22 percent and NASA-TLX workload by

18.2 points, while a verification-load index partially mediated

rising stress and fatigue across repeated tasks [65]. In a survey

of 319 knowledge workers, perceived cognitive effort was

lower in most examples, and the reported activity shifted

toward verification, integration, and stewardship [64]. The first

result is a within-session saving. The second is a self-reported

change in the kind of effort, from a study with vendor-affiliated

authors. Neither measures the workday, so neither shows that

prompting lengthened total hours. COBIT’s human-resource,

risk, resource-optimization, and performance objectives, and

the NIST generative-AI profile, name where accountability for

that checking would sit [66]–[69]. They do not measure it.

P3 is consistent with one U.S. panel and is not a layoff

effect. Frequent use is associated with fear. Within person, dis-

placement concern is associated with engagement and burnout.

A Finnish managerial survey of 207 firms found no signif-

icant direct association between AI adoption and employee

wellbeing (path estimate −0.111); reported associations ran

through task optimization and safety [76]. That sample is

outside the U.S. window. It shows why a direct adoption-

to-wellbeing path is not assumed here. A multilevel review

already separates collaboration, attitudes, algorithmic control,

and labor-market effects [9]. The present framework adds

the requirement that those themes be scored separately from

organizational consequence.

Organizational consequence remains unidentified. No de-

sign compares AI adopters that reduced headcount with AI

adopters that did not. Task speed, a descriptive output asso-

ciation, and aggregate productivity are different objects from



that comparison. The framework is therefore a set of defined

constructs and testable propositions with a classified evidence

status. HARWO restates P2 and P4 as a constrained allocation

problem with human time kept visible when headcount is

fixed. It is not a validated model. Collapsing P1–P4 into

one adoption effect would misread both this paper and the

predecessor [1].

The practical implication follows the same separation. In-

frontier task gains are real in the experiments the predecessor

reviewed, and out-of-frontier delegation has a measured qual-

ity risk [1], [86]. Headcount reductions that are justified by AI

still require a task inventory and a mechanism [1]. Integration

mode may matter more than a binary adopted-AI flag [38].

Fear among frequent users is an organizational variable with

a panel association to displacement concern, and that concern

has panel associations with engagement and search. It is not

a proven consequence of layoffs [78].

C. Why the human consequences remain difficult to measure

The evidence gap is a mismatch between the outcomes that

existing studies measure and the organizational consequences

that remain of interest. The first three distinctions are limits

the source authors state. The fourth is this review’s comparison

of U.S. sources that measure different objects.

Brynjolfsson, Li, and Raymond measure productivity in

one customer-support deployment, as issues resolved per hour.

They state that the findings are medium-run effects in a single

firm and that the article is not designed to identify aggregate

employment or wage effects. They also state that their data

do not allow them to observe changes in wages, overall labor

demand, or the skill composition of workers hired at the firm

[63]. That is the authors’ limit on one workplace study. It is

not a finding that enterprise AI leaves employment unchanged.

A separate randomized deployment records application-level

time, including fewer Outlook hours, with no detected change

in Teams meetings, Word documents, or the quantity and

composition of tasks [61]. That telemetry is not a measure

of net employee workload.

Milanez states, in an OECD working paper, that significant

knowledge gaps remain in how firms, workers, and worker

representatives adapt to AI. Nearly 100 case studies in man-

ufacturing and finance, drawn from interviews in 2021 and

2022 across eight OECD countries, report job reorganization

more often than displacement, skill requirements that were

unchanged in many cases and higher in a significant portion,

and frequent reports of increased work intensity [103]. The

working paper does not present those reports as a U.S.-wide

causal estimate for generative AI after November 2022, and

this review does not use them as one.

An ILO research brief reports that productivity gains are

real but uneven, and that worker-reported time savings have

not yet translated into higher measured output, earnings, or

employment [104]. That sentence distinguishes reported time

savings from those measured outcomes. It is not evidence that

AI has no organizational benefit.

The U.S. sources already in this review measure different

objects. The Census supplement records firm-reported task

effects and firm-reported headcount change as separate cross-

sectional items, and its authors do not treat those associations

as causal [38]. Challenger records the employer’s stated reason

for an announced job-cut plan, not a completed separation

and not the work left to remaining employees [48]. A worker

panel measures perceived displacement risk, engagement, and

burnout on survey scales, and it does not link those scores to

a verified AI-associated separation in the same organization

[78]. Survey burnout is not a clinical diagnosis.
These sources therefore cannot, separately, establish

whether AI-generated time savings reduce employees’ over-

all workload, whether responsibilities move to workers who

remain, or whether AI-related restructuring improves organi-

zational performance. That comparison across studies is this

review’s inference. It is not an explanation, given by the

cited authors, for why the missing observations were not

collected. Testing responsibility transfer requires longitudinal

observations that link AI adoption, employee task allocation,

prompting and verification time, workforce changes, employee

well-being, and organizational performance.

D. Implications for executives and boards

Organizations adopting AI should establish longitudinal,

privacy-preserving measurement systems that capture not only

task-level productivity but also changes in human work-

load, verification and oversight time, responsibility alloca-

tion, employee well-being, and organizational performance.

