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Enterprise AI Adoption as an Organisational State Transition

ENTERPRISE AI ORGANISATION THEORY STATE TRANSITIONS AI ADOPTION

ABSTRACT

Organisations with access to the same frontier AI capability end up in very different places: most remain in pilots, a minority
delegate consequential work at scale, and some retreat after apparent success. The prevailing explanation treats adoption as
accumulated readiness, scored across capability, data, governance and skills, in which any progress counts. This paper proposes
a different account. Adoption is an organisational state, defined as sustained delegation of consequential work to autonomous
systems, and it is governed by two mechanisms. First, organisational controls are complements: the weakest control binds, so an
organisation cannot average its way in. Second, delegation generates the operating evidence that sustains institutional confidence in
delegation, a feedback that makes the adoption state self-maintaining once entered and out of reach until the loop closes. The
feedback separates the conditions for entering the state from the conditions for remaining in it, so movement between states is
abrupt, asymmetric and history-dependent: a severe incident can eject an organisation whose audited controls never changed, and
recovery depends on whether the accumulated evidence record survives. The entry and exit thresholds are characterised exactly in
a minimal model, and the account is stated as falsifiable predictions measurable from ordinary workflow and incident records.
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1 The adoption puzzle and the claim

The controlled evidence on generative AI is task-level: a randomised deployment in customer support and a field experiment
in consulting both find substantial gains [11, 19]. There is no comparable evidence on sustained organisational adoption.
What exists is survey material from consultancies and industry bodies [51, 55, 56]: self-reported, drawn largely from
AI-active respondents, and not controlled in any respect. Read as description rather than measurement, it is consistent
in direction: widespread experimentation, much less scaled operational deployment, and little attributed earnings impact.
None of it establishes the distribution or dynamics claimed below. It does motivate a sharper puzzle than slow diffusion:
organisations with access to the same capability appear to end up in different places and stay there, some stalled at pilots,
some in retreat after apparent success.

The standard readiness account treats deployment success as an additive function of capability, data, governance,
engineering, skills, and change management. Its operational instruments are maturity ladders and averaged scorecards:
progress on any dimension counts as movement towards the adoption state. Read as a theory of dynamics, that form predicts
approximately continuous organisational variation, incremental movement, and no large downward transition caused by one
event. We instead study the conjecture that consequential delegation is approximately bimodal over relevant populations and
that movement between modes is abrupt, asymmetric, and history-dependent.

Stated plainly, the explanation offered here is this. Enterprise AI adoption resists point solutions because it is a systems
problem twice over. Organisational controls (verification, permissioning, observability, process design, staff capability) are
complements: the weakest one binds, so progress on the others cannot compensate, and no averaged readiness score reveals
whether an organisation can cross. And even with adequate controls across the board, adoption only establishes itself once
delegation begins generating the evidence that sustains institutional confidence in delegation; once established, the same
loop holds the organisation in place through routine failures. The weakest link explains why an organisation cannot average
its way in. The evidence loop explains why crossing is a genuine state transition, abrupt and asymmetric, rather than the last
increment of a checklist. If this account is right, the practical consequences follow directly: maturity scorecards measure the
wrong thing; investment must be coordinated across controls rather than concentrated where progress is easiest; and the
institutional record of delegated work (audited outcomes, decision histories, post-mortems) is part of the adoption state
itself, worth protecting through vendor changes and reorganisations, because its survival determines whether an organisation
recovers after a serious incident.

The intended contribution, stated in one sentence: complementary controls in which the weakest binds, combined with a
single institutional feedback in which delegation generates the evidence that sustains confidence in delegation, are sufficient
to make enterprise AI adoption a two-state system with exactly characterised entry and exit thresholds, so that where an
organisation sits depends on its history and not only on its capability or controls. This is a firm-level synthesis of familiar
ingredients rather than a claim that complementarities, trust, path dependence, or hysteresis are individually new. The
paper combines: (i) an observable, consequence-weighted delegation measure; (ii) a latent organisational state with an
adoption region; (iii) complementary controls; and (iv) an institutional feedback linking delegation, evidence, and confidence.
The resulting transition boundaries are characterised exactly, and the mechanism yields predictions about threshold entry,
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incident regression, and conditional recovery that can be checked in workflow and incident records. Appendix A gives the
full evidence base and literature comparison; Appendices B–G provide definitions, proofs, numerical illustrations, empirical
designs, limitations, and reproducibility details.

2 Adoption as an organisational state

Fix a class of consequential work: tasks whose outputs bind the organisation through commitments, transactions, altered
records, external communications, or decisions that take effect without per-instance human ratification. The measure of
adoption is the consequence-weighted share of that work that takes effect without prior human approval, computed over an
accounting window from ordinary workflow and approval records; Appendix B states the definition formally. An organisation
is in the adoption state when this delegation share stays above a pre-specified level throughout a window long enough to
contain its normal incident flow. The definition excludes advisory use in which every output is ratified, and it excludes a
deployment that operates only until its first routine failure. Adoption means sustained delegation maintained through routine
failures; a model in place, or one successful demonstration, does not qualify.

The delegation share indicates state membership; it is not the complete state. Two organisations can show the same
share today yet respond differently to an incident because they differ in accumulated evidence, institutional confidence, or
control configuration. The underlying state is partially hidden, and the research question separates into two parts: where an
organisation currently sits, and how its state moves near the boundary of the adoption region.

Controls (verification coverage, permissioning and identity for computational agents, observability of agent actions,
process redesign around delegation, staff capability) are aggregated so that weak components can dominate. The additive
scorecard, in which progress on any dimension counts equally, is the special case in which components substitute perfectly
for one another; the aggregate used here nests it and extends to a weakest-link limit in which the weakest control binds.
Capability improvements lower the base incident rate and thereby move the boundary of the adoption region. They do not
relocate the organisation in its control configuration, and they do not erase its history.

3 The delegation–confidence–evidencemechanism

The minimal dynamic state has three coordinates: institutional confidence, the delegation share, and an institutional evidence
stock. Confidence governs a target level of delegation that rises steeply around an authorisation threshold. Delegation
generates successful operating experience; confidence is updated from that experience and reverts towards a sceptical prior
when evidence is not renewed. Incidents produce multiplicative confidence losses, and retrenchment can be faster than
expansion. Sustained delegation also builds the evidence stock: audited outcomes, calibrated expectations, decision records,
post-mortems, and evidence about which failures are ordinary rather than disqualifying.

