
.     
.
              . 
                     
	.
..


Original Research Article
The Coordination Compression Trap: A Dynamic Model of AI-Enabled Productivity, Verification Debt, and Organisational Resilience in Global Knowledge Firms
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ABSTRACT
Aims: This study develops and evaluates a dynamic model explaining why artificial intelligence can compress coordination time while simultaneously creating hidden organisational fragility. It introduces verification debt, a stock of unverified assumptions, weakly reviewed outputs, concealed dependencies, and deferred human validation.
Study design: Analytical model development with a longitudinal Monte Carlo computational experiment.
Place and Duration of Study: Singapore; model development, simulation, and analysis were conducted in July 2026.
Methodology: The model links automation intensity, governance, verification, human expertise, environmental uncertainty, shock exposure, and organisational resilience. Five governance regimes were evaluated over 60 periods using 5,000 synthetic firms per regime, producing 25,000 firm-regime trajectories and 1.5 million firm-period observations. Common random numbers were used for controlled comparison. Outcomes included cumulative incremental value, verification debt, expertise, resilience, maximum drawdown, and a composite fragility incidence.
Results: Verified autonomy generated the highest mean cumulative value at 454.9 normalised units, with a 2.5th to 97.5th percentile interval of 424.6 to 484.5. Debt-responsive governance ranked second at 420.0 units, with an interval of 388.1 to 450.3. Acceleration-first adoption initially produced the largest short-run gains but ended at only 3.8 units, accumulated final verification debt of 2.55, reduced expertise to 0.18, and generated fragility in 82.94% of trajectories. Its cumulative value was negative in 41.40% of trajectories. Verified autonomy ranked first in all 18 one-way sensitivity scenarios.
Conclusion: AI productivity is not determined by automation intensity alone. Sustainable value depends on whether verification and governance capacity scale rapidly enough to repay verification debt, preserve expertise, and maintain resilience. The highest-value regime is neither maximal automation nor maximal compliance, but verified autonomy supported by adaptive assurance.
Keywords: Artificial intelligence; organisational resilience; verification debt; productivity; AI governance; knowledge firms; Monte Carlo simulation; human-AI collaboration
[bookmark: introduction]1. INTRODUCTION
Generative and agentic artificial intelligence have shifted the managerial question from whether machines can assist knowledge work to how organisations should redesign authority, verification, and learning around machine-generated outputs. Controlled studies demonstrate that generative AI can improve the speed and quality of selected writing and customer-support tasks (Noy & Zhang, 2023; Brynjolfsson et al., 2025). Yet the productivity effect is uneven. Performance varies with task structure, worker experience, model capability, organisational context, and whether a task falls inside or outside the technology’s competence boundary (Dell’Acqua et al., 2023). At the macroeconomic level, the translation from technical capability to aggregate productivity is also constrained by adoption timing, task exposure, complementary investment, and institutional absorption (Acemoglu, 2024; OECD, 2025a).
This unevenness creates a central problem for global knowledge firms. Artificial intelligence can remove friction from search, drafting, summarisation, translation, scheduling, documentation, handoffs, and routine analysis. These gains can be described as coordination compression, meaning a reduction in the time and effort required to connect information, people, decisions, and workflows. Coordination compression is strategically valuable because a substantial portion of knowledge work is not direct production. It consists of locating context, reconciling versions, waiting for responses, preparing materials, translating expert knowledge, and moving work across organisational boundaries.
However, the same mechanisms can weaken the organisation’s ability to know whether work is correct. Machine-generated outputs may contain subtle factual errors, unsupported assumptions, omitted constraints, or plausible but unsuitable recommendations. When output volume rises faster than review capacity, the organisation may record immediate time savings while accumulating obligations that have not been properly checked. Conventional technical-debt research shows that short-term system expediency can produce long-term maintenance burdens (Sculley et al., 2015). Organisational research similarly shows that automation can generate new monitoring burdens, alter professional jurisdiction, and redistribute control rather than simply eliminate work (Bainbridge, 1983; Kellogg et al., 2020; van den Broek et al., 2021). These observations suggest a distinct stock variable that is not adequately captured by model error rates, compliance checklists, or labour-substitution measures.
This paper defines verification debt as the accumulated stock of unverified assumptions, insufficiently reviewed outputs, concealed system dependencies, weak evidence trails, deferred exception handling, and eroded human capability that must eventually be repaid through checking, correction, retraining, redesign, or incident recovery. Verification debt is organisational rather than merely technical. It can arise even when the underlying AI model is functioning as designed. For example, a persuasive market analysis may be accepted without source inspection, a policy draft may propagate an outdated requirement, or an AI agent may coordinate several locally reasonable actions whose combined consequence is inappropriate. Each individual output can appear efficient while the enterprise system becomes less inspectable and less resilient.
The concept addresses a gap between task-level productivity and system-level value. Prior research has explained human-AI complementarity (Jarrahi, 2018; Dellermann et al., 2019), the automation-augmentation paradox (Raisch & Krakowski, 2021), algorithmic control (Kellogg et al., 2020), organisational decision structures for AI (Shrestha et al., 2019), and the need to coordinate human and machine learning (Sturm et al., 2021). Recent work by Tan (2026a) formalised an AI productivity-governance frontier in which value depends jointly on autonomy, absorptive capacity, human judgement, and governance. Tan (2026b) further showed that runtime assurance can reduce autonomy-risk exposure by separating planning from execution authority. The present study extends these lines of inquiry by adding an endogenous debt stock and modelling how that stock interacts with expertise, resilience, and shocks over time.
The study is guided by four research questions:
1. How do automation intensity, governance, verification, and human expertise jointly determine cumulative organisational value?
1. Under what conditions does beneficial coordination compression become a coordination compression trap?
1. Which governance regimes best balance productivity, assurance cost, learning, and resilience?
1. Are comparative regime rankings robust to plausible changes in key structural parameters?
The paper makes five contributions. First, it introduces verification debt as a measurable dynamic construct connecting AI productivity, organisational learning, and resilience. Second, it distinguishes coordination compression from net value, thereby preventing time savings from being treated as equivalent to realised enterprise gains. Third, it formalises an assurance threshold that separates debt-repaying from debt-accumulating configurations. Fourth, it provides a reproducible computational experiment comparing five strategically interpretable governance regimes. Fifth, it develops managerial and policy implications for firms operating across jurisdictions, where language, regulation, time zones, and distributed decision rights can amplify both AI value and verification difficulty.
[bookmark: methodology]2. METHODOLOGY
[bookmark: research-design]2.1 Research Design
The study uses analytical model development followed by a longitudinal Monte Carlo computational experiment. This design is appropriate because verification debt is a newly proposed construct and no established firm-level panel currently measures its full stock and flow. The objective is therefore not to estimate real-world causal coefficients. It is to evaluate the internal logic, dynamic consequences, comparative regime performance, and sensitivity of a transparent formal model.
The unit of analysis is a synthetic global knowledge firm. Each firm represents an organisation whose output depends materially on research, documentation, communication, professional judgement, analytical coordination, or digitally mediated services. Examples include consulting, financial services, education, legal services, technology, public administration, healthcare administration, and multinational corporate functions. Firms are simulated for 60 periods. A period may be interpreted as a month or quarter depending on the operational cadence, but the numerical results are dimensionless and should not be read as forecasts for a particular calendar horizon.
All monetary and productivity outcomes are expressed as normalised incremental value units relative to a baseline output index of 100 per period. The simulation uses synthetic distributions rather than observed firm data. It does not create estimates of actual accident probability, profitability, labour displacement, or regulatory risk. Its purpose is structured theory testing and decision comparison.
Figure 1 summarises the proposed causal architecture. AI-enabled delegation creates a positive pathway through coordination compression and gross productivity. It also creates a negative pathway through verification debt, error propagation, expertise erosion, and shock-amplified fragility. Governance, verification, and expertise form an assurance loop that can repay debt, preserve adaptive capacity, and support safer delegation.
[image: figures/figure1_conceptual_model.png]
Fig. 1. Conceptual model of coordination compression, verification debt, and the assurance loop.
[bookmark: constructs-and-state-variables]2.2 Constructs and State Variables
Table 1 defines the principal variables. Automation intensity, governance intensity, and verification intensity are decision variables bounded between zero and one. Verification debt, human expertise, and organisational resilience are endogenous state variables. Task fit and environmental uncertainty vary stochastically by firm and period. A shock process converts latent fragility into realised loss.
Table 1. Model constructs and operational definitions
	Symbol
	Construct
	Operational meaning
	Range