These measurements should distinguish AI adoption from

its actual use and separate AI-associated workforce changes

from causally established displacement. Such evidence would

enable more rigorous assessments of whether productivity

gains translate into reduced employee workload or merely

redistribute responsibilities. These recommendations follow

from the documented measurement limitations in the reviewed

literature and should not be interpreted as empirically validated

benefits of the proposed HARWO framework.
These classifications are the decision content. Publications

from AICPA and CIMA, NACD, Wharton Human-AI Re-

search, MIT Sloan Management Review, MIT Sloan Executive

Education, and ISACA describe readiness, oversight, educa-

tion, or a proposed audit. They do not measure performance

after a staff reduction. A survey, a curriculum, and a proposed

method are not evidence that AI improves organizational

performance.
For CFOs, the AICPA and CIMA member survey is a

readiness and skills signal in a global sample of 1,446 fi-

nance and accounting leaders, not a return calculation [82].

Expected transformation does not identify value realization.

The performance result in this paper is that task-speed gains

and a descriptive output association do not measure the return

from combining AI with workforce reduction.
For boards, the NACD responses show discussion running

ahead of measurement: agenda time and a workforce question

are more common than a reporting metric or a project budget

[83]. That pattern matches the unmeasured oversight hours in

this corpus. It is director self-report, not a workforce outcome.
For CEOs, a November 2025 MIT Sloan Management

Review report with Boston Consulting Group, which BCG



sponsored, says that 76 percent of respondents in its global

executive survey view agentic AI as more like a coworker than

a tool. In the same survey, agentic-AI adoption is reported at

35 percent, with another 44 percent of organizations planning

to deploy it, and the authors describe that adoption as running

ahead of strategy [94]. The sample is not a U.S. payroll census,

and the report does not identify performance after a staff

reduction. Wharton Human-AI Research’s U.S. leader survey

records both a belief that generative AI enhances skills (89

percent) and concern about declining proficiency (43 percent)

[84]. Those are perceptions. The employee evidence in this

paper remains the fear and displacement-concern associations,

and the absence of measured hours moved onto remaining

workers.

MIT Sloan Executive Education’s AI Executive Academy

is a two-week program for senior executives, offered with

the Schwarzman College of Computing and described as

bridging AI technology and business leadership. Participants

who complete it earn an executive certificate [95]. That page

is a curriculum statement. It is not a finding about workforce

transformation, employee well-being, or organizational perfor-

mance, and completion of the program is not evidence that an

AI investment has earned a return.

For CIOs and audit committees, the ISACA Journal article

proposes an audit that identifies models, scopes risk, names

stakeholders, and documents gaps [96]. That is an account-

ability method for executive decision-making. It does not

measure whether employees absorbed extra work or whether

the firm earned a return. This paper does not repeat the

predecessor’s investment test [1]. For HR leaders, the U.S.

training comparison and the Danish records are the mecha-

nism evidence: earnings returns and new oversight tasks can

be observed without a U.S. demonstration that hours from

separated workers landed on those who stayed [11], [12].

For workers, the near-term U.S. pattern in this corpus

looks more like task reshuffling and a selected contract-market

demand loss than like uniform job extinction [38], [45], [54].

Occupational projections remain forecasts [57].

Governance standards are relevant here only as over-

sight and workforce-risk context. The predecessor applied

an ISACA decision lens to investment and headcount au-

thorization [1]. This paper does not repeat that test and

does not classify any firm. COBIT 2019 places managed

human resources (APO07), managed risk (APO12), resource

optimization (EDM04), and performance monitoring (MEA01)

among the objectives a governance system can assign [66],

[67]. Assigning an objective is not evidence that employees

absorbed extra work.

A design-science architecture proposes platform, risk, ma-

turity, and agentic-oversight components for prioritizing en-

terprise AI governance, and treats its scoring checks as in-

ternal robustness rather than evidence that a governed firm

performs better or that employees work less [97]. NIST

AI RMF 1.0 organizes trustworthy AI around govern, map,

measure, and manage [68]. OMB Memorandum M-24-10,

issued on 28 March 2024, required minimum practices for

rights- and safety-impacting federal AI and directed agencies

to designate Chief AI Officers [98]. A December 2023 GAO

review, which predates that memorandum, found that 15 of

20 agency AI inventories contained incomplete or inaccurate

information, and that 10 of 23 civilian Chief Financial Officers

Act agencies had implemented all then-applicable agency-

specific requirements, 12 had implemented some, and one

was exempt [99]. OMB Memorandum M-25-21, issued on 3

April 2025, rescinds and replaces M-24-10. It requires a Chief

AI Officer, an annual AI use-case inventory, and minimum

risk-management practices for high-impact AI [100]. NIST AI

600-1 is a voluntary generative-AI profile and companion to

AI RMF 1.0. It does not estimate employment or return on

investment [69]. Secure-deployment guidance treats logging,

least privilege, and incident response as baseline [101].
A review of enterprise generative-AI security reports that

agentic tool use adds exposures, including prompt injection

and excessive agency, and that cross-mapping NIST AI RMF

with related security frameworks leaves gaps in multi-agent

accountability [102]. Those requirements make oversight labor

plausible. They do not measure it, and the security review is

not independent confirmation of the workforce results above.

