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ORGANIZATIONAL MECHANISMS OF HUMAN-ARTIFICIAL INTELLIGENCE
INTERACTION IN THE ENTERPRISE MANAGEMENT SYSTEM

This article examines how structured process workflows for human—artificial intelligence interaction can improve orga-
nizational management outcomes, and how leadership interventions causally shape the effectiveness of such teams. Drawing
primarily on a large-scale survey of 3,613 employees and 238 senior executives conducted across six countries in October—No-
vember 2024, the article documents a persistent and significant gap: employees already use generative Al far more intensively
than their leaders realize — specifically, the actual share of active Al users is three times higher than current top-management
estimates — yet only one percent of organizations report having achieved full AI maturity, defined as its complete integration
into daily workflows with measurable impact on business outcomes. The article argues that this maturity gap is not a techno-
logical problem but a problem of leadership and purposeful workflow design. Using sociotechnical systems theory and princi-
pal-agent theory as complementary analytical lenses, the article proposes a five-phase workflow architecture that delineates
roles, decision-making authority, task handoff points, escalation triggers, and feedback loops for human—AI teams. Two causal
identification strategies — difference-in-differences and regression discontinuity — are examined as empirical tools for estimating
the effect of leadership interventions on team performance, key identification assumptions and threats to internal and external
validity in organizational settings are discussed, including parallel trends, participant selection, and spillover effects. The find-
ings are translated into six concrete managerial recommendations. The conclusions align closely with the report's position that
leadership alignment, structured role-targeted personnel development, and human-centric governance are the primary levers
available to organizations seeking to achieve maturity in the field of AL
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Jeprayosa B. B., Kasyn @. JI.
Hayionanvuuii mexuiunuii ynieepcumem Yxpainu
«Kuiscoxutl nonimexuiynuil incmumym imeni leopa Cikopcbkozo»

OPTAHI3AIIIMHI MEXAHI3MHY B3A€EMOJII JIOJUHHA
TA HITYYHOI'O IHTEJEKTY B CUCTEMI YIIPABJIIHHSA NIJIIPUEMCTBOM

Y emammi 0ocnioscyemucs, sax cmpykmypoeani npoyecHi poboyi nomoxu 0ist 63a€MOO0ii I0OUHU Ma WIYUHO20 IHMeNeKny
MOJICYMb NOKPAWUMU Pe3yTbmamuy Op2ani3ayitiHo20 YNpasiints, a maKodic me, K 1i0epcoKi inmepeenyii npuyUHHO-HACTIOKO-
BUM YUHOM POPMYIOMb ehekmueHicmb maxux komano. Cnupaioyucs nepedycim na macuimaobne onumyeanns 3 613 cniepobim-
HuKi6 i 238 KepieHuKi6 6Uwj0Oi NAHKU, NposedeHe y wecmu Kpainax y scosmui—iucmonadi 2024 poxy, cmamms ixcye cmivkui
i sHauywull po3pug: CnigpobIMHUKI 824ce BUKOPUCMO8YIomb cenepamuehutl LT nabazamo inmencusHiute, HidC YCBIOOMIIOIOMb
iXHi KepigHUKU, — 30KpeMda, peanbHa Yacmka akmueHux xopucmyeauie LIl empuui nepeguwyye nomouni oyinKu monmeHeolc-
MeHmy, — npome Juuie 00UH 8iOCOMOK Op2aHizayiil NOBIOOMIAE NPo 00CseHeHHs NOSHOI 3pinocmi y enposadicenni LI, moomo
npo 1020 Yinkogumy inmespayiio y wooeHHi poboui npoyecu i3 GUMIPHUM GNIUBOM HA Di3Hec-pe3ynomamu. Y cmammi obcmo-
10€mbesl OyMKa, wjo Yyeil po3pus y 3pilocmi € He MexHON02IYHOI0 NPodIeMOoI0, a npobaeMOI0 1I0epCmea ma Yilecnpamosano2o
NPOEKMY8aAnHs pobouux npoyecis. Bukopucmogyrouu meopito coyiomexuiyHux cucmem i meopiio «npUHYUNAI—azenmy» K 63a-
EMOOONOBHIOBANIbHI AHANIMUYHI JH3U, CMAMmMs NPONOHYE N'amugasny apximexmypy pobouux npoyecis, saKa OKpecoe poii,
NOBHOBAIICEHHSL W00 NPUIHAMMS PileHb, MOUKU nepedayi 3a60anb, mpueepu eckaiayii ma nemii 360pONHO20 38'3Ky O
xomarno noouna—LLI. Jlei cmpameeii kayzanvHoi ioenmuixayii — pisHuys pisHuys i pespecisi po3pusie — po32isadarmscs K
eMnipuyHi IHCMpYMeHmu OYIHIOBAHHSA 8NIUBY NI0EPCLKUX [HMepBeHYlll Ha epeKMUBHICMb KOMAHOU; 002080PIOIOMbCA KIIOY08]
NpunyweHHs: wooo i0eHmugikayii ma 3a2po3u HYMPIWHIL | 306HIWHIN 8ATIOHOCME 6 OP2AHIZAYIHUX YMOBAX, 30Kpema Nna-
panenvHi mpeHou, 6i00ip yuacHukie i eghexmu nepenusanus. Pezynomamu 00CHiOHNCeHHSI NEPEKAAOEHO Y UiCMb KOHKPEeMHUX
YIPABRIHCHKUX pekomenOayitl. Ompumani 6UCHOGKU MICHO Y3200ICYIOMbCS 3 NOJONCEHHAM 361Ny NPO me, wjo y32000iCeHiCmb Y
OiAX KepigHUYmMea, CmpyKkmyposana poibosa ni020mo6Ka NepCcoHay ma ar00UHOYeHmMposane 8psA0Y6aHHs € OCHOBHUMU 8adice-
JAMU, OOCIYNHUMU OP2AHI3AYISIM, WO npazryms oocsiemu spinocmi y cgepi L1