The stock enters the mechanism in one place: it dampens the effect of new incidents on confidence. A deep record
lets an organisation contextualise a failure that would terminate a pilot. The result is a loop, from delegation to evidence
to confidence and back to delegation, operating in an incident environment set by control adequacy. The loop makes the
adoption state self-maintaining. Low delegation produces too little evidence to support high confidence; high delegation
produces the evidence that keeps confidence above the authorisation threshold.

This mechanism yields the conjectured structure exactly. Every equilibrium of the deterministic model lies on a
one-dimensional locus, and the folds of that locus are the entry and exit thresholds: between them, a stable low-delegation
state and a stable adoption state coexist, separated by an unstable boundary (Theorem C.1). The band exists because of the
evidence stock. Strengthen its buffering and the band widens, with the larger displacement on the adoption branch; remove it
and entry and exit coincide, so history ceases to matter (Corollary C.2). How fast an organisation expands or retrenches
changes how quickly collapse and recovery occur, and nothing about where the thresholds sit. At the baseline parameters the
analytic folds are 𝑞↑ = 0.8788 and 𝑞↓ = 0.7906, and forward simulation of the full model recovers both to the third decimal.
Figure 1 shows the mechanism and the fixed-point geometry. The full model is in Appendix B, exact statements and proofs
in Appendix C, and numerical illustrations in Appendix D.
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Figure 1.Mechanism and fixed-point geometry. Solid branches are stable in the reduced flow; the dashed branch is unstable. Numerical
thresholds use the baseline parameterisation.

4 Empirical implications, failure conditions, and scope

The geometry yields three primary tests. First, interactions should dominate additivity: control configurations and their
weakest components should predict entry into the adoption state better out of sample than averaged maturity scores. Second,
adoption should exhibit state-transition signatures: where the population spans the transition band, sustained delegation
should be approximately bimodal, time to entry should rise sharply near 𝑞↑, and the same organisation can remain in the
adoption state at a 𝑞 that would not have taken it there from a pilot state. Third, severe incidents should cause regression
at unchanged audited controls, with recovery strongly conditional on survival of the institutional evidence stock. Inside
the band, a surviving record can keep re-entry feasible; destroying or discrediting the record restores the higher entry
requirement.

These predictions fail cleanly. The account should be rejected if additive models match interaction models out of sample;
if a population known to span the proposed boundary has a unimodal, continuously filled distribution of sustained delegation;
if severe matched incidents do not alter delegation; or if recovery is independent of whether decision records, outcome
histories, and post-mortem records survive. Secondary predictions are that materially different control configurations can
sustain the same adoption state, provided no critical component falls below the relevant floor, and that variance of delegation
fluctuations may rise before shock-driven collapse without the rising lag-1 autocorrelation associated with classical critical
slowing down.

The dependent variable is measurable from records organisations already keep: agent action logs, pre-approval and
human-touch rates, rollback events, transaction or sensitivity weights, and incident histories. A longitudinal platform panel
can test interaction structure, bimodality, transition hazards, and configuration dispersion. Incident event studies can compare
delegation trajectories with matched controls and interact the event with evidence-record survival. Shared capability releases
and staggered regulatory obligations provide candidate event and natural-experiment designs, subject to the identification
qualifications in Appendix E.

The model is an existence proof, not an estimated organisational system. Its numerical values are not claims about firms.
The control taxonomy is illustrative, and the theory is limited to consequential delegation by systems autonomous enough to
fail consequentially; it does not describe ordinary advisory use. Its value is narrower but testable: familiar organisational
mechanisms are sufficient to generate lasting divergence, threshold entry, asymmetric regression, and conditional recovery
without assuming any lasting difference in capability.

5 Conclusion

Enterprise AI adoption is better represented by a delegation share, a boundary, and alternative stable states than by a
single maturity score. The central structural claim is that a durable institutional evidence stock converts delegation into
a self-maintaining state and separates the conditions for entering the adoption state from those for remaining there. This
makes governance records, audited outcome histories, and post-mortem records part of the adoption state itself rather than
documentation around it. The next empirical task is state estimation from workflow and incident records.
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A Evidence base, inherited theory, and novelty positioning

A.1 The adoption puzzle and its evidentiary status
Two bodies of evidence motivate the theory. The first concerns capability. In a randomised deployment across 5,172
customer-support agents, access to a generative assistant increased issues resolved per hour by about 15% on average and by
roughly a third for novice workers [11]. In a field experiment with 758 consultants, subjects using GPT-4 completed more
tasks and achieved substantially higher assessed quality on tasks inside the model’s competence [19]. These are controlled
task-level estimates and are large by the standards of workplace interventions.

The second concerns organisational adoption. McKinsey’s late-2025 survey reported AI use in at least one function
among most respondents, but much lower rates of scaling beyond pilots or attributing material earnings impact to AI [55].
Deloitte reported that only a minority of AI-active firms had converted a substantial share of pilots into scaled operational
deployment [51]. S&P Global reported a rising share of companies abandoning most AI initiatives [56]. Gartner separately
forecast high cancellation rates for generative and agentic AI projects [27, 28]. A widely circulated MIT report described
a very high share of pilots without measurable profit-and-loss impact; the source manuscript treats it as evidence of the
practitioner narrative, not as a reliable measurement, because the methodology was criticised [13]. Representative public
statistics also show that firm-level AI use remains much lower than individual use and is sensitive to survey wording [1, 4, 5].

These sources have important limits, and none of them is a controlled study. Consultancy surveys sample AI-active
leaders and measure perceptions. Project-abandonment statistics do not distinguish termination of pilots from regression
after sustained consequential delegation. Binary self-reports do not distinguish an employee drafting an email from an
institution allowing an autonomous system to execute a transaction. None of the sources measures an organisation-wide
delegation distribution, identifies entry and exit thresholds, times a transition, or attributes regression to an incident. The
evidence therefore motivates but does not establish the theory. The empirical programme in Appendix E is part of the
contribution because the required object is not available in existing public data.

Historical analogies explain delay but not the full conjecture. Measured productivity lagged electrification because
factories had to be reorganised around the technology [18]; the information-technology productivity puzzle similarly
resolved in favour of organisational co-investment and intangible complements [6, 7, 10]. These precedents predict slow and
heterogeneous diffusion. The sharper proposition here is that matched organisations may occupy alternative stable delegation
states, cross the boundary abruptly, and regress after apparent success.