Until oversight time and post-cut performance are observed,

governance cost belongs on the unmeasured side of the per-

formance ledger.

E. Limitations and open designs

The review limitations belong here. The original synthesis

had one reviewer and no registered protocol. The historical

Boolean strings, export dates, and hit counts were not archived,

so the original yield cannot be reproduced and Fig. 2 has no

identification or exclusion counts for that earlier corpus. The

8 November 2026 screens in Appendix A are title screens of

exported filters, plus one earlier PubMed record and a later

PubMed export of 272 records. They are not a multi-database

systematic review. The additional four-query export added

no included study. A same-day follow-up retrieved Crossref

abstracts for the eleven SSRN records that OpenAlex had left

without an abstract. All eleven were excluded on the abstract,

and no full text from that set was retrieved. The unexported

counts of 43,131 and 1,878,646 were not screened. RoB 2,

ROBINS-I, and GRADE were not scored domain by domain.

Appendix E states that limit. A later version can become a

systematic review only if the protocol and the seven questions

are registered first, native database exports are archived, a

second reviewer screens the same records, and RoB 2 is

reserved for the randomized task experiments and ROBINS-I

for the quasi-causal labor studies. Surveys, filings, and product

documents stay outside those instruments. Effect sizes stay

unpooled until the task, population, and contrast match. Table I

and Appendix B record the present status. They do not change

the review class.
Stelmaszak et al. supply a qualitative platform case, Val-

tonen et al. a Finnish managerial model, and Bankins et al.

a multilevel review that mixes countries and designs [8], [9],

[76]. They define constructs for P2 and P3. They do not test

those propositions on U.S. payroll data.
Some magnitudes remain limited to the document that

was opened. The freelance 2 percent and 5.2 percent fig-

ures were re-read from CESifo Working Paper 10601 and



were not re-confirmed on the Organization Science PDF. Liu

and Webber’s firm count, 1.6 percent AI-posting share, and

“precisely estimated null” conclusion were re-read from the

FEDS Note; the regression table was not re-extracted cell

by cell. Microsoft headcount was re-read for 30 June 2025

(about 228,000) and 30 June 2026 (about 223,000). The

2023 and 2024 Form 10-K headcounts were not re-read and

are not reported. A May 2023 Challenger reasons table was

not re-extracted, so the contemporary 3,900 monthly figure

stays out of Table IV. Azure revenue and Copilot-family user

counts remain statements in the FY2025 shareholder letter. The

2026:Q3 Federal Reserve Economic Data (FRED) reading of

40.545 percent was published after this review’s September

2026 close. International studies are not used as U.S. totals.

The following claims were re-read from the issuing page or

PDF and kept: Pew’s worker percentages and sample; APA’s

54 percent; the AICPA release percentages, with the unsup-

ported 39 percent preparedness figure removed; the NACD

table; the Wharton 43 and 89 percent figures; the MIT Sloan–

BCG 76, 35, and 44 percent figures; BLS productivity rates

for 2024, 2025, and 2026:Q2; the BLS 33.5 and 15.8 percent

projections; the 2026:Q2 FRED value of 45.199 percent; the

26.08 percent developer-task estimate; the Copilot 1.4-hour

and two-hour email estimates; the WIOA “about $1,000” and

“about $3,000” abstract figures; the Danish 2 percent bound;

the BEA expectation percentages; the GAO 15-of-20 and 10-

of-23 counts; the Census supplement shares used for RQ1; and

the May through August 2026 Challenger AI totals.

Author preprints are context for readiness and control. They

are not peer-reviewed replications. Duplicate postings of the

same preprint were excluded.

HARWO inherits the same limits. Reference scales, weights,

error tolerances, and the mandatory-gate set are not identified.

No log was scored, so (1) has no numerical value in this

paper. A later study can test the specification only with an

observed workflow graph, measured human time that includes

prompting and verification, an error or loss record, and a fixed

human roster. Until then the procedure remains a proposal.

P2 and the organizational-consequence construct require

designs that are still absent: matched employer–employee

panels linking tool use, hours, occupation, and separations;

time-use studies of human supervisors; audits that separate AI-

named announcements from demand, cost, and merger shocks;

performance comparisons of AI adopters with and without

headcount reduction that are independent of the vendor; and

a repeated national series for enterprise-agent adoption. The

predecessor’s calls for audited cost-and-return panels remain

open [1].

VII. CONCLUSION

The responsibility-transfer framework is the contribution

beyond Enterprise AI at the Decision Point. Automation

and augmentation allocate tasks. Technostress and insecurity

explain strain. Human–AI collaboration explains an interaction

that still depends on people. The framework defines residual

responsibility and organizational consequence as separate con-

structs and states P1–P4 so that later work can test them.