	aₜ
	Automation intensity
	Share and consequentiality of work delegated to AI-enabled systems
	[0, 1]

	gₜ
	Governance intensity
	Strength of decision rights, policy gates, logging, escalation, and accountability
	[0, 1]

	vₜ
	Verification intensity
	Proportion and depth of output checking, evidence review, testing, and challenge
	[0, 1]

	fₜ
	Task fit
	Suitability of the current task portfolio for reliable AI delegation
	[0, 1]

	uₜ
	Environmental uncertainty
	Volatility, ambiguity, novelty, and external change affecting the task environment
	[0, 1]

	Dₜ
	Verification debt
	Accumulated unverified assumptions, weak review, hidden dependencies, and deferred validation
	[0, ∞)

	Hₜ
	Human expertise
	Retained capability to understand, verify, contest, and correct AI-mediated work
	[0.18, 0.98]

	Rₜ
	Organisational resilience
	Capacity to absorb shocks, recover, and continue effective operations
	[0.05, 0.98]

	NVₜ
	Net incremental value
	Gross AI-enabled gain less governance, verification, debt, and shock costs
	Real-valued


[bookmark: core-assumptions]2.3 Core Assumptions
Six assumptions structure the model.
A1: Delegation has immediate productive potential. For suitable tasks, greater automation reduces coordination time and increases output. This assumption is consistent with evidence that generative AI can improve task speed and quality in bounded settings (Noy & Zhang, 2023; Brynjolfsson et al., 2025).
A2: Productive gains depend on task fit and retained expertise. AI assistance is not equally useful for all tasks. Human expertise improves task framing, contextual judgement, error detection, and integration. The model therefore rejects a uniform productivity coefficient across tasks and firms.
A3: Verification debt accumulates nonlinearly. High automation combined with weak governance and verification creates more than proportionate debt because errors and assumptions can propagate across linked workflows. The convex automation exponent represents scaling complexity, not a claim about a universal empirical law.
A4: Verification can produce learning. Verification is not treated only as a cost. When humans inspect outputs, compare evidence, diagnose failure, and revise workflows, they can strengthen expertise and organisational learning. This assumption follows research on hybrid intelligence and coordinated human-machine learning (Dellermann et al., 2019; Sturm et al., 2021).
A5: Unverified delegation can erode expertise. Repeated answer-first use reduces opportunities for practice, independent reasoning, and diagnostic feedback. This mechanism reflects the classic ironies of automation, in which operators may be asked to intervene precisely after routine involvement has declined (Bainbridge, 1983; Parasuraman & Riley, 1997).
A6: Shocks reveal accumulated fragility. Verification debt may remain latent during normal operations. Environmental shocks, unusual cases, regulatory changes, adversarial conditions, or correlated system failures expose hidden assumptions and magnify losses. Resilience reduces but does not eliminate these losses.
[bookmark: Xa5b790d483a126258a4b2e12b10c7dd70f1c634]2.4 Coordination Compression and Gross Productivity
Coordination compression is defined as:
	