A.2 What themodel inherits
The paper uses established mechanisms and makes the synthesis, unit of analysis, measurement, and exact transition geometry
the contribution.
Complementarities andweakest links. Complementarity theory shows that mutually reinforcing organisational practices
produce non-additive returns, multiple coherent configurations, and failures of piecemeal imitation [8, 45, 46]. Empirically,
returns to information technology concentrated in firms making complementary organisational investments [9]. Related
weakest-link and rugged-landscape models show why a mean score can conceal a binding component [38, 41, 49]. Most
directly, Gans and Goldfarb [25] derive discrete bundled automation from O-ring complementarity in a static task-level
model. The present paper uses a CES aggregate so that the additive account is an explicit nested special case and then
couples that aggregate to organisational state dynamics.
Punctuated change, thresholds, and hysteresis. Punctuated-equilibrium theories describe long periods of convergence
interrupted by reorientation [29, 50, 60]. Formal diffusion and catastrophe models produce metastability and adoption
hysteresis [33, 43]. Critical-transition theory supplies the language of alternative stable states, folds, and warning signals
[52–54]. Investment theory shows how durable or sunk stocks can separate entry and exit thresholds [21, 22]. The present
paper identifies a specific organisational stock that performs this role and derives its comparative static exactly.
Confidence, reliance, and organisationalmemory. Reliance on automation depends on trust and observed performance
[40, 48]. Gao and Lee [26] provide a dynamical operator-level loop in which reliance gates the evidence from which trust is
updated. Algorithm aversion and threat rigidity motivate asymmetric responses to failure [20, 57], while organisation-level
trust repair motivates the importance of institutional context after failure [30]. Absorptive capacity and path dependence
explain how accumulated organisational knowledge can sustain or lock out future action [3, 14, 17]. The present model
aggregates these ideas at the organisation level and makes the stored evidence stock observable through its consequences for
delegation and recovery.
Equifinality and sociotechnical organisation. Equifinality permits different configurations and paths to support a
functionally equivalent state [31, 37, 61]. Configurational studies have documented multiple pathways to AI adoption in
cross-section [39, 44]. Sociotechnical and dynamic-capabilities traditions emphasise heterogeneous organisational responses
to the same technology [58, 59]. The present contribution is a dynamical derivation of equifinality with a threshold and a
weakest-component floor, rather than another static typology.

Complexity concepts can become unfalsifiable metaphors in management research [12, 34], and tipping-point language
is easily overused [47]. The discipline adopted here is to specify observable dynamical signatures in advance [23]:
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bimodality under a population condition, within-organisation hysteresis, incident regression at unchanged controls, and
evidence-dependent recovery.

A.3 Nearest neighbours and the remaining gap
Several recent works are close but differ in the conjunction of unit, mechanism, and predictions. Ercole [24] model
health-AI adoption as an evolutionary game among clinicians, obtaining bistability through coordination externalities and
cultural lock-in. Huang and Vishnoi [35] obtain path dependence in individual delegation through human-skill erosion.
Gans and Goldfarb [25] derive discrete bundled automation in a static task-level model. Cua and Bernardo [16] simulate
population-level generative-AI adoption with a trust stock and asymmetric recovery but do not derive firm-level delegation
bistability or exact transition boundaries. Liu et al. [42] estimate polarised, state-like delegation dynamics among individual
store managers. Configurational studies establish cross-sectional equifinality rather than the transition mechanism studied
here.

Against those neighbours, the source manuscript claims the conjunction of five commitments:
1. the unit is an individual organisation rather than a population of adopters or an individual worker;

2. adoption is sustained, consequence-weighted delegation computable from workflow records;

3. the mechanism is a delegation–confidence–evidence feedback in which hysteresis is generated by an institutional evidence
stock rather than coordination externalities or skill erosion;

4. threshold entry, hysteretic exit, incident regression, conditional recovery, and configurational equifinality arise jointly
from that mechanism, with transition boundaries characterised analytically; and

5. the account is stated as falsifiable hypotheses with named disconfirmers.
The literature search reported in the source manuscript covered arXiv, SSRN, and scholarly indexes in July 2026 under the
paper’s terminology and older synonyms. That search is not exhaustive. The defensible novelty claim is therefore that this
specific synthesis and dynamical form were not found in the searched corpus, not that no related framework exists.

B Definitions, state space, and full model

B.1 Definitions

Definition B.1 (Organisational state). An organisational state is the latent configuration of organisational properties
that determines the organisation’s propensity to delegate consequential work to autonomous computational systems
under uncertainty. It is partially observed through routing, approval, incident, rollback, audit, and recovery behaviour.

Definition B.2 (Delegation order parameter). Fix consequential work𝑊 and a weight function 𝑤 specified ex ante
from a pre-registered sector taxonomy, with 𝑤𝑖 proportional to a stated consequence measure such as transaction value
or record sensitivity. Over an accounting window𝑊𝑡 , the delegation share is

𝑥(𝑡) =
∑
𝑖∈𝑊𝑡

𝑤𝑖 1[instance 𝑖 took effect without prior human approval]∑
𝑖∈𝑊𝑡

𝑤𝑖
∈ [0, 1] . (1)

Definition B.3 (Adoption state). An organisation is in the adoption state with respect to 𝑊 over a window 𝜏 if
𝑥(𝑡) ≥ 𝑥𝐴 throughout 𝜏, where 𝜏 is fixed ex ante and contains the organisation’s normal incident flow. Adoption is
sustained delegation maintained through routine failures.

Definition B.4 (Transition and regression). Let A be the region whose delegation coordinate satisfies 𝑥 ≥ 𝑥𝐴. An
adoption transition is movement from outside A to inside it, sustained over the prescribed window. An adoption
regression is the reverse movement, similarly sustained.

The order parameter is behavioural and independent of self-report. Consequence weighting excludes advisory use in
which a human approves every instance. The sustained criterion ensures that a system that delegates only until its first failure
has not yet established adoption. Familiar labels such as experimentation, pilot, controlled deployment, and autonomous
deployment may be represented as regions of state space, but the regions need not be totally ordered and movement need not
be monotone. The numerical model introduces a pilot floor 𝑥𝑝 > 0; this narrows its domain relative to the general definition.
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B.2 State representation and complementary controls
Write the state coordinates as

𝑆(𝑡) = (𝑥(𝑡), 𝑇 (𝑡), 𝐸 (𝑡), 𝑠1 (𝑡), . . . , 𝑠𝐾 (𝑡), . . .), 𝑆(𝑡 + 1) = 𝐹 (𝑆(𝑡), 𝜀(𝑡)).
The delegation share is directly measurable. Control components are auditable in principle. Confidence and evidence are
latent but produce behavioural signatures and, under the conditions of Theorem C.3, are exactly recoverable in the noiseless
known-parameter model.