HARWO is the proposed workflow form of that claim: a

directed graph, a human-time term at fixed headcount, a risk

term, and one accountable human on every release. Execu-

tion, authorization, and residual accountability are different

assignments. The scalar problem is a preference statement

with normalized units. It is not a solved program, not a claim

that weighted-sum optimization is new, and not an estimated

enterprise result.

The U.S. record through September 2026 classifies those

propositions. P1 is consistent with a separation between how

firms describe task change and how employment is recorded.

Firms that report a task effect usually report augmentation, and

an AI label on an announced cut is an attribution. P3 is consis-

tent with one panel: frequent use tracks fear, and displacement

concern tracks engagement, survey burnout, satisfaction, and

search. That association is not a clinical diagnosis and is not

linked to a verified separation. P2, interaction overhead inside

jobs that continue, and the performance of AI combined with

headcount reduction, are unmeasured as workday outcomes.

A shorter task time is not, by itself, a shorter workday, and an

AI label on an announcement is not a completed separation.

Until residual hours, net of verification, and that performance

comparison are observed, the framework remains a theoretical

and classificatory contribution rather than a validated account

of enterprise transformation. Organizations need longitudinal,

privacy-preserving data linking AI adoption, changes in human

workload, verification and oversight time, workforce changes,

employee well-being, and organizational performance before

those consequences can be assessed.
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APPENDIX A. COMPLETE SEARCH STRATEGIES

The protocol for this update was written on 8 November

2026, after the original corpus had been assembled. It was not

registered. It keeps the seven questions RQ1–RQ7, the window

November 2022 through September 2026, English-language

sources, the inclusion and exclusion rules in the Methods,

and a narrative synthesis. Primary outcomes are employment

change, task reallocation, human time including verification,

job insecurity and strain, and organizational performance.

Secondary outcomes are training, oversight arrangements, and

governance duties. The protocol does not authorize pooling.

The Boolean strings, export dates, and hit counts used to

build the corpus before 8 November 2026 were not archived.

Scopus, Web of Science, IEEE Xplore, and the ACM Digital

Library were not queried in this revision. No institutional

session for those indexes was available. Visiting a publisher

page is not recorded here as a search of that index. PubMed

was queried once through the public E-utilities interface, as

recorded below.

One index was both queried and exported. On 8 Novem-

ber 2026 three OpenAlex works calls were exported in

full. Scopus, Web of Science, IEEE Xplore, and the ACM

Digital Library were not queried. A Crossref bibliographic

query for human–AI task allocation, verification, and ac-

countability, limited to 2018 through 30 September 2026,

returned 1,878,646 works and was not exported. The same day,

PubMed E-utilities returned one record for the title/abstract

query (“generative artificial intelligence” OR ChatGPT) AND

(employment OR workload OR burnout OR layoff) AND

(worker OR employee OR firm), with publication dates from

1 November 2022 through 30 September 2026. That record

is Dave, Martin, David, Kumar, and Chakraborty, a scoping

review of healthcare-worker mental health, International Jour-

nal of Medical Informatics, 2026, volume 205, article 106122,

doi:10.1016/j.ijmedinf.2025.106122 (PMID 41037981). The

title was excluded because the setting is clinical care, not an

enterprise workforce estimate. It was not cited.

A separate export on the same date is not part of those three

calls. OpenAlex title-and-abstract search for enterprise gener-

ative artificial intelligence and employment, 1 November 2022

through 30 September 2026, returned 39 and the file contains

39. The same dates for generative artificial intelligence, em-

ployee, burnout, and workload returned 2 and the file contains

2. Human, artificial intelligence, responsibility, accountability,

and workflow, 1 January 2018 through 30 September 2026,

returned 330 and the file contains 330. PubMed E-utilities, title

or abstract (“generative artificial intelligence” OR ChatGPT)

AND (employment OR workload OR burnout), publication

dates 1 November 2022 through 30 September 2026, returned

272 and the file contains 272. Scopus, Web of Science, IEEE

Xplore, and the ACM Digital Library were not queried. APA

PsycInfo was not queried. Two later strings, for employee

workload and verification and for layoffs and burnout, returned

1 and 2 OpenAlex records and 0 PubMed records. All three

OpenAlex records were excluded on title or abstract, as stated

in the Methods.

The first OpenAlex call used a title-and-abstract filter on

enterprise, generative, artificial, intelligence, and workload,

for publication dates from 1 November 2022 through 30

September 2026. It returned 68 works and the export contained

68. Screening of that export is unchanged: one duplicate, 67

titles, one study added to the synthesis. An earlier relevance

count of 43,131 works was not exported.

The second call used a title-and-abstract filter on human-

in-the-loop, task, allocation, and artificial intelligence, for

publication dates from 1 January 2018 through 30 September

2026. It returned 90 works and the export contained 90.

One duplicate title was removed. Of the 89 unique titles, 85

were excluded on title because they concerned cybersecurity

teaming, robots or aircraft, clinical or military systems, infras-

tructure, commentaries, indexes, or another topic that did not

state an enterprise workforce estimate or an accountability-

aware workflow. Abstracts were retrieved for four records.