	(1)


The term  captures the amount of suitable work delegated. The expertise term recognises that skilled workers can prompt, contextualise, combine, and evaluate AI outputs more effectively. The governance term introduces modest process friction because controls, documentation, and approvals consume time. Governance therefore reduces raw compression, although it can increase net value by reducing debt and shock losses.
Gross productivity gain is:
	
	(2)


where  is the baseline output index. The first component is direct coordination compression. The second represents expertise-enabled complementarity. The third represents an assurance-enabled scalability premium: governed and verified systems can be used more extensively in consequential workflows because their actions are more inspectable and defensible.
The model therefore separates gross productivity from net incremental value. A strategy can produce high  while destroying value through verification costs, debt accumulation, expertise erosion, or shock losses. This distinction is central to the coordination compression trap.
[bookmark: verification-debt-dynamics]2.5 Verification Debt Dynamics
Verification debt evolves according to:
	
	(3)


The debt-inflow component is:
	
	(3a)


The assurance-repayment component is:
	
	(3b)


The first term in Equation (3) allows a fraction  of debt to decay through ordinary correction and obsolescence. Debt inflow increases with automation and uncertainty, and decreases with governance, verification, and expertise. Exponents , , and  permit nonlinear accumulation. Repayment represents deliberate assurance work, including source checking, red-team review, testing, approval, exception analysis, audit logging, and corrective learning.
An assurance adequacy ratio can be defined as:
	
	(4)


where  is a small stabilising constant. When , current assurance repayment equals or exceeds current debt inflow. Existing debt then declines through the depreciation term, subject to the non-negativity constraint. When , debt can accumulate, particularly when the gap is persistent.
Proposition 1: Assurance threshold. For fixed , , , and , there exists a unique minimum verification intensity  at which current debt inflow equals current debt repayment.
Reasoning. The inflow side of Equation (3) is continuous and strictly decreasing in , while the repayment side is continuous and strictly increasing in . At , repayment is zero and inflow is positive. As  approaches one, inflow approaches zero and repayment remains positive. A unique intersection therefore exists. This threshold is higher when automation or uncertainty increases and lower when governance or expertise increases.
This proposition provides a managerial interpretation. A firm cannot safely scale automation while leaving verification capacity unchanged. Every increase in delegated scope changes the verification intensity required to prevent debt accumulation.
[bookmark: human-expertise-dynamics]2.6 Human Expertise Dynamics
Human expertise evolves as:
	
	(5)


where  projects the state into the admissible interval. The first positive term represents verified learning while using AI. The second represents capability maintenance through verified human-led work. The negative term captures deskilling when automation is high and verification is weak. The final term provides mean reversion toward a baseline capability level.
Governance slightly attenuates the learning benefit of verified use through  because overly procedural review can become box-ticking rather than substantive learning. This does not imply that governance is harmful. It captures the difference between an assurance process that invites diagnosis and one that only documents compliance. The compliance-heavy regime can therefore preserve safety while producing less net value than a more balanced regime.
[bookmark: organisational-resilience-and-shock-loss]2.7 Organisational Resilience and Shock Loss
The desired resilience level is:
	
	(6)


Actual resilience adjusts gradually and can be reduced by realised shocks:
	
	(7)


The shock indicator  follows:
	
	(8)


Conditional shock severity  is lognormally distributed. Realised shock loss is:
	
	(9)


Debt increases shock loss because unresolved assumptions and weak evidence make unusual events harder to diagnose and contain. Resilience reduces the amplification. The model thereby distinguishes shock exposure from shock absorption. Governance contributes to both by lowering the probability of uncontrolled action and strengthening the organisation’s response capacity.
[bookmark: X8a5f3093f017fe8160cfb9ad0443aee04e4fb94]2.8 Net Incremental Value and the Trap Condition
Net incremental value is:
	
	(10)


The normalised operating and debt-cost function is:
	
	(10a)


Here,  is zero-mean productivity noise. Automation, governance, and verification all have costs. Automation includes a convex scaling cost to represent integration complexity. Governance and verification have direct operating costs. The interaction  captures the greater verification workload created when more work is delegated. Debt generates routine rework and coordination costs even before a major incident occurs.
Cumulative value under regime  is:
	
	(11)


A coordination compression trap exists when increasing automation has a positive immediate effect on gross productivity but a negative effect on expected cumulative value over the relevant horizon:
	
	(12)


The first inequality is readily satisfied for suitable tasks. The second can arise because higher automation raises debt inflow, verification workload, scaling cost, deskilling, and shock amplification. The trap is therefore a dynamic reversal: the organisation observes faster work and interprets it as durable productivity, while the model’s state variables are moving toward lower future value.
Proposition 2: Dynamic reversal. Holding governance and verification below their assurance threshold, an increase in automation can raise current productivity while lowering long-horizon expected value. The likelihood of reversal increases with uncertainty, the convexity of debt accumulation, the strength of expertise erosion, and the sensitivity of shock loss to debt.
This proposition does not claim that automation is generally harmful. It specifies why automation intensity cannot be evaluated independently of assurance capacity and time horizon.
[bookmark: governance-regimes]2.9 Governance Regimes
Five regimes were selected to represent common strategic postures. Table 2 shows their settings. The first four use fixed policies. The fifth adjusts automation, governance, and verification in response to debt, uncertainty, and resilience.
Table 2. Governance regimes evaluated in the computational experiment
	Regime
	Automation
(a)
	Governance
(g)
	Verification
(v)
	Strategic interpretation