Controls are represented by 𝑠 = (𝑠1, . . . , 𝑠𝐾 ) and aggregated by

𝑞(𝑠; 𝜌) = ©­« 1
𝐾

𝐾∑︁
𝑗=1

𝑠
𝜌
𝑗
ª®¬

1/𝜌

, 𝜌 ≤ 1, (2)

with the geometric mean at 𝜌 = 0. At 𝜌 = 1, components are perfect substitutes and adequacy is their arithmetic mean. For
𝜌 < 1, weak components increasingly dominate; as 𝜌 → −∞, 𝑞 approaches min 𝑗 𝑠 𝑗 . Illustrative control components include
verification coverage, permissioning and identity for computational agents, observability of agent actions, process redesign
around delegation, and staff capability. The theory requires interacting components but does not depend on that particular
taxonomy.

Conditional on delegation, incidents occur at a rate declining in 𝑞. The baseline intensity is 𝜆0 (1 − 𝑞)𝑥𝑡𝑀 , where 𝑀 is
consequential-work volume and 𝜆0 is a technology-dependent base rate. A capability improvement lowers 𝜆0 and moves the
boundary of the adoption region. It does not directly alter the organisation’s position 𝑠 or evidence stock 𝐸 .

B.3 Stochastic model
The numerical model uses state (𝑇, 𝑥, 𝐸) ∈ [0, 1] × [𝑥𝑝 , 1] × [0,∞) with 𝑠 held fixed within each experiment except where
stated. Let 𝜎(𝑧) = (1 + 𝑒−𝑧)−1 and let clip(𝑧, 𝑎, 𝑏) = min{𝑏,max{𝑎, 𝑧}}. Each period,

𝑁𝑡 ∼ Poisson(𝜆0 (1 − 𝑞)𝑥𝑡𝑀) , 𝑉𝑡 =

𝑁𝑡∑︁
𝑗=1

𝑣 𝑗 +𝑉 shock
𝑡 , 𝑣 𝑗 ∼ Exp(mean 𝜎̄), (3)

𝐷𝑡 = 1 + 𝑐𝐸𝐸𝑡 , (4)

𝑇𝑡+1 = clip
(
𝑇𝑡 + 𝛼𝑥𝑡 (1 − 𝑇𝑡 ) − 𝛽

𝐷𝑡
𝑇𝑡𝑉𝑡 − 𝜔(𝑇𝑡 − 𝑇0), 0, 1

)
, (5)

𝐸𝑡+1 = max
{
𝐸𝑡 + 𝑥2

𝑡 − 𝜖𝐸𝐸𝑡 , 0
}
, (6)

𝑥∗𝑡 = 𝑥𝑝 + (1 − 𝑥𝑝)𝜎(𝜅(𝑇𝑡 − 𝜃)) , (7)
𝑟𝑡 = 𝛿down + (𝛿up − 𝛿down)𝜎

(
𝑘𝑠 (𝑥∗𝑡 − 𝑥𝑡 )

)
, (8)

𝑥𝑡+1 = clip
(
𝑥𝑡 + 𝑟𝑡 (𝑥∗𝑡 − 𝑥𝑡 ), 𝑥𝑝 , 1

)
. (9)

The interpolation 𝑟𝑡 is smooth on the interior and approximates fast retrenchment when 𝑥∗𝑡 < 𝑥𝑡 and slow expansion when
𝑥∗𝑡 > 𝑥𝑡 . The deterministic skeleton replaces 𝑉𝑡 by its expectation 𝜆0 (1 − 𝑞)𝑥𝑡𝑀𝜎̄. An alternative accrual specification
replaces 𝑥2

𝑡 in Equation (6) by 𝑥2
𝑡 /(1 + 𝜙𝑉𝑡 ) so that incident-heavy periods contribute less to the evidence stock.

B.4 Baseline parameterisation

Table 1. Baseline parameters used in all numerical experiments in the source manuscript.

Parameter Value Parameter Value

𝐾 5 𝜆0 0.1
𝑀 1000 𝜎̄ 0.1
𝛼 0.2 𝛽 0.3
𝜔 0.02 𝑇0 0.15
𝜅 12 𝜃 0.5
𝛿up 0.15 𝛿down 0.9
𝑘𝑠 200 𝑥𝑝 0.03
𝜖𝐸 0.02 𝑐𝐸 0.15
𝜌 −2 adoption criterion 𝑥 > 0.5 for 12 periods

Periods are nominally months. The parameter values are chosen to exhibit the mechanism, not estimated from organisations.

C Exact transition geometry and proofs
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C.1 Fixed-point locus
For 𝑇 ∈ (0, 1) define

𝐴(𝑇) = 𝛼𝑥∗ (𝑇) (1 − 𝑇) − 𝜔(𝑇 − 𝑇0),
𝐵(𝑇) = 𝛽𝑇𝜆0𝑥

∗ (𝑇)𝑀𝜎̄,

𝐷 (𝑇) = 1 + 𝑐𝐸 𝑥
∗ (𝑇)2

𝜖𝐸
,

𝑄(𝑇) = 1 − 𝐷 (𝑇)𝐴(𝑇)
𝐵(𝑇) .

Here 𝐴 is net confidence gain absent incidents, 𝐵 scales expected incident loss, and 𝐷 is the damping supplied by the
equilibrium evidence stock.

Theorem C.1 (Exact fixed-point geometry). Consider the deterministic skeleton of Equations (3)–(9) at fixed control
adequacy 𝑞.

(i) A point (𝑇, 𝑥, 𝐸) with 𝑥 ∈ (𝑥𝑝 , 1) is a fixed point if and only if

𝑥 = 𝑥∗ (𝑇), 𝐸 =
𝑥∗ (𝑇)2

𝜖𝐸
, 𝑄(𝑇) = 𝑞.

(ii) Suppose 𝑄 is monotone on (0, 𝑇𝑎), (𝑇𝑎, 𝑇𝑏), and (𝑇𝑏, 1), with a strict local maximum 𝑞↑ = 𝑄(𝑇𝑎) and strict local
minimum 𝑞↓ = 𝑄(𝑇𝑏), and suppose both outer branches span (𝑞↓, 𝑞↑). Then every 𝑞 ∈ (𝑞↓, 𝑞↑) has at least three
fixed points.