One abstract was empty. One Zenodo abstract stated outcome

improvements, but the retrieved text was truncated and those

figures were not used. Two abstracts were retained for the

technical comparison only.

The third call used a title-and-abstract filter on generative

AI, verification, workload, and workers, for the review win-

dow. It returned 3 works. All three were excluded on title:

an editorial, a Zenodo essay, and an occupational-medicine

opinion. None was added.

APPENDIX B. PRISMA 2020 DOCUMENTATION

The flow below uses only the exported screen. It does not

describe the earlier corpus, whose identification and exclusion

counts were not retained. Fig. 2 in the main text remains the

path for that earlier corpus and still has no identification count.

OpenAlex export 1, 8 November 2026: 68 identified and exported. Duplicate removed:
1. Titles screened: 67. Excluded on title: 64. Abstracts retrieved: 3. Excluded after
abstract: 2. Added to the synthesis: 1.

OpenAlex export 2, same date: 90 identified and exported. Duplicate removed: 1.
Titles screened: 89. Excluded on title: 85. Abstracts retrieved: 4. Not used after
abstract: 2. Added to the technical comparison only: 2. Added to the outcome
synthesis: 0.

OpenAlex export 3, same date: 3 identified and exported. Excluded on title: 3. Added:
0.

Crossref bibliographic query: 1,878,646 reported, not exported, not screened.

PubMed, same date: 1 record retrieved and excluded on setting. Scopus, Web of
Science, IEEE Xplore, and the ACM Digital Library were not searched.

Earlier corpus: still the previously verified sources. Its upstream yield is unknown.
These exports did not produce that corpus.

Later export, different strings, same date: OpenAlex 39, 2, and 330, plus a wider
PubMed export of 272. Duplicate removed: 1. Titles screened: 642. Excluded at
title: 589. Abstracts sought: 53. OpenAlex abstracts missing: 11, all SSRN. Crossref
abstracts then retrieved for those 11. Abstracts assessed: 53. Excluded after abstract:
53. Full texts sought: 0. Added to the synthesis: 0. The 104 cited works are outside
this count and are not added to 643.

Checklist, completed only where the record supports the

item. Title identifies a critical integrative review, not a sys-

tematic review (page 1). The seven questions, eligibility, and

narrative synthesis are in the Methods. Information sources

name the indexes that were searched and the indexes that were

not. The 8 November 2026 strings are copied in Appendix

A. The historical search strategy is unavailable, so PRISMA-

S cannot be completed for the earlier corpus and a PRESS

review of those strings was not possible. No information

specialist peer-reviewed the new strings. Selection was one

reviewer, which does not meet the JBI Manual for Evidence



Synthesis requirement of two reviewers. Data items are those

in Appendix D. Study risk of bias was not scored with RoB 2,

ROBINS-I, or a JBI design checklist (Appendix E). Results

were not pooled (Appendix F). Certainty was not graded.

The review was not registered. Cited originals used in the

synthesis are public. Record-level decisions for the exported

files are retained with the source and summarized here rather

than printed as several hundred rows.
The new export reconciles as follows. Identified: OpenAlex

39 + 2 + 330 and PubMed 272, total 643. Duplicate removed:

1. Titles screened: 642. Excluded at title: 589. Abstracts

sought: 53. OpenAlex had no abstract for 11 SSRN records.

Crossref supplied an abstract for each of those 11 on 8

November 2026. Abstracts assessed: 53. Excluded after the

abstract: 53. Full texts sought: 0, because no abstract met the

rule for a new outcome study. Studies added: 0. Check: 1 +

589 + 53 = 643. The earlier OpenAlex exports of 68, 90, and

3 are a separate flow in the box above and are not added into

the 643. The 104 cited works are outside both flows. Their

database yield was not archived, so it is not imputed. Full-text

retrieval of already-cited public PDFs, same date, is a separate

step and is not an identification count. Eight public PDFs were

saved. A partial RoB 2 note was made for NBER 33795 only.

No study was added or removed. See Appendix E. The 104

cited works remain outside the 643.

APPENDIX C. ELIGIBILITY AND SCREENING

The same inclusion and exclusion rules used for every other

source were applied to the 68-record export, including author-

written postings. A record was eligible for addition only when

the title, and where retrieved the abstract, stated a checkable

design and an employee, workload, or organizational outcome

inside the review questions. Infrastructure uses of the word

workload, security architectures, and commentaries without a

design were excluded.
Of 67 unique titles, 64 were excluded at title: 28 be-

cause workload meant computing infrastructure; 14 because

no workforce or performance estimate was stated; 8 because

the record was a security or architecture description without

that estimate; 6 because the record was a dataset, workshop,

dissertation, book, commentary, or market note; 5 because the

setting was clinical, educational, inspection, or a school rather

than the enterprise workforce question; 2 because the title did

not state a design; and 1 because the paper was a method for

analyzing scientific literature. Abstracts were then retrieved for

three records. Two were not added. A Discover Artificial In-

telligence abstract proposes dynamic human intervention, but

the retrieved abstract was truncated and its evaluation figures

were not used. A Journal of Information Systems Engineer-

ing and Management abstract states managerial time savings

and adoption shares without a checkable sample design, and

those figures were not used. One record was added: Li, Sun,

Yang, and Zeng, European Journal of Innovation Management,

2026, a cross-sectional study of 276 corporate research-and-

development employees. Volume, issue, and pages were not on

the record used here. The DOI is 10.1108/ejim-11-2025-1496.
The later 643-record export was screened with the same