	Acceleration-first
	0.90
	0.25
	0.30
	Maximise speed and delegation with limited assurance

	Compliance-heavy
	0.55
	0.85
	0.82
	Emphasise formal controls and extensive review

	Verified autonomy
	0.78
	0.68
	0.72
	Scale automation with strong but selective assurance

	Human-centred augmentation
	0.62
	0.58
	0.88
	Preserve human judgement through intensive verification

	Debt-responsive governance
	Adaptive
	Adaptive
	Adaptive
	Increase assurance and moderate automation as debt and uncertainty rise


The adaptive regime follows:
	
	(13)

	
	(14)

	
	(15)


This policy is intentionally simple and interpretable. It does not optimise through foresight. It behaves as a feedback controller: debt and uncertainty trigger stronger governance and verification, while automation is moderated when debt rises or resilience weakens.
[bookmark: parameterisation-and-stochastic-inputs]2.10 Parameterisation and Stochastic Inputs
Table 3 reports the structural parameters. Values were selected to generate internally coherent dynamics across the admissible state space, not to reproduce a specific industry. Initial conditions were , , and . Task fit followed a beta distribution with parameters 5.0 and 2.2, creating a portfolio tilted toward AI-suitable tasks. Environmental uncertainty followed a beta distribution with parameters 2.2 and 5.0. Shock severity followed a lognormal distribution with log mean  and log standard deviation 0.55. Productivity noise was normally distributed with mean zero and standard deviation 0.70.
Table 3. Principal structural parameter values
	Parameter
	Value
	Interpretation

	Y0
	100.000
	Baseline output index per period

	α0, αH, αG
	0.620, 0.380, 0.130
	Coordination-compression parameters

	βC, βH, βA
	0.155, 0.055, 0.028
	Productivity pathway coefficients

	δD
	0.085
	Natural verification-debt decay

	λ, ρ, σ, ω
	0.440, 1.650, 1.350, 1.150
	Debt-inflow scale and nonlinearities

	φ, μ
	1.150, 0.240
	Uncertainty amplification and assurance repayment

	τ1, τ2, τ3
	0.030, 0.012, 0.052
	Verified learning, human-led maintenance, and deskilling

	χ, δH
	0.150, 0.010
	Procedural attenuation and expertise mean reversion

	ca2, ca4, cg, cv
	0.022, 0.008, 0.022, 0.026
	Automation, scaling, governance, and verification costs


[bookmark: simulation-protocol-and-outcome-measures]2.11 Simulation Protocol and Outcome Measures
The base experiment simulated 5,000 firms under each of five regimes for 60 periods. It therefore produced 25,000 firm-regime trajectories and 1.5 million firm-period observations. A fixed random seed of 20260730 was used. Common random numbers ensured that each regime faced identical sequences of task fit, uncertainty, shock draws, shock severity, and productivity noise. This variance-reduction design improves the fairness and precision of regime comparison.
The primary outcome was cumulative incremental value. Secondary outcomes were final verification debt, final expertise, final resilience, maximum cumulative-value drawdown, and negative cumulative value. A trajectory was classified as fragile when at least one of the following occurred: minimum one-period net value below -15 units, minimum resilience below 0.22, or negative cumulative value at the end of the horizon. This composite indicator captures severe operational loss, capacity breakdown, or failure to create value.
Percentile intervals report the 2.5th and 97.5th percentiles of simulated firm outcomes. They are descriptive simulation intervals, not confidence intervals estimated from observed data. Hypothesis tests and  values were not used because the model does not sample from a real population and very large synthetic samples would make conventional significance testing uninformative.
Robustness was assessed through one-way sensitivity analysis. Six parameters were varied by plus or minus 20%: debt accumulation, shock-loss multiplier, governance cost, verification cost, verified learning, and the productivity return from coordination compression. Each parameter was evaluated at low, base, and high settings, producing 18 scenarios. Regime ranking was recalculated for every scenario. A two-dimensional phase grid also varied automation and a common effective assurance level, with governance equal to verification, to visualise value and fragility boundaries.
[bookmark: results-and-discussion]3. RESULTS AND DISCUSSION
[bookmark: base-case-value-and-risk-outcomes]3.1 Base-Case Value and Risk Outcomes
Table 4A presents value and risk outcomes. Verified autonomy generated the highest mean cumulative value, 454.93 units, and the narrowest value dispersion among the two highest-performing regimes. Debt-responsive governance ranked second at 419.97 units. Human-centred augmentation produced 343.98 units, followed by compliance-heavy governance at 264.02 units. Acceleration-first adoption produced only 3.77 units despite its high initial gains.
Table 4A. Simulated cumulative value and risk outcomes by regime
	Regime
	Mean cumulative value
	2.5th percentile
	97.5th percentile
	Mean maximum drawdown
	Fragility incidence (%)
	Negative cumulative value (%)