(iii) In the reduced flow
¤𝑇 = 𝐴(𝑇) − (1 − 𝑞) 𝐵(𝑇)

𝐷 (𝑇) ,

obtained by placing 𝑥 and 𝐸 on their equilibrium relations, a fixed point with 𝑄′ (𝑇) > 0 is asymptotically stable
and one with 𝑄′ (𝑇) < 0 is unstable. If 𝑄′′ (𝑇) ≠ 0 at a fold, the fold is a saddle-node bifurcation. For the reduced
discrete map, local asymptotic stability holds when

0 < 𝑄′ (𝑇)𝐶 (𝑇) < 2, 𝐶 (𝑇) = 𝐵(𝑇)
𝐷 (𝑇) .

Proof. At a fixed point, Equation (6) gives 𝐸 = 𝑥2/𝜖𝐸 . Because the adjustment rate in Equation (8) is strictly positive,
Equation (9) forces 𝑥 = 𝑥∗ (𝑇). Substituting these relations into Equation (5), with incident volume replaced by its expectation
𝜆0 (1 − 𝑞)𝑥𝑀𝜎̄, gives

𝐴(𝑇) − (1 − 𝑞) 𝐵(𝑇)
𝐷 (𝑇) = 0,

which is equivalent to 𝑄(𝑇) = 𝑞 because 𝐵(𝑇) > 0 on the interior. This proves (i).
For (ii), 𝑄 is continuous. Each of the three monotone intervals contributes a solution of 𝑄(𝑇) = 𝑞 for 𝑞 strictly between

the local minimum and maximum, provided the two outer branches span that interval. The corresponding values of 𝑥 and 𝐸
follow from (i).

For (iii), write 𝑔(𝑇) = 𝐴(𝑇) − (1 − 𝑞)𝐶 (𝑇) with 𝐶 = 𝐵/𝐷 > 0. At equilibrium, 𝐴 = (1 − 𝑞)𝐶. Since 𝑄 = 1 − 𝐴/𝐶,

𝑔′ (𝑇) = −𝑄′ (𝑇)𝐶 (𝑇).

Thus the reduced flow is stable exactly where 𝑔′ < 0, equivalently 𝑄′ > 0, and unstable where 𝑄′ < 0. At a fold,
𝑔 = 𝑔′ = 0, while 𝑔′′ = −𝑄′′𝐶 ≠ 0 and 𝜕𝑔/𝜕𝑞 = 𝐶 > 0, giving the saddle-node normal form. For the reduced discrete map
𝑇𝑡+1 = 𝑇𝑡 + 𝑔(𝑇𝑡 ), local asymptotic stability requires |1 + 𝑔′ | < 1, or −2 < 𝑔′ < 0, which becomes 0 < 𝑄′𝐶 < 2.

The fixed-point characterisation in part (i) is exact for the full three-dimensional deterministic skeleton; no time-scale
approximation is used. The reduction enters only in the scalar stability statement. At the baseline parameters, the two folds
are

𝑞↑ = 0.8788, 𝑞↓ = 0.7906.

Forward simulation of the full skeleton locates thresholds at 0.8789 and 0.7903, respectively. The adjustment speeds 𝛿up,
𝛿down, and 𝑘𝑠 do not appear in 𝑄, so they affect transients but not the fixed-point thresholds.
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Corollary C.2 (The evidence stock generates the band). Wherever 𝐴(𝑇) > 0,

𝜕𝑄(𝑇)
𝜕𝑐𝐸

= −𝑥
∗ (𝑇)2

𝜖𝐸

𝐴(𝑇)
𝐵(𝑇) < 0.

The displacement is proportional to 𝑥∗ (𝑇)2, so stronger evidence buffering moves the high-delegation branch more
than the pilot branch. In the baseline model, the width 𝑞↑ − 𝑞↓ increases monotonically with 𝑐𝐸 and is zero at 𝑐𝐸 = 0.

Proof. Only 𝐷 (𝑇) = 1 + 𝑐𝐸𝑥∗ (𝑇)2/𝜖𝐸 depends on 𝑐𝐸 . Differentiating 𝑄 = 1 − 𝐷𝐴/𝐵 at fixed 𝑇 gives the displayed
derivative. Since 𝑥∗ (𝑇) is much larger on the adoption branch, the same increase in 𝑐𝐸 produces a larger vertical displacement
there. At 𝑐𝐸 = 0 the baseline locus has no interior folds, as confirmed both analytically and by deterministic simulation.

C.2 Full-map stability at the baseline fixed points
At 𝑞 = 0.835, the deterministic skeleton has fixed points

(𝑇, 𝑥, 𝐸) = (0.258, 0.080, 0.32) and (0.704, 0.923, 42.6),

corresponding to low-delegation and adoption states. At a fixed point, 𝑥 = 𝑥∗, so derivatives of 𝑟𝑡 with respect to 𝑥 vanish
in the product 𝑟𝑡 (𝑥∗𝑡 − 𝑥𝑡 ) and the mid-rate 𝑟 = (𝛿up + 𝛿down)/2 applies. Let 𝑣 = 𝜆0 (1 − 𝑞)𝑀𝜎̄ and 𝐷 = 1 + 𝑐𝐸𝐸 . The
Jacobian in coordinates (𝑇, 𝑥, 𝐸) is

𝐽 =
©­­­«

1 − 𝛼𝑥 − 𝛽

𝐷
𝑣𝑥 − 𝜔 𝛼(1 − 𝑇) − 𝛽

𝐷
𝑇𝑣

𝛽𝑐𝐸
𝐷2 𝑇𝑣𝑥

𝑟 (1 − 𝑥𝑝)𝜅𝜎′ (𝜅(𝑇 − 𝜃)) 1 − 𝑟 0
0 2𝑥 1 − 𝜖𝐸

ª®®®¬ .
For a characteristic polynomial 𝑧3 + 𝑎2𝑧

2 + 𝑎1𝑧 + 𝑎0, the Jury criteria evaluated in the source manuscript are:

Criterion Low-delegation Adoption

𝑃(1) > 0 5.5 × 10−4 2.0 × 10−3

𝑃(−1) < 0 −5.61 −5.05
|𝑎0 | < 1 0.423 0.337
|𝑎1 − 𝑎0𝑎2 | < 1 − 𝑎2

0 0.797 < 0.821 0.790 < 0.886

All four hold. The spectral radii are 0.983 and 0.986. The dominant eigenvalue is close to 1 − 𝜖𝐸 = 0.98, reflecting slow
evidence-stock decay rather than proximity to a bifurcation.

C.3 Exact observability of the latent state

Theorem C.3 (Exact observability). Let

𝑔∗ = max
𝑢>0

[𝜎(𝑢) + 𝑢𝜎′ (𝑢)] ≈ 1.0998.