Kniouosi cnosa: ynpaeninna nionpuemcmeom, yu@hposa mpancopmayis ynpagiinHa, wmyyHull inmenexkm y MeHeoHCMeH-
mi, 83a€MO0isl IOOUHU MA WUMYHHO20 [HMENEKMY, OP2aHi3ayiliHi npoyecu RPUHAMmMSL piuteHv, 1i0epCcoKi inmepaenyii, ynpas-
JIHHSL 3HAHHAMU, eeKMUBHICIb YAPABTIHCOKUX PilleHb, THHOBAYIUHULL PO36UMOK NIONPUEMCINS.
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Problem statement. Organizations invest heavily in
generative Al, yeta 2024 McKinsey survey found that while
92 percent of companies planned to increase Al spending,
only one percent of leaders described their deployments
as mature — fully integrated into workflows and driving
substantial business outcomes [1]. This gap points to
structural deficits in workflow design and leadership
governance ([7]; [29]). Compounding this, C-suite
respondents estimated only four percent of employees use
Al for at least 30 percent of daily work, while the actual
employee-reported figure was three times higher [1]. This
perception gap produces misallocated interventions and
insufficient training. Neither the process-level architecture
of human—Al workflows nor the causal mechanisms
through which leadership interventions improve human—
Al team performance has been adequately addressed in the
literature — gaps this article addresses.

Analysis of recent research and publications. The
McKinsey “Superagency in the Workplace” report [1]
surveys over 3,600 employees and nearly 240 C-suite
executives across six countries, providing the primary
empirical foundation for this article. Three findings are
central: employees are more Al-ready than their leaders
recognize (nearly all report generative Al familiarity, and
most anticipate Al reshaping at least 30 percent of their
work within two years); leadership is the primary adoption
barrier (C-suite executives are 2.4 times more likely to cite
employee readiness as a constraint than their own alignment
failures); and training is the intervention employees most
desire (48 percent rank it most important, yet more than a
fifth receive minimal organizational support).

Inthebroaderacademicliterature, Wilson and Daugherty
(2018) argued that Al value depends on structured human—
Al collaboration rather than replacement. Seeber et al.
(2020) proposed a taxonomy distinguishing Al as a tool,
assistant, or autonomous agent — a framework directly
relevant to workflow role-assignment decisions. Jarrahi
(2018) demonstrated complementarity between human
contextual reasoning and Al pattern recognition, supporting
the case for differentiated role design. On leadership
specifically, Avolio et al. (2021) found consistent evidence
that transformational leadership behaviors — particularly
vision clarity and psychological safety — mediate team
performance in digital-work contexts. Edmondson (2019)
showed that psychological safety is a prerequisite for
effective escalation of Al errors. A persistent gap across
both the practitioner and academic literatures is the near-
absence of causal identification: most available evidence on
leadership effects in Al-augmented teams is correlational,
limiting managerial conclusions about what interventions
actually work ([21]; [15]).

Formulating the purposes of the article. This section
provides a plain-language guide to the article’s purpose
and structure.