	Acceleration-first
	3.77
	-86.91
	71.27
	106.14
	82.94
	41.40

	Compliance-heavy
	264.02
	241.27
	286.07
	0.22
	0.00
	0.00

	Verified autonomy
	454.93
	424.64
	484.46
	0.05
	0.00
	0.00

	Human-centred augmentation
	343.98
	318.46
	368.85
	0.12
	0.00
	0.00

	Debt-responsive governance
	419.97
	388.05
	450.33
	0.29
	0.02
	0.00


The most important result is not simply that acceleration-first performs worst. It is the timing of the reversal. Figure 2 shows that acceleration-first initially leads because its high automation and low control burden create rapid coordination compression. Mean cumulative value peaks at approximately period 24 and then declines. By contrast, the other regimes create value more slowly at first but maintain positive trajectories throughout the horizon.
[image: figures/figure2_cumulative_value.png]
Fig. 2. Mean cumulative incremental value by governance regime. Shaded bands represent the 2.5th to 97.5th percentile interval across synthetic firms.
This pattern operationalises the coordination compression trap. A manager observing only early-stage output could reasonably conclude that acceleration-first adoption is superior. The organisation completes more work and experiences less procedural delay. However, weak verification and governance allow debt to accumulate, expertise to erode, and resilience to decline. The time saving is real, but the interpretation of the saving is incomplete. It reflects borrowed assurance capacity.
The compliance-heavy regime demonstrates the opposite problem. It prevents debt accumulation and preserves resilience, but its extensive governance and verification costs suppress coordination compression. This result supports the automation-augmentation paradox identified by Raisch and Krakowski (2021): value is not maximised at either extreme. A viable design must retain enough freedom for technological leverage and enough control for learning and accountability.
Verified autonomy performs best because it combines substantial delegation with assurance levels above the model’s debt threshold. Its governance intensity is lower than the compliance-heavy regime and its verification intensity is lower than the human-centred regime, but the joint configuration is sufficient to suppress debt while retaining strong productivity. This illustrates a complementarity effect. Assurance does not merely subtract from output. Beyond the threshold, it enables safe scaling and prevents nonlinear future costs.
Debt-responsive governance performs strongly but does not surpass verified autonomy in the base case. Its feedback mechanism reacts to debt and uncertainty rather than maintaining the optimal assurance mix from the outset. This delay allows modest debt and expertise erosion before controls strengthen. The regime nevertheless provides strategic value when firms cannot accurately specify an ex ante fixed configuration, or when operating conditions change substantially over time.
[bookmark: endogenous-state-trajectories]3.2 Endogenous State Trajectories
Table 4B reports final state values and mean policy intensities. Acceleration-first ends with verification debt of 2.55, expertise at the lower model bound of 0.18, and resilience of 0.254. The other fixed regimes repay debt completely in the model. Compliance-heavy, verified autonomy, and human-centred augmentation all reach the expertise upper bound because their verification intensities transform AI use into repeated learning rather than passive dependence.
Table 4B. Final organisational states and mean policy intensities
	Regime
	Final debt
	Final expertise
	Final resilience
	Mean automation
	Mean governance
	Mean verification

	Acceleration-first
	2.551
	0.180
	0.254
	0.900
	0.250
	0.300

	Compliance-heavy
	0.000
	0.980
	0.844
	0.550
	0.850
	0.820

	Verified autonomy
	0.000
	0.980
	0.785
	0.780
	0.680
	0.720

	Human-centred augmentation
	0.000
	0.980
	0.793
	0.620
	0.580
	0.880

	Debt-responsive governance
	0.049
	0.545
	0.588
	0.834
	0.487
	0.570


Figure 3 shows how the state trajectories diverge. Verification debt under acceleration-first rises quickly and approaches a high steady level. Human expertise falls continuously until it reaches the lower bound near period 29. Resilience declines with expertise and debt, making each subsequent shock more costly. This creates a self-reinforcing loop: debt weakens resilience, low resilience increases shock loss, shocks further reduce resilience, and weakened expertise makes debt harder to repay.
[image: figures/figure3_state_trajectories.png]
Fig. 3. Mean trajectories of verification debt, human expertise, and organisational resilience.
The other regimes reveal different mechanisms. Compliance-heavy and human-centred augmentation repay debt rapidly and maintain high expertise. Their final resilience exceeds that of verified autonomy because they apply stronger assurance. Nevertheless, resilience alone is not the objective. Compliance-heavy governance incurs more control cost and forgoes productive delegation. Human-centred augmentation pays for extensive verification even when a lower verification level would be sufficient. Verified autonomy accepts slightly lower resilience while remaining far from the fragility boundary, producing the highest net value.
The adaptive regime is especially informative. It holds final debt near zero but ends with expertise of 0.545 and resilience of 0.588. Because its verification response is reactive, it does not fully reverse earlier deskilling. This suggests that verification has two roles requiring different timing. A control role can be increased after debt appears, but a learning role must be present continuously if expertise is to be preserved. Organisations that wait for incident indicators before restoring human engagement may contain immediate risk without recovering lost capability.
[bookmark: assurance-threshold-and-phase-structure]3.3 Assurance Threshold and Phase Structure
The two-dimensional phase diagram in Figure 4 varies automation intensity from 0.25 to 0.95 and sets governance equal to verification as a common assurance level from 0.20 to 0.90. The background indicates mean cumulative value, while contour lines indicate fragility incidence.
[image: figures/figure4_phase_diagram.png]
Fig. 4. Phase diagram of mean cumulative value and fragility across automation and effective assurance levels.
Three zones are visible. The first is an under-assured zone, where automation exceeds the assurance capacity required by Equation (4). Fragility rises sharply, especially at high automation. The second is an over-controlled zone, where assurance is high but automation is too low to realise substantial coordination compression. This zone is safe but economically conservative. The third is a verified scaling zone, where automation and assurance rise together. The highest grid value occurs at high automation and high assurance, demonstrating that controls can complement rather than oppose delegation.
The diagram provides a more precise interpretation of the productivity-governance frontier proposed by Tan (2026a). The frontier is not only a static balance between speed and control. It is shaped by an endogenous stock. A firm can temporarily operate above its sustainable frontier by drawing down expertise and accumulating verification debt. The resulting performance appears efficient until the debt service, rework, or shock loss becomes visible. The true frontier is therefore intertemporal.
The phase structure also clarifies why benchmarking AI adoption by number of deployed tools, automated tasks, or generated outputs can be misleading. Two firms with identical automation intensity can occupy different zones because one has stronger verification, better expertise, or lower uncertainty. Governance maturity should therefore be measured relative to delegated scope, not as an absolute compliance score.
[bookmark: sensitivity-analysis]3.4 Sensitivity Analysis
Table 5 summarises the one-way sensitivity analysis. Verified autonomy ranked first and debt-responsive governance ranked second in all 18 scenarios. The ranking persisted when debt accumulation, shock severity, governance cost, verification cost, verified learning, and coordination-compression productivity were varied by plus or minus 20%.
Table 5. Sensitivity of the two leading regimes to key structural parameters
	Parameter varied
	Verified autonomy range
	Debt-responsive range
	First-ranked regime in low, base, high cases
	Second-ranked regime