If
𝛿down
𝛿up

<
𝑔∗

𝑔∗ − 1
≈ 11.0,

then the one-period delegation update is strictly increasing in the target delegation 𝑥∗𝑡 . Along any trajectory on which
clipping is inactive, 𝑇𝑡 ∈ (0, 1), 𝑥𝑡 ∈ (𝑥𝑝 , 1), and 𝑉𝑡 > 0, three consecutive observations of 𝑥 together with the incident
record identify (𝑇𝑡 , 𝐸𝑡 ) exactly.

Proof. For fixed 𝑥, write 𝑢 = 𝑘𝑠 (𝑥∗ − 𝑥) and

ℎ(𝑥∗) = 𝑥 + [
𝛿down + (𝛿up − 𝛿down)𝜎(𝑢)

] (𝑥∗ − 𝑥).
Then

ℎ′ (𝑥∗) = 𝛿down + (𝛿up − 𝛿down) [𝜎(𝑢) + 𝑢𝜎′ (𝑢)] .
For 𝑢 ≤ 0, the bracket is less than 1/2, so ℎ′ > (𝛿up + 𝛿down)/2 > 0. For 𝑢 > 0,

ℎ′ (𝑥∗) ≥ 𝛿down − (𝛿down − 𝛿up)𝑔∗,
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which is positive under the stated ratio bound. Strict monotonicity makes 𝑥∗𝑡 recoverable from (𝑥𝑡 , 𝑥𝑡+1). Equation (7) then
gives

𝑇𝑡 = 𝜃 + 𝜅−1 logit
(
𝑥∗𝑡 − 𝑥𝑝
1 − 𝑥𝑝

)
.

Applying the same inversion to (𝑥𝑡+1, 𝑥𝑡+2) yields 𝑇𝑡+1. From Equation (5),

𝐷𝑡 =
𝛽𝑇𝑡𝑉𝑡

𝑇𝑡 + 𝛼𝑥𝑡 (1 − 𝑇𝑡 ) − 𝜔(𝑇𝑡 − 𝑇0) − 𝑇𝑡+1
,

and Equation (4) gives 𝐸𝑡 = (𝐷𝑡 − 1)/𝑐𝐸 .

At the baseline retrenchment-to-expansion ratio of six, the condition holds with margin. At ratio twelve, it fails and
delegation behaviour need not be invertible. Thus the asymmetry that makes regression abrupt can, if too extreme, make the
latent state unidentifiable from behaviour alone. The empirical filtering problem is the noisy, parameter-uncertain version of
this exact inversion.

C.4 Why collapse is not classical critical slowing down
At the high-delegation adoption fixed point, the dominant eigenvalue is governed mainly by slow evidence decay and changes
little as 𝑞 approaches 𝑞↓. A severe incident can push the state across the basin boundary while local restoring forces remain
finite. The model therefore predicts rising variance as the basin shrinks but not necessarily the rising lag-1 autocorrelation
characteristic of quasi-static passage through a fold [53]. This distinction narrows the early-warning claim in Appendix E.

D Numerical illustrations and robustness

D.1 Experiment designs
The source manuscript reports five experiments under one parameter set and no per-experiment tuning:

E1: deterministic hysteresis sweep.
Sweep 𝑞 ∈ [0.5, 1] from low-delegation initial conditions (𝑇0, 𝑥𝑝 , 0) and from adoption-state initial conditions
(0.9, 0.9, 0.81/𝜖𝐸) until convergence.

E2: matched-mean configurations.
Simulate 1,200 organisations whose control vectors have arithmetic mean exactly 0.90 but differ in balance, for 360
periods from low-delegation initial conditions.

E3: incident regression.
Simulate 200 organisations in the adoption state at 𝑞 = 0.835 for 480 periods, injecting at period 240 a severity-30
shock, 300 times the mean routine incident. Compare a surviving-stock arm, a destroyed-stock arm, and 200 no-shock
controls.

E4: equifinality.
Simulate 300 organisations with heterogeneous initial controls, heterogeneous aspiration caps, and randomised
sequential investment paths over 360 periods.

E5: early warning.
Simulate 200 organisations in the adoption state while ramping 𝑞 from 0.95 to 0.70 over 600 periods, comparing
detrended forty-period windows far from and immediately before exit.

D.2 Reported results
E2 is deliberately designed so that an additive aggregate cannot discriminate: every organisation has the same arithmetic
mean. It therefore demonstrates a mechanism-level separation, not a statistical comparison in observational data. The
flat profile likelihood cautions against claiming precise recovery of the CES elasticity. E3 contains both an analytic and
a simulated component. If the stock is reset to zero at a 𝑞 inside the baseline band, re-entry requires crossing 𝑞↑ and is
therefore impossible at unchanged 𝑞; the recovery rate in the surviving-stock arm is the stochastic output.

D.3 Band-width comparative static
The agreement is to the third decimal across the sweep. At 𝑐𝐸 = 0, entry and exit coincide at approximately 𝑞 = 0.941 in
simulation.

Decis ion Superintel l igence Labs 9



Enterprise AI Adoption as an Organisational State Transition

Table 2. Numerical results reported in the source manuscript. They illustrate sufficiency of the mechanism; they are not estimates of
organisational magnitudes.

Experiment Result

E1 Analytic folds 𝑞↑ = 0.8788 and 𝑞↓ = 0.7906; simulated thresholds 0.8789 and 0.7903. Near the entry
threshold, time to transition rises sharply: 45 periods at 𝑞 = 0.99, 111 at 0.92, 200 at 0.90, 332 at
0.89, and 507 at 0.885.

E2 Despite identical arithmetic means, 41.9% reach the adoption state. Rates rise from 27% in the
weakest-component tercile to 56% in the strongest. An additive classifier is at chance by construction
(AUC 0.510); the data-generating CES aggregate reaches AUC 0.671. The additive value 𝜌 = 1 is
55.5 log-likelihood points below the maximum, but the likelihood is nearly flat over 𝜌 ∈ [−8, 0.5], so
the direction is identified more strongly than the elasticity.

E3 All 200 shocked organisations regress and all 200 unshocked controls remain in the adoption state.
When the evidence stock is destroyed, none recover inside the horizon. When it survives, 93% recover,
with a median of 63 periods below the threshold.

E4 112 of 300 organisations reach the adoption state. Adopter control vectors are about as dispersed as
non-adopter vectors (mean pairwise dispersion 0.121 versus 0.126), while the weakest component is
higher among adopters (0.887 versus 0.869).