rules. One duplicate title was removed. Of 642 titles,

589 were excluded at the first pass: 254 because the

setting was clinical, educational, military, agricultural, or

another off-scope domain, and 335 because the title did

not state a workforce or performance estimate. Abstracts

were requested for the remaining 53. Forty-two abstracts

were on OpenAlex and were read. Eleven SSRN records

had no OpenAlex abstract. Crossref abstracts for those

eleven were read the same day. The exclusions are:

doi:10.2139/ssrn.7537464, a multi-country working paper,

not a U.S. payroll contrast, coefficients not taken from a

re-read table; doi:10.2139/ssrn.7512166, a security-operations

simulation outside the enterprise question, full text not

retrieved; doi:10.2139/ssrn.6862938, a secondary synthesis

of institutional reports; and eight conceptual or governance

papers (doi:10.2139/ssrn.7546940, 10.2139/ssrn.7628020,

10.2139/ssrn.7575218, 10.2139/ssrn.7251121,

10.2139/ssrn.7485400, 10.2139/ssrn.7537584,

10.2139/ssrn.7262481, and 10.2139/ssrn.6328579). None

was added. Full texts of the 53 were not retrieved. None

received a RoB 2 or ROBINS-I score. The 104 cited works

were sorted from the stored bibliography and from the

role already assigned in the manuscript. That sort separates

outcome evidence from theory, methods, official series,

surveys, governance, and author preprints. It is not a new

full-text appraisal, and those 102 are not added to the 643.

APPENDIX D. STUDY CHARACTERISTICS AND EVIDENCE

EXTRACTION

Table XII lists the designs that carry the main contrasts in

the results. Each figure is one already checked against the cited

source in this manuscript. The table is not a claim that these

studies were the output of the 68-record screen.

APPENDIX E. METHODOLOGICAL QUALITY AND RISK OF

BIAS

RoB 2, ROBINS-I, and GRADE were not scored. A domain

judgment that was not produced by reading each full text

against the instrument is not printed here. The five-question

checklist in the Methods remains the appraisal that was

used: venue class, design, geography, explicit numerators and

periods, and independence from the vendor whose product is

evaluated. It does not generate a risk-of-bias score. Journal

quartile and citation counts were not used as quality scores.

The instrument that would apply, if the full text were re-

opened, is named below. The judgment column is intentionally

blank. These rows are flagged for author verification. They are

not AI-assigned risk-of-bias ratings.

Design already in the results Instrument that would apply Judgment

Fan et al., randomized lab
tasks

RoB 2 Not scored. Full text
not re-opened.

Cui et al., randomized
developer rollout

RoB 2 Not scored. Full text
not re-opened.

Dillon et al., randomized
Copilot rollout

RoB 2 Not scored. Full text
not re-opened.

Humlum and Vestergaard,
difference-in-differences

ROBINS-I Not scored. Full text
not re-opened.

Hyman et al., matched
trainees

ROBINS-I Not scored. Full text
not re-opened.

Census, BLS, BEA, Gallup,
Pew, Li et al.

None of those tools.
Official series or a
cross-section.

Not a domain score.



TABLE XII
DESIGNS THAT CARRY THE MAIN CONTRASTS. EACH FIGURE WAS ALREADY CHECKED IN THE MANUSCRIPT. THIS TABLE IS NOT THE OUTPUT OF THE

68-RECORD SCREEN.

Source Design and sample Outcome used here Limit

Bonney et al., Census BTOS, CES-26-25 U.S. firms, Nov. 2025–Jan. 2026 44% of AI-using firms report
augmentation; headcount decrease reported
by 2.0% firm-weighted

Firm self-report. Not causal. The 2.0%
figure stays in that subsection only.

Bick, Blandin, and Deming, Manage. Sci.
2026

U.S. adults, late 2024 Work use in the prior week 27% of
employed adults; reported hours saved
1.4%

Gross self-report, not net time.

Dillon et al., NBER 33795 Vendor-affiliated Copilot rollout Outlook time −1.4 hours/week (ITT) Email time, not total workload.
Cui et al., Manage. Sci. 4,867 developers, three firms Completed tasks +26.08% (SE 10.3%) Vendor-affiliated. Not firm performance.
Humlum and Vestergaard, NBER 33777 Danish difference-in-differences Rules out earnings and hours effects larger

than 2%
Not a U.S. total. New oversight tasks are
descriptive.

Hyman et al., NBER 34174 Matched U.S. trainees High-exposure quarterly returns about
$1,000 to about $3,000

Mostly moves into less-exposed
occupations.

Lee et al., CHI 2025 319 knowledge workers, 936 examples Effort often rated lower; work shifts
toward verification

Self-report. Vendor-affiliated. Not a time
diary.