	Debt accumulation coefficient
	454.67 to 454.72
	418.45 to 420.28
	Verified autonomy
	Debt-responsive governance

	Shock-loss multiplier
	453.02 to 456.37
	417.29 to 422.15
	Verified autonomy
	Debt-responsive governance

	Governance cost coefficient
	442.49 to 466.90
	413.42 to 426.02
	Verified autonomy
	Debt-responsive governance

	Verification cost coefficient
	438.52 to 470.87
	409.57 to 429.87
	Verified autonomy
	Debt-responsive governance

	Verified learning coefficient
	422.69 to 467.72
	387.94 to 451.44
	Verified autonomy
	Debt-responsive governance

	Compression productivity coefficient
	365.83 to 543.56
	331.36 to 508.08
	Verified autonomy
	Debt-responsive governance


The largest sensitivity arises from the coordination-compression productivity coefficient, as expected because it directly scales the principal value-creation pathway. Even at the low setting, verified autonomy remains strongly positive. The verified learning coefficient also matters because expertise affects both productivity and debt accumulation. This reinforces the theoretical claim that verification should be treated as a capability-building process rather than only a quality-control expense.
Acceleration-first is highly sensitive to debt accumulation. Its mean cumulative value changes from 100.23 at the low debt coefficient to -110.39 at the high coefficient. This regime also becomes negative when the shock-loss multiplier or verification cost is raised, despite those changes being moderate. Its apparent efficiency is therefore parameter-fragile. Strategies that depend on low error propagation, weak shock effects, and inexpensive correction are poor candidates for enterprise-wide deployment when those conditions cannot be guaranteed.
The robustness results should not be interpreted as proof that the exact verified-autonomy settings are universally optimal. A different industry, cost structure, regulatory environment, or task portfolio would change the numerical optimum. The stronger conclusion is ordinal: configurations that combine material automation with assurance above the debt threshold dominate configurations that maximise only speed or only control across a wide set of model perturbations.
[bookmark: theoretical-contributions]3.5 Theoretical Contributions
[bookmark: X369f62b2c92a23dcca2b7c6e26d528b3a484ba3]3.5.1 Verification debt as an organisational stock
The first contribution is the treatment of verification debt as a stock rather than a contemporaneous error rate. Most AI governance systems focus on incidents, model metrics, compliance documentation, or individual output approval. These measures are necessary but may not reveal cumulative degradation. Debt can grow while incident counts remain low because favourable operating conditions have not yet exposed weak assumptions.
The stock perspective connects several previously separate literatures. Hidden technical debt explains how machine-learning systems accumulate maintenance burdens (Sculley et al., 2015). Organisational resilience explains how capabilities allow firms to anticipate, cope, and adapt (Duchek, 2020). Algorithmic work research explains how control and expertise are redistributed around learning systems (Faraj et al., 2018; Kellogg et al., 2020). Verification debt integrates these insights by showing how deferred assurance changes future costs and capabilities.
[bookmark: Xe0f2d52ec4581a84a5bc3972335b85af4b1239c]3.5.2 Coordination compression is not equivalent to productivity
The second contribution is a distinction between coordination compression and realised productivity. Time saved is an intermediate output. It creates value only when the organisation can reuse the released capacity, preserve decision quality, and avoid downstream rework. This distinction helps reconcile apparently conflicting evidence. Task experiments can correctly identify productivity gains while firms still experience weak aggregate returns because complementary redesign and assurance are missing (Acemoglu, 2024; OECD, 2025a; Tan, 2026c).
The model suggests that early productivity dashboards are systematically biased toward the positive pathway. They measure response time, output volume, or labour hours saved immediately. Debt, deskilling, and resilience effects emerge later and often belong to different reporting systems. A finance function may record lower processing cost while risk, legal, cybersecurity, or operations teams absorb future verification burdens. The coordination compression trap is partly an accounting problem because benefits are local and immediate, while costs are distributed and delayed.
[bookmark: assurance-as-a-productive-capability]3.5.3 Assurance as a productive capability
The third contribution is the assurance threshold. Governance and verification are frequently framed as constraints on innovation. In the model, they have direct costs and reduce raw speed, but they also enable scalability by repaying debt and preserving expertise. This produces a nonlinear relation. Below the threshold, each additional unit of automation makes the system more fragile. Above the threshold, automation and assurance become complements.
This interpretation aligns with runtime assurance, which places controls at the point of action rather than relying only on policy documents (Tan, 2026b), and with NIST’s emphasis on govern, map, measure, and manage functions across the AI lifecycle (National Institute of Standards and Technology, 2023, 2024). It also extends hybrid-intelligence research by identifying assurance as the mechanism that maintains complementarity over time.
[bookmark: expertise-as-infrastructure]3.5.4 Expertise as infrastructure
The fourth contribution is the modelling of human expertise as productive infrastructure. Expertise does not merely provide residual labour after automation. It improves task selection, contextualisation, verification, error diagnosis, and shock recovery. When expertise erodes, the organisation loses the capacity to recognise when the model is outside its competence boundary.
This dynamic helps explain the ironies of automation. The more reliable a system appears during routine conditions, the less opportunity humans have to practise. Yet unusual conditions demand precisely the capabilities that have atrophied. The model’s acceleration-first trajectory is an extreme representation of this process. Human-centred augmentation avoids it, but at a cost. Verified autonomy offers a middle path in which humans remain engaged through selective, high-value verification.
[bookmark: managerial-implications]3.6 Managerial Implications
Managers should replace adoption metrics with assurance-adjusted value metrics. The number of users, prompts, automated tasks, or hours saved provides an incomplete view. A balanced dashboard should include at least five elements: validated time saved, verification workload, detected correction rate, expertise retention, and resilience or incident-recovery indicators. Organisations should track debt inflow and repayment as flows, then estimate the remaining stock.
A practical verification-debt register can classify obligations into four categories. Epistemic debt concerns unsupported facts, assumptions, or reasoning. Process debt concerns undocumented handoffs, unclear decision rights, and untested exceptions. Capability debt concerns loss of human understanding or review skill. Evidence debt concerns missing provenance, logs, approvals, and reproducibility. Each category requires a responsible owner, ageing measure, risk tier, and repayment action.
Automation should be scaled through assurance gates rather than annual policy reviews alone. Low-consequence reversible tasks can operate with light sampling. High-consequence or externally facing tasks require evidence-backed validation, bounded authority, and escalation. Agentic systems require runtime controls because risk emerges through action sequences, tool use, and changing context, not merely through text quality (Tan, 2026b).
Firms should also distinguish verification that creates learning from verification that only creates paperwork. Reviewers should be required to record why an output failed, what contextual cue was missed, and how the workflow should change. These observations can update task routing, retrieval sources, prompts, policies, or model selection. Verification then becomes a feedback system that reduces future workload.