Purpose — This article studies how organizations can
deploy Al more effectively through structured human—Al
teamwork architectures and appropriate leadership actions.

Who this is for — This article is for managers, executives,
and anyone curious about how Al fits into the workplace —
no technical background in Al is required.

What the reader will learn — You will learn why most
organizations have not yet made full use of Al, even though
the technology is available. You will see how to design a
clear five-step process for human and Al collaboration
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at work. You will understand which actions leaders can
take — such as providing training, setting clear rules, and
building a culture of openness — to improve results. You
will also learn about research methods that can tell us
whether a leadership action truly caused a performance
improvement, rather than just coinciding with one. Finally,
you will receive six practical recommendations that a
leader can act on immediately.

Why it matters — Despite enormous investment in
Al, a major global study found that only one percent of
organizations have fully integrated Al into their work. This
article argues that the solution is not more technology — it
is better leadership and better-designed teamwork.

How the article is organized — The article moves from
theoretical framework and workflow design through causal
analysis to managerial recommendations, drawing on a
survey of 3,600+ employees and 240 senior executives.

Presentation of the main research material. The
primary empirical source for this article is Mayer et al.
(2025), “Superagency in the Workplace: Empowering
People to Unlock Al's Full Potential” (McKinsey &
Company), which reports findings from a survey of
3,613 employees and 238 C-level executives conducted
in October and November 2024 across six countries,
supplemented by executive interviews and a database of
250+ Al use cases. Peer-reviewed articles, edited volumes,
and institutional reports from 2015-2025 provide the
secondary literature base. Causal analysis draws on
difference-in-differences [2], regression discontinuity
design [16], and structural causal models [24] to structure
counterfactual reasoning about the leadership interventions
documented in Mayer et al. (2025).

Background. Generative Al is widely compared to
transformative innovations of prior eras, yet organizational
adoption has stalled well short of its potential ([1]; [7]).
The McKinsey survey reveals a stark maturity gap: despite
92 percent of companies planning increased Al investment
and near-universal generative Al familiarity, only one
percent of C-suite leaders describe their organizations as
having reached Al maturity — defined as Al fully integrated
into workflows and driving substantial outcomes [1]. The
barriers are organizational: leadership alignment, workflow
design, and employee support.

A further finding concerns systematic leadership
misperception: C-suite respondents estimated only four
percent of employees use Al for at least 30 percent of daily
work, while the employee-reported figure was three times
higher [1]. Leaders who underestimate employee Al use
tend to underinvest in training, under-design governance,
and fail to leverage Al-proficient employees — particularly
millennial managers already functioning as informal Al
advocates.

Theoretical Framework. Sociotechnical systems (STS)
theory ([28]; [13]) holds that performance emerges from
joint optimization of social and technical subsystems.
Applied to human—Al teaming, STS theory predicts that
workflow outcomes depend not only on Al capability but
on the fit between Al functionality and the surrounding
social structures —roles, norms, and authority relationships.
This prediction is supported by the McKinsey report's
finding that companies experiencing the highest Al value
are those that have integrated Al into workflows, not
merely deployed it as a standalone tool [1]. Boudreau
(2019) confirmed this empirically: Al adoption effects
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on productivity were moderated by organizational design
choices, not Al quality alone.

Principal-agent theory [12] offers a complementary
lens: the leader acts as principal, with human employees
and Al systems as agents governed under information
asymmetry. The McKinsey report confirms this
asymmetry — only 39 percent of C-suite respondents
used benchmarking standards to evaluate Al tools, and of
those, only 17 percent prioritized ethical over operational
metrics [1]. The framing clarifies why workflow design
and leadership behavior are theoretically inseparable: the
workflow operationalizes governance at the task level.

Causal inference methodology — specifically the poten-
tial outcomes framework [26] and structural causal models
[24] — provides the epistemological basis for evaluating
whether leadership interventions actually drive Al team
performance improvements, rather than merely correlating
with them. The McKinsey report's findings are inherently
correlational, making the methodological contribution
of causal identification strategies especially relevant for
translating the report's descriptive evidence into actionable
organizational science.

Workflow Architecture for Human — Al Teaming. The
report identifies “seamless integration into existing work-
flows” as the second most desired enabler of Al adoption
among employees (45 percent), trailing only formal training
at 48 percent [1]. Drawing on the report's frameworks and
supplementary organizational science literature, a five-phase
workflow architecture is proposed here.

Phase 1 — Role and Capability Assignment: Roles
should be assigned on comparative advantage: Al handles
high-volume pattern recognition, real-time data synthesis,
and repetitive decisions; humans retain contextual
judgment, ethical reasoning, stakeholder communication,
and exception handling ([17]; [29]).