Fan et al., CHI 2026 60 participants, three tasks Time −22%; verification load tracks
fatigue

One lab session, not a workday.

Pendell, Gallup Panel, 2023–early 2026 Displacement concern: engagement −0.20
SD, burnout +0.18 SD

Not a layoff effect and not a
use-to-burnout coefficient.

Li et al., Eur. J. Innov. Manage. 2026 276 R&D employees, cross-section Workload and support associated with
generative-AI use; use with innovative
performance

Not U.S. payroll and not net hours.

Challenger, Gray & Christmas U.S. announced-cut tallies AI-cited plans, including 116,175
year-to-date through August 2026

Employer attribution, not completed
separations.

The instruments that would apply later, and only after

a registered protocol and a second reviewer, are RoB 2

for the randomized task experiments and ROBINS-I for the

quasi-causal labor studies. Census and BLS series are official

descriptive statistics, not subjects of those instruments. Chal-

lenger counts are corporate attributions. NIST, COBIT, OMB,

and product documents are governance or architecture sources.

Author preprints are context. The two abstracts that were

retrieved and not added were not quality-scored, because they

were not included. The 64 title exclusions were not quality-

scored for the same reason. The 42 OpenAlex abstracts and the

11 Crossref abstracts were excluded before appraisal. A JBI

checklist was not applied. Domain scores remain blank unless

a public full text was opened and the domain is supported by

that text. Human author verification is required before any row

is treated as a finished rating. There was no second reviewer.

On 8 November 2026, public PDFs already linked from the

bibliography were downloaded. This was not a new database

search and it is not added to the 643-record flow. Eight files

were saved: Census CES-WP-26-25 (79 pages), NBER 33795

(38 pages, revised November 2025), NBER 33777 (131 pages,

revised March 2026), NBER 34174 (75 pages), NBER 35677,

BEA WP2026-16 (20 pages), CESifo Working Paper 10601,

and ILO Working Paper 140. RoB 2 is used only for the

randomized Copilot access experiment. ROBINS-I is the tool

that would apply to the Danish adopter contrast. Neither tool

is applied to the Census survey, the BEA expectations paper,

the ILO exposure index, or the other downloaded files whose

identification sections were not re-read.

Full text opened Tool What was judged

Dillon et al., NBER
33795

RoB 2 D1, some concerns: licenses were
randomized inside a firm-supplied
list, and the paper states that the
highest-priority users were likely
excluded. D2–D5 were not given
an overall label. No pre-analysis
registration was found in this PDF.
Overall risk was not assigned.

Humlum and
Vestergaard, NBER
33777

ROBINS-I Confounding is a concern because
chatbot use is not assigned. The
design is difference-in-differences.
The other domains were not scored.
The bound that rules out hours ef-
fects larger than 2 percent was re-
read on page 5 and is unchanged.
Denmark, not a U.S. total.

Bonney et al.,
CES-26-25

Neither tool Firm survey. The 2.0 percent firm-
weighted decrease was re-read on
page 5 and stays in that subsection.

Hyman et al.; Bick et
al. NBER 35677; Hui et
al. CESifo 10601;
Highfill and Samuels;
ILO WP 140

Not scored The PDF was retrieved. The iden-
tification section was not appraised
in this pass, so no rating is printed.

OpenAlex, the same day, reported no open PDF for the

journal versions of Bick, Blandin, and Deming, Management

Science, and of Li et al. Lee et al. and Fan et al. resolve to

ACM links that were not downloaded. Cui et al. and Noy and

Zhang have separate SSRN copies marked open; those copies

were not downloaded, and the journal PDFs were not opened.

Valtonen et al. resolves to the journal landing page and was

not downloaded. For those studies the earlier manuscript limits

stand, and no new risk-of-bias rating is assigned. No study was

added or removed.

APPENDIX F. EVIDENCE SYNTHESIS AND CERTAINTY

No meta-analysis was conducted. The outcomes are not on

a common scale. Certainty was not graded. The classes below

are the ones used in the results.

RQ1. Official descriptive evidence: augmentation is the

modal reported task effect. That description does not identify

job elimination. RQ2. Announced-cut attributions and Census

headcount reports measure different objects. Neither is a



completed-separation effect. RQ3. Danish records and product

documents show oversight tasks and approval gates. They

do not measure hours moved onto remaining U.S. workers.

RQ4. Survey associations link displacement concern to lower

engagement and higher burnout. They are not a clinical

diagnosis and not a layoff effect. Gross task-time savings are a

separate object, under P4. RQ5. Near-term adoption forecasts

moved toward realized use. Productivity, employment, and

return expectations are not closed. An exposure index is not

this comparison. RQ6. No design compares AI adopters that

reduced headcount with AI adopters that did not. RQ7. P2 and

organizational consequence remain propositions.

P1 is descriptively consistent and not identified. P2 is

untested in U.S. payroll data. P3 matches one panel association

and is not a layoff effect. P4 is consistent with a shorter lab

task and with verification load that tracks fatigue, and with a

self-report that effort shifted toward verification. Table XI in

the main text is the map from these statements onto HARWO.