E5 Variance of detrended delegation fluctuations rises by a factor of 105 in the forty periods before
collapse, while lag-1 autocorrelation is close to unchanged (0.79 versus 0.80).

Table 3. Hysteresis-band width against evidence buffering. Analytic values are fold ordinates of 𝑄; simulated values come from the
deterministic skeleton.

𝑐𝐸 0.00 0.05 0.10 0.15 0.20 0.30

Analytic width 0.000 0.004 0.042 0.088 0.137 0.239
Simulated width 0.000 0.005 0.043 0.089 0.138 0.239

D.4 Robustness variants
When evidence accrual is damped by incident flow with 𝜙 = 0.3, the band narrows to [0.836, 0.881]. Repeating E3 at
𝑞 = 0.858, 200 of 200 organisations regress; 58% recover when the stock survives, with median 71 periods below threshold,
and none recover when it is destroyed. Thus the qualitative structure survives while magnitudes shift.

Sweeping the retrenchment-to-expansion ratio over 2, 4, 6, 9, and 12 leaves both thresholds unchanged, as Theorem C.1
requires. Transients vary: recovery within the horizon declines from 100% at ratio two to 66% at ratio twelve, and a pure
confidence excursion fails to become a full regression at ratio two because delegation retreats slowly enough for confidence
to recover first. Ratio twelve lies just beyond the observability bound in Theorem C.3.

E Hypotheses, measurement, and empirical identification

E.1 Full hypothesis set
Each hypothesis is conditional on a population and measurement design capable of observing the relevant state signature.

H1: Capability events do not relocate organisations.
Shared capability improvements, such as frontier-model releases or price reductions, should predict transitions weakly
relative to the organisation’s prior control configuration. Transition hazard should load on configuration rather than
cluster tightly around the capability calendar. The hypothesis is disconfirmed if heterogeneous organisations transition
together around shared releases after conditioning on controls.

H2: Interactions dominate.
Models with interaction structure, whether the CES form with 𝜌 < 1 or flexible equivalents, should outperform
additive maturity scores out of sample. The weakest component should carry predictive information not captured by
the mean. The claim is directional: the theory requires rejection of the additive case, not precise recovery of one
elasticity. It is disconfirmed if additive models match interaction models or if 𝜌̂ is indistinguishable from one in
adequately powered data.

H3: Threshold behaviour.
In a population whose control-adequacy distribution places meaningful mass across the transition band, the distribution
of sustained delegation should be bimodal, with mass near a pilot floor and in the adoption region. Time to transition
should increase sharply near the entry threshold. The population condition matters: a sample entirely above both
thresholds may be unimodal-high without contradicting the mechanism. The hypothesis is disconfirmed by a
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continuously filled, unimodal delegation distribution in a population known to span the boundary.

H4: Incident-triggered regression and conditional recovery.
Severe incidents should trigger sustained regression at unchanged audited controls; regression should be faster than
the expansion that preceded it; and recovery should depend on survival of the institutional evidence stock. The
source manuscript pre-commits to treating the mechanism as disconfirmed if destroyed-record organisations recover at
unchanged controls at least half as often as surviving-record organisations, because the baseline model places the
former near zero and the latter in a large majority.

H5: Configurational equifinality.
Organisations in the adoption state should not share a unique control configuration. Adopter configurations may be
about as dispersed as non-adopter configurations, while adopters share a higher floor on their weakest component
or an equivalent complementary aggregate. The hypothesis is disconfirmed if adoption concentrates in one narrow
configuration or if adopters’ weakest components are indistinguishable from those of non-adopters at matched means.

A secondary early-warning prediction follows from the shock-driven exit mechanism: variance of detrended delegation
fluctuations should rise before regression, but lag-1 autocorrelation need not. Because eroding 𝑞 also raises incident forcing
in the baseline model, the variance increase combines a shrinking basin with stronger shocks and should not be interpreted
as a pure critical-slowing-down signature.

E.2 Measurement protocol
The dependent variable is Equation (1). A workable data construction requires the following fields: Enterprise orchestration

Table 4. Illustrative data dictionary for measuring enterprise delegation.

Construct Observable fields Pre-registration requirement

Task universe𝑊 Task class, workflow identifier, timestamp, organisa-
tional unit

Define consequential work before
outcome analysis

Human ratification Approval event, pre-approval policy, human touch
before effect, exception override

Specify what counts as prior ratifi-
cation for each task class

Consequence weight 𝑤𝑖 Transaction value, record sensitivity, legal commitment,
customer or operational exposure

Publish weighting rule and sensi-
tivity analyses

Delegation share 𝑥 Weighted autonomous instances divided by total
weighted instances

Fix accounting window and
missing-data rule

Adoption 𝑥 ≥ 𝑥𝐴 over a sustained window Fix 𝑥𝐴, window length, and normal
incident-flow criterion

Controls 𝑠 𝑗 Permissioning, observability, verification, process de-
sign, staff capability, audit coverage

Fix taxonomy and scoring protocol

Incidents Severity, timing, affected task class, rollback, financial
or operational consequence

Fix severity scale and event-
inclusion rule

Evidence survival Availability and organisational credibility of decision
records, outcome histories, post-mortems, and audit
trails after the incident

Define survival independently of
recovery outcome

and governance platforms can in principle provide the relevant action, approval, rollback, and incident records; vendor
usage data already distinguish automation-shaped from augmentation-shaped usage at the API level [2]. Survey instruments
cannot substitute for the order parameter because binary AI-use questions are sensitive to wording and do not distinguish
advisory use from consequential delegation [1]. Early firm-level work on AI delegation and oversight suggests the construct
is becoming measurable [15, 62].

E.3 Identification designs
Longitudinal platform panel. Construct monthly delegation shares and quarterly control audits for organisations on
a common platform. H2 can be tested by nested or flexible interaction models, profile-likelihood intervals for 𝜌, and
held-out prediction. H3 can be tested through multimodality statistics, mixture diagnostics, and configuration-dependent
transition hazards. H5 can be tested by comparing pairwise configuration dispersion and weakest-component distributions
among adopters and non-adopters. The main challenge is distinguishing genuine bistability from persistent mover–stayer
heterogeneity. Within-organisation evidence is decisive: the same organisation remaining stable at a 𝑞 below its historical
entry point is more diagnostic than a cross-sectional mixture.
Incident event studies. Use severity-graded events from internal incident registers, insurer claims, or public repositories.
Compare delegation trajectories in affected organisations with matched controls and estimate the interaction between incident
exposure and evidence-stock survival. The central prediction is the interaction itself; a negative incident effect alone does
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not test the mechanism. Post-incident reorganisations create both substantive variation and measurement risk: they may
destroy the evidence stock while also changing staff, process, or formal controls.
Shared capability events and natural experiments. Frontier-model releases and common price changes affect
technology parameters broadly and can test whether transitions cluster around capability events or depend on prior
organisational configuration. Regulatory timetables can shift the cost or timing of specific control investments across sectors
and jurisdictions, providing candidate instruments for configuration. Any use of current legal timetables should be re-verified
at the time of empirical execution; the source manuscript’s 2026 policy statements are not themselves an identification result.
Prospective early-warning study. Track detrended delegation fluctuations in organisations near regression and compare
them with matched organisations that remain in the adoption state. Test variance and lag-1 autocorrelation separately. A
finding that autocorrelation, rather than variance, provides the reliable signal would revise the shock-driven mechanism even
if regression remains state-like.