Phase 2 —Decision Authority Rules: Authority rules should
reflect decision stakes and reversibility: low-stakes reversible
decisions may be fully Al-delegated; high-stakes irreversible
decisions require human sign-off; intermediate decisions use
hybrid protocols where Al recommends, the human reviews
and may override, and overrides are logged. Poorly specified
rules produce automation bias and automation disuse, both
degrading decision quality ([23]; [18]).

Phase 3 — Handoff Protocols: Task-state transfers must
minimize information loss and cognitive load. Effective
handoffs present Al outputs with confidence estimates
and supporting evidence; presenting conclusions without
context drives the automation bias that 50 percent of survey
respondents cite as their primary Al concern ([1]; [14]).

Phase 4 — Escalation Triggers: Escalation protocols
specify when workflows deviate to a higher authority or
review queue: triggers may be rule-based (Al confidence
below threshold), exception-based (input outside training
distribution), or feedback-based (override rate exceeds
threshold). Crucially, escalation fails without psychological
safety — employees must trust that flagging Al errors carries
no punitive consequences [11].

Phase 5 — Monitoring and Feedback Loops: The report
advocates federated governance: central oversight of high-
risk issues with delegated monitoring to business units [1].
Feedback loops must close at three levels: Al system (model
retraining from override logs), human (skill development
from accuracy data), and organizational (policy revision
from compliance data).

Causal Impact of Leadership Interventions. The report
argues that leadership, not technology, is the barrier to
Al scale [1]. Executives who cite employee readiness are
misdiagnosing the problem: employees already use Al
extensively, desire more training, and trust their employers
on Al governance more than universities or technology
companies — 71 percent [1]. Establishing causal claims
requires moving beyond the cross-sectional evidence
dominating both the McKinsey report and the broader
literature. Two identification strategies are examined.

Difference-in-Differences (DiD). The DiD estimator
compares pre-to-post outcome changes for a treated
group against a comparable untreated control [2]. The
McKinsey report’s staggered rollout across organizational
units at different maturity stages provides a natural DiD
setting — 39 percent of C-suite respondents describe their
organizations as still “emerging” or “nascent” [1]. The
critical assumption is parallel trends: absent intervention,
treated and control groups would have followed the same
trajectory. Validity threats include differential selection of
high-performers into early cohorts, Hawthorne effects, and
spillovers. With staggered timing, heterogeneity-robust
estimators [8] are advisable to avoid aggregation bias [15].

Regression Discontinuity (RD). The RD design
identifies causal effects when treatment follows a threshold
rule: units above a cutoff receive treatment, units below do
not [16]. Natural RD settings arise when Al deployment
is mandated above a minimum unit size or when teams
below a performance threshold are assigned to coaching
programs. The identification assumption is continuity near
the cutoff; estimates are local, limiting external validity.
Validity threats include sorting, measurement error at the
threshold, and SUTVA violations — the McCrary (2008)
density test is the standard sorting diagnostic.

Table 1
Iustrative Human—AI Team Workflow — Customer Inquiry Resolution
Step Actor Trigger Action Metric
1 Al Agent Customer contact received Conversatlop, data synthesis, Resolution rate; CSAT score
intent detection
1 0 .
5 AT Agent Intent classified Al}tot}omous action (payment, Model cpnﬁdence (%); task
shipping, etc.) completion time
. Confidence < 80% OR Review Al output, apply Override rate; escalation
3 Human Representative . .
customer escalation request | contextual judgment accuracy
4 Human Manager Policy exception OR Final authority decision Dec;lslon quality (ex-post
complaint flag review)
Feedback Loop . Override log analyzed; model Accuracy drift; policy
3 (AI + Human + Leader) Weekly review cycle retrained; norms revised if needed | compliance rate; fairness score
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Discussion. The report's findings, workflow architec-
ture, and causal analysis converge on one conclusion: lead-
ership interventions are most consequential when target-
ing specific workflow mechanisms — training, escalation
norms, role clarity, and feedback design — rather than pur-
suing diffuse cultural change without structural reinforce-
ment.

That 48 percent of employees rank formal training as
the most important adoption factor, yet more than a fifth
receive minimal support, is the most actionable gap in the
empirical record [1]. Role-targeted training — technical
bootcamps for engineers, prompt engineering for func-
tional professionals — improves trust calibration, reduces
automation bias, and raises error-detection capacity [18].