The map is not a confirmation.

APPENDIX G. FULL HARWO TECHNICAL SPECIFICATION

HARWO is a proposed computational reading of the

responsibility-transfer framework. It is not an implemented

solver, not a trained model, and not a scored enterprise log.

No optimality or runtime claim is made.

Precedence is an acyclic graph G = (V,E) with work tasks

VT and decision nodes VD. Actors are the fixed human set

XH and the AI agents XA. A policy π = (e, g, a) assigns

an eligible executor e(v), a human authorizer g(d) or none,

and exactly one accountable human a(v) for every release.

Execution and accountability are different assignments. A

verification return is not an edge of G. It may send the output

of task v back to v at most mv times, and it ends on acceptance

or at that cap. At the cap without acceptance, the case uses an

exception edge of G, which cannot return to v. A policy that

removes an employee is outside the feasible set. A smaller

roster may be supplied from outside and scored as another

fixed set. One optimization does not choose the layoff.

Completion time T is the makespan of the case. Human

workload H sums execution, prompting, verification, cor-

rection, supervision, and human time on an exception path,

whether or not those minutes create an incremental cash

expense. Operational loss R is expected loss on outputs that

pass the chosen gate. Monetary cost C excludes the minutes

already in H . It includes applicable model usage, licensing,

and other incremental cash costs with no accounting overlap

with H . Both β and δ may be positive. If a reported cost series

is exactly a+ bH , its intercept does not change the minimizer

and its variable part can be absorbed into the human-time

weight. That special case is not imposed on the general model.

The raw weighted sum is not a second objective. The scalar

problem is scored only after each expectation is divided by a

positive reference scale chosen in advance:

min
π∈Π

αE[T (π)]/Tref + β E[H(π)]/Href

+ γ E[R(π)]/Rref + δ E[C(π)]/Cref ,

with nonnegative weights summing to 1. A missing expecta-

tion or a missing scale leaves the policy unscored. Feasibility

requires precedence, eligibility, human capacity Lh at the fixed

roster, any stated error tolerance qv , human authorization for

every task in VM , and one accountable human on every release.

NIST AI RMF 1.0, NIST AI 600-1, and COBIT 2019 name

governance duties. They do not set the weights, the tolerances,

or VM .

The decision procedure is a specification, not a tested pro-

gram. Build the graph. Mark mandatory gates and eligibility.

Hold the human set fixed and name executors, authorizers, and

one accountable human. Score the scalar problem only where

every term is observed. A person selects among feasible scored

policies. The procedure does not authorize deployment. P2

and P4 are the propositions this object can express, as human

time at fixed headcount and as loop time inside H . P1 and

P3 are not implied by a feasible policy. Table X in the main

text is the comparison. The two added rows use abstracts, not

full texts. Donat-Bouillud and Amokrane-Ferka reallocate call-

center supervision from operator load, stress, and activity. van

Tuijn and colleagues treat levels of automation as a language

for team design and name accountability as a requirement.

Neither abstract formulates e(v), g(d), and a(v) as different

assignments, or prices verification apart from completion time,

on a roster that cannot be reduced. HARWO states that joint

constraint. It does not solve it. A later test needs an observed

graph, measured human time, an error or loss record, and a

fixed roster. None of those inputs was scored here.

APPENDIX H. REFERENCE AND CITATION AUDIT

The reference list is numbered in order of first citation

after this revision’s bibliography rebuild. Printed author, title,

source, year, volume, issue, and pages are the fields stored for

this manuscript. A DOI link is printed only when a DOI was

already stored. A URL is printed when no DOI was stored

and a URL was. Entries with neither are identified by venue,

volume, and pages, or by institution and report number. Those

identifiers were not invented. Two unread Microsoft Form

10-K records for fiscal 2023 and fiscal 2024 remain in the

working bibliography and are not cited. Duplicate postings of

the same preprint are cited once. Preprints are labeled as not

peer reviewed. This audit did not repeat a live HTTP check

of every DOI.

Seven author-written works are in the list: the predecessor

review and six preprints. They are cited as boundary, gov-

ernance, or architecture context, not as proof of employee

outcomes or organizational productivity. Four further author

postings were screened with the same rules and were not

added. A Research Square posting on digital transforma-

tion and cybersecurity (DOI 10.21203/rs.3.rs-9734788/v1) and

a ResearchGate record on governance, human resistance,

and cybersecurity (DOI 10.13140/RG.2.2.19233.38964) re-

peat the readiness argument already cited from the Preprints

version. A digital-twin networking benchmark (SSRN DOI

10.2139/ssrn.7260325) and a preprint on quantum trading

agents (Research Square DOI 10.21203/rs.3.rs-10253799/v1)

do not measure enterprise workload or the quantities HARWO



leaves unmeasured. The ResearchGate DOI was taken from

the author’s reference list and did not resolve in Crossref. The

count of distinct author works is unchanged by these screens.

The study added to the synthesis, and the two papers added

to the comparison, are not author preprints.
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