For global knowledge firms, localisation increases verification complexity. The same output may be appropriate in one jurisdiction and unsuitable in another due to law, language, culture, professional standards, or market structure. A central AI platform should therefore be combined with local assurance ownership. Global governance can define minimum controls and evidence formats, while local experts validate context-specific claims and exceptions.
The adaptive regime suggests that debt-responsive control is valuable but insufficient when used alone. Organisations should maintain a baseline verification level that preserves expertise, then add responsive assurance as uncertainty or debt rises. Waiting for incidents may be too late because capability erosion is gradual and difficult to reverse quickly.
[bookmark: policy-implications]3.7 Policy Implications
Public policy should encourage assurance capacity rather than treating AI governance only as restriction. Smaller firms may recognise the need for verification but lack specialist staff, testing infrastructure, legal interpretation, or audit tools. Shared assurance services, sectoral testbeds, standardised evidence templates, and workforce training can lower the fixed cost of verified adoption. This is particularly important for small open economies, where productivity gains depend on institutional absorptive capacity and international interoperability (Tan, 2026c).
Regulators should avoid a false choice between innovation and oversight. The simulation indicates that well-designed assurance can increase long-run value by enabling safe scale. Rules that require traceability, risk management, human oversight, and post-market monitoring can support productive confidence when they are proportionate to risk and integrated into operational systems. The European Union Artificial Intelligence Act adopts a risk-based structure, while the NIST AI Risk Management Framework provides voluntary lifecycle guidance. These approaches can be strengthened through metrics that reveal accumulating organisational debt rather than only documented compliance.
Labour and education policy should treat verification expertise as a strategic capability. Workers need more than generic AI literacy. They require domain knowledge, source evaluation, statistical reasoning, exception handling, and the authority to contest automated outputs. Training should therefore combine tool proficiency with independent problem solving. A workforce that can generate quickly but cannot verify independently increases national and organisational dependence on opaque systems.
[bookmark: limitations-and-future-research]3.8 Limitations and Future Research
The model has seven limitations. First, its parameters are theory-informed but not empirically calibrated. Numerical outcomes illustrate dynamic logic rather than predict particular industries. Future research should estimate debt accumulation, expertise erosion, and shock sensitivity using longitudinal organisational data.
Second, the model represents one synthetic firm type. Sectoral differences are substantial. Healthcare, finance, public administration, education, and creative industries have different error costs, verification norms, and regulatory obligations. Multi-sector calibration would improve external validity.
Third, governance and verification are represented as scalar intensities. In practice, control quality depends on architecture, independence, competence, timing, and decision rights. A high-volume checklist may be less effective than a targeted runtime gate. Future models should decompose assurance into preventive, detective, corrective, and learning controls.
Fourth, human expertise is represented as a single aggregate state. Real organisations contain heterogeneous specialists, teams, and communities of practice. Expertise can migrate, concentrate, or become inaccessible even when total headcount remains stable. Agent-based extensions could model professional networks, reviewer bottlenecks, and knowledge concentration.
Fifth, the adaptive regime uses simple feedback rules rather than optimisation, reinforcement learning, or model-predictive control. More advanced control policies could improve performance, although they would reduce interpretability.
Sixth, shocks are exogenous except for a modest automation-governance component in shock probability. Real AI systems can create endogenous correlated failures across firms, platforms, and supply chains. Network models should examine common-model dependency, shared-data contamination, and cascading errors.
Seventh, the model does not directly include market competition. Firms may rationally accept higher debt when delay causes strategic loss. Future game-theoretic work could examine how competitive pressure produces collective underinvestment in verification and whether regulation can shift the equilibrium.
Empirical testing can proceed through mixed methods. Researchers can construct a verification-debt scale from audit backlogs, unresolved exceptions, provenance gaps, correction effort, reviewer capacity, and expertise-retention measures. Longitudinal case studies can trace whether early time savings predict later rework or incidents. Field experiments can compare answer-first, verified-drafting, and adversarial-review workflows. These studies would allow the model’s coefficients and thresholds to be estimated rather than assumed.
[bookmark: conclusion]4. CONCLUSION
Artificial intelligence can compress the coordination burden of knowledge work, but compression is not automatically sustainable productivity. When delegation expands faster than governance, verification, and expertise, organisations accumulate verification debt. The debt may remain hidden while work accelerates, then appear through rework, weak decisions, audit failure, capability erosion, or shock-amplified loss.
The dynamic model and computational experiment show that the highest-value strategy is verified autonomy. It combines substantial automation with enough governance and verification to keep the organisation above its assurance threshold. Acceleration-first adoption demonstrates the coordination compression trap: it leads during the early periods but eventually loses almost all accumulated value, produces high fragility, and erodes expertise. Compliance-heavy governance avoids fragility but sacrifices productive scale. Human-centred augmentation protects expertise but can overpay for verification. Debt-responsive governance is a strong adaptive alternative, although delayed intervention cannot fully restore capability lost earlier.
The central managerial implication is that verification capacity must scale with delegated scope. Organisations should account for verification debt as a stock, treat expertise as infrastructure, and measure AI gains after assurance and resilience costs. The central policy implication is that effective governance can be productivity-enhancing when it builds trusted, interoperable, and learning-oriented assurance systems. The future-ready firm is not the firm that delegates the most work to AI. It is the firm that can verify, learn from, and remain accountable for what it delegates.
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[bookmark: appendix-a-reproducibility-protocol]APPENDIX A: REPRODUCIBILITY PROTOCOL
The supplementary Python program implements the following reproducibility sequence:
1. Set the random seed to 20260730 and generate common arrays for environmental uncertainty, task fit, shock occurrence, shock severity, and productivity noise.
1. Initialise each synthetic firm with , , and .
1. For each regime and period, calculate policy intensities, coordination compression, gross gain, operating cost, routine debt loss, shock probability, shock loss, and net value.
1. Update cumulative value, maximum drawdown, verification debt, expertise, and resilience.
1. Classify fragility from severe one-period loss, resilience breakdown, or negative terminal cumulative value.
1. Export firm-regime summaries, period-level state means, phase-grid results, sensitivity results, and publication figures.
1. Re-run all regimes under identical random arrays to preserve controlled comparability.
The program uses only NumPy, pandas, and Matplotlib and does not require proprietary data or software.