E.4 Feasibility and threats to validity
No public dataset currently contains the complete order parameter and control history. Three access paths are plausible:
single-vendor research partnerships; multi-vendor consortia through industry bodies, insurers, or regulators; and population-
scale business surveys containing behavioural delegation modules. The last cannot reproduce workflow-level 𝑥 exactly but
may detect bimodality through pre-approval requirements, autonomous transaction shares, and rollback behaviour.

The main threats are:

1. Reverse causality. Delegation can induce control investment as well as result from it. Longitudinal timing, regulatory
shocks, and incident studies are preferable to cross-section alone.

2. Selection. Platform records sample organisations that adopted a particular platform. Population survey modules and
multi-vendor designs are needed to assess transportability.

3. Construct validity. Without a pre-registered consequential-work taxonomy, the order parameter collapses into another
measure of general AI use.

4. Unobserved heterogeneity. A mixture of intrinsically different organisation types can mimic cross-sectional bimodality.
History dependence within the same organisation is the key discriminator.

5. Auxiliary functional forms. Logistic authorisation, superlinear accrual, and the chosen damping function are model
conveniences. Failure of one form should revise the model without automatically rejecting the broader state-transition
claim; failure of the core dynamical signatures should reject it.

Pilot abandonment must not be used as a direct proxy for regression from the adoption state. The model begins at a positive
pilot floor and contains no decision to stop piloting; its object is exit after sustained consequential delegation.

F Implications, limitations, and future programme

F.1 Theoretical implications
If enterprise AI adoption is maintained by feedback, binary AI-use variables and single maturity scores omit the objects
governing dynamics. The relevant quantities are the delegation order parameter, the transition boundary, basin membership,
and the evidence stock. The historical analogy with electrification and information technology becomes more precise:
coordinated complements are required to cross a boundary, so partial investment can appear unproductive until the transition
occurs. The present transition may differ from capital-intensive predecessors because institutional confidence can be erased
by an incident even when installed technical capability remains. The historical comparison is a conjecture, not a demonstrated
result.

The framework also separates capability from organisational position. A model release can reduce the base failure rate
and move the boundary without changing controls, evidence, or confidence. This gives a reason for shared technical progress
to yield heterogeneous organisational outcomes without assuming that some organisations lack access to the technology.

F.2 Practical implications
The practical conclusions follow from the model geometry and are not yet empirical prescriptions.

1. At matched budgets, investment in a weak complementary control can dominate further improvement in an already
strong component. Averaged scorecards may measure the wrong moment of the control distribution.

2. An organisation just above its entry threshold can take much longer to reach the adoption state than one well above it. A
long flat period need not imply that coordinated investment has no value, though the model does not identify the optimal
investment policy.
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3. Decision records, audited outcome histories, calibrated expectations, and post-mortem records should persist indepen-
dently of the vendor, system, team, or reorganisation that generated them. In the model, their durability determines the
width of the hysteresis band and whether recovery after a severe incident remains feasible at unchanged controls.

The source model deliberately excludes organisational intervention. Once investment, process redesign, and incident
response enter as control inputs, the problem changes from explaining state transitions to choosing policies that move or
keep the organisation inside the adoption basin.

F.3 Limitations
The parameterisation is illustrative and no numerical magnitude in Appendix D is an estimate of a firm. The control
taxonomy is not validated. The model concerns systems autonomous enough to fail consequentially and does not address
ordinary drafting, summarisation, retrieval, or decision support under universal human ratification. The mechanism is
sufficient, not claimed to be unique. Bistability in a stylised model does not establish bimodality in organisations.

The theory should be abandoned or substantially revised if appropriately measured data show that additive models predict
as well as interaction models, sustained delegation is continuous rather than state-like in populations spanning the proposed
threshold, within-organisation hysteresis is absent, incident regression does not occur at unchanged controls, or recovery does
not interact with evidence-record survival. The explicit failure conditions prevent the latent-state language from insulating
the account against evidence.

F.4 Future research programme
Four questions follow if the empirical signatures survive.

State estimation.
Estimate latent confidence and evidence from noisy histories of delegation, approvals, incidents, and recovery.
Theorem C.3 solves only the noiseless known-parameter case; the practical problem is nonlinear filtering with
parameter uncertainty, followed by validation through predicted dynamics [36].

Boundary estimation.
Estimate entry and exit thresholds and distinguish true hysteresis from unobserved types using panel threshold methods,
transition hazards, and within-organisation history [32].

Organisational control.
Treat interventions as control inputs and study reachability of the adoption region, least-cost paths across the entry
boundary, sequencing towards weak components, and incident-response policies that preserve basin membership.

Adaptive enterprise systems.
Compose state estimation, boundary location, intervention choice, and response observation into a closed loop. The
open governance question is whether such a loop can operate safely, at what cadence, and with what division of
authority between the observing system and the institution it models.

G Reproducibility and restructuring record

The source manuscript states that code and a results.json file accompany the paper and that all numerical values are
generated from one parameter set with fixed seeds. Those files were not included with the PDF supplied for this restructuring.
This revision therefore does not claim to reproduce the original stochastic experiments independently.

The revision package includes:
■ one consolidated LaTeX source containing the main body and technical appendices;

■ the bibliography used by the restructured manuscript;

■ a vector mechanism-and-geometry figure;

■ the data file used to draw the baseline fixed-point locus; and

■ a Python script that recomputes the analytic locus, fold locations, and band-width table from the equations and baseline
parameters.

The stochastic experiment values in Table 2 are retained from the supplied source manuscript. A submission version should
reconnect the original simulation artefact, confirm that section and figure identifiers match the new structure, and record its
repository identifier, version, licence, environment, seeds, and checksums.
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