Employee trust in employer Al governance — 71 per-
cent, higher than trust in universities or technology com-
panies [1] — is an underutilized leadership asset. This trust
creates the psychological safety substrate effective escala-
tion requires: employees secure in their employers' inten-
tions report Al failures more candidly, generating override
data that feeds model retraining and policy improvement
[11]. Leaders who erode this trust undermine the founda-
tion on which workflow quality depends.

Managerial Implications. Six actionable recom-men-
dations emerge from the report's frameworks and findings.

First, close the perception gap through structured lis-
tening. C-suite leaders underestimate employee Al use by
a factor of three [1]. Regular structured audits of actual
employee Al use, informal workflow integrations, and
encountered challenges are essential to close this gap.

Second, invest in role-targeted training at scale. For-
mal training is employees’ most desired intervention [1].
Programs should be role-differentiated: model evaluation
and integration for technical staff; prompt engineering and
output verification for functional professionals.

Third, publish a decision-authority matrix before
deployment. Before deploying any Al system, lead-
ers should publish an explicit decision-authority matrix
specifying Al-delegated decisions, those requiring human
review, and those requiring managerial authorization.

Fourth, design escalation without stigma. Leaders
should convert baseline trust into operational psychologi-
cal safety: remove metrics penalizing escalation, create
low-friction error-flagging channels, and model override
acknowledgment publicly ([11]; [1]).

Fifth, instrument feedback loops from deployment day
one. Override logs, confidence score distributions, decision
accuracy reviews, and compliance data should be opera-
tional from workflow launch — essential inputs for model
retraining, policy revision, and organizational learning.

Sixth, phase rollouts deliberately to enable causal learn-
ing. Stagger Al deployment across business units inten-
tionally to create quasi-experimental variation, converting
a logistical necessity into an organizational learning asset.

Limitations. Four limitations apply. First, the workflow
architecture is conceptual and has not been tested as an
integrated system. Second, causal identification strategies

require natural experiments or phased rollouts that may
not be universally available. Third, the McKinsey report
is cross-sectional and self-reported, preventing full causal
identification [1]. Fourth, the sample skews toward large
enterprises (75 percent of US respondents from organi-
zations with revenues exceeding $100 million), limiting
SME generalizability.

Al in Ukraine — Wartime Examples. The following
examples illustrate how Al has been applied in Ukraine
during the ongoing war with Russia (since February
2022). All items are drawn from official government
sources, NATO bodies, and established policy research
institutions.

Ukraine’s Delta battlefield management system, devel-
oped from 2016 onward and formally adopted by the
Ukrainian Ministry of Defence in August 2024, integrates
satellite imagery, drone feeds, sensor data, and civilian
reports into a real-time digital map accessible to frontline
units, with Al and machine-learning capabilities for video
and text processing of enemy positions added in 2024. [31]

In April 2023, the Ukrainian government launched
Bravel, a state-backed platform coordinated by the Minis-
try of Digital Transformation and the Ministry of Defence
to fund and accelerate dual-use Al and military technology
startups; as of September 2024 the platform had awarded
299 grants totalling USD 6.5 million.

Ukraine’s Al platform Avengers, presented at NATO
Edge 24 in December 2024 by the Ukrainian Centre of
Innovations and Defence Technologies, detects approxi-
mately 12,000 targets daily, reducing routine analysis
workload for frontline warfighters. [32]

In December 2024, Ukrainian forces conducted the
first fully unmanned ground operation near Lyptsi, north of
Kharkiv, deploying dozens of Al-enabled uncrewed ground
vehicles and first-person-view drones with no infantry par-
ticipation, successfully destroying Russian positions.

Ukraine’s acoustic drone-detection system Zvook,
developed with Al algorithms from the Ukrainian tech
startup Respeecher, can detect incoming drones up to
4.8 km away and relay location data to the Delta system
within 12 seconds, with a false-positive rate of just 1.6 per-
cent. [33]

Conclusions. The McKinsey report presents an action-
able paradox: the technology has arrived, employees are
ready, yet organizations remain far from Al maturity.
Resolving it requires two complementary investments:
structural (a workflow architecture specifying roles, deci-
sion authority, handoffs, escalation triggers, and feedback
loops) and epistemological (evaluating leadership inter-
ventions with difference-in-differences and regression
discontinuity rigor). The report's core finding — that lead-
ership, not technology, is the barrier — is both diagnosis
and mandate. Leaders who close perception gaps, invest
in role-differentiated training, and design workflows that
make escalation safe and governance transparent will be
best positioned to convert Al investments into sustained
competitive advantage.
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