	
	Page 1


image4.png
Highest grid value

e
~

o
Ul

0}
=
©
>
> S
= C
a 7]
o €
2 o
£ 2
S 0.6 £
E= v
: =
S ©
S ]
=} &
< >
9]
C
©
=

0.4 0.5 0.6 0.7 0.8
Effective assurance level, with governance = verification





image1.png
Al-enabled task
delegation

Governance, verification,
and human expertise

Value-creation pathway

Coordination

/ compression

Verification debt
stock

Gross productivity

Assurance loop repays debt and preserves adaptive capacity

gain
Error propagation and Shock-amplified
expertise erosion fragility
\(





image2.png
Cumulative incremental value index

500 A

- Acceleration-first ===+ Human-centred augmentation
= == Compliance-heavy === Debt-responsive governance
=+ Verified autonomy ‘/.
-
~ .-
. .
400 A -
‘/‘ "‘
St
7~ |
Z=
“//‘ _-““
300 A /// e
‘4/ “"“ -
/“// -““ f”
‘/:/ ‘,“‘ ’f’
Rl -
S FPE -
200 - -
bortt -
““ ”f
. ”’
—”’
o
100 -
o+—==———
—100 A
1 1 1 1 1 1 1
0 10 20 30 40 50 60

Simulation period





image3.png
Verification debt

Human expertise

Organisational resilience

2.5 1

2.0 A

1.5 1

1.0

0.5 1

0.0 -

—— Acceleration-first
— = Compliance-heavy
— - Verified autonomy

Human-centred augmentation
—-= Debt-responsive governance

1.0 A
0.9 -
0.8 -
0.7 -
0.6 -
0.5 1
0.4 -
0.3 1
0.2 -

0.8 -

0.7 1

0.6 -

0.5 1

0.4 1

0.3 1

10 20 30 40
Simulation period

50 60





