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Abstract

The integration of generative artificial intelligence (Al), adaptive recommendation systems, and large language model (LLM)-powered
conversational interfaces into enterprise digital products has fundamentally transformed how customers interact with products and services.
Historically, customer journeys were modeled as stable, linear sequences of touchpoints that product teams could define, validate, and
govern using conventional Product Development Lifecycle (PDLC) frameworks. However, Al-mediated customer journeys are inherently
dynamic rather than static, continuously evolving through model retraining, adaptive personalization, user feedback, and shifting data
distributions. This behavioral dynamism introduces persistent customer journey volatility that challenges conventional governance
approaches and reduces the effectiveness of traditional product management practices. This paper formalizes the Al-Induced Instability
Model, a four-stage conceptual framework describing how Al behavioral adaptation propagates into customer journey volatility,
requirement instability, governance complexity, and execution friction throughout enterprise product development. Building upon this
diagnostic model, the study proposes the Adaptive Governance Framework (AGF), a six-dimensional governance architecture that
redefines product governance through velocity-matched requirement revalidation, hypothesis-driven product specifications, progressive
capability streaming, continuous risk assessment, Al lifecycle governance, and dynamic portfolio management. The framework is designed
to support organizations in maintaining alignment between rapidly evolving Al capabilities and business objectives while preserving
governance, compliance, and delivery quality. The AGF was empirically evaluated through a 14-week enterprise e-commerce product
governance program involving 14 concurrent Al-enabled product initiatives. The evaluation demonstrated a 43% reduction in requirement
revalidation cycle time, a 37% decrease in backlog volatility, a 29% improvement in delivery alignment, and governance documentation
completeness reaching 91%, compared with 54.2% under a traditional PDLC baseline. These findings demonstrate that adaptive
governance significantly improves organizational responsiveness, decision quality, and execution consistency in Al-driven product
environments. The proposed framework provides enterprise product managers, technology leaders, and governance practitioners with a
practical, scalable, and quantitatively validated architecture for managing Al-mediated digital products operating in continuously evolving
customer ecosystems while ensuring sustainable innovation, regulatory compliance, and long-term business value.

Keywords: Adaptive Governance, AI Product Management, Customer Journey Volatility, Requirements Fluidity, Velocity-Matched
Planning.

1. Introduction

Enterprise digital products have undergone a structural transformation with the deployment of Al-powered customer journey systems at
scale. Generative Al, adaptive recommendation engines, LLM-powered conversational assistants [1]Intelligent routing systems have
transformed the customer-facing layer of enterprise products from a static, deterministically navigable experience into a continuously
evolving, context-sensitive interaction environment. The proportion of customer touchpoints mediated by Al systems at leading e-
commerce, financial services, and enterprise software organizations has grown from negligible to dominant within a few years —
fundamentally changing the nature of the product development governance challenge. Customer journeys that were once designed as stable
flow maps are now emergent properties of Al models that update continuously, vary their behavior with context, and cannot be fully
specified in advance by any product or engineering team [2][3].

This transformation has exposed a critical mismatch between the assumptions of traditional PDLC frameworks and the operational realities
of Al-mediated product environments. Conventional PDLC practice — as codified across agile product management literature [4][5],
continuous delivery research [6], and continuous software engineering frameworks [7] — assumes requirements can be treated as relatively
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stable specifications, features can be validated through binary acceptance testing, and planning proceeds on predictable quarterly or sprint
cadences. Al-mediated customer journey systems violate all three assumptions simultaneously. Requirements become hypotheses as model
behavior shifts; binary acceptance testing fails as Al output distributions change; quarterly planning cycles fall out of alignment with
weekly model update velocities [8][9]. The organizational consequence is a cascade of dysfunction — what this paper formalizes as the
Al-Induced Instability Model — propagating from Al behavioral dynamism through journey volatility, requirement instability, and into
execution friction [3][10].

This paper makes five primary contributions. First, it formalizes the Al-Induced Instability Model as a four-stage diagnostic cascade with
operational value for product organizations. Second, it introduces the AGF, a six-dimensional governance taxonomy that contrasts
traditional and adaptive governance logics. Third, it specifies a hypothesis-driven requirement model — including a five-field template
with update triggers — that replaces static feature specifications with temporally bounded, statistically validated governance artifacts.
Fourth, it defines a velocity-matched planning architecture calibrated to AI model update rates. Fifth, it provides quantitative empirical
validation across four operational KPIs in a production enterprise e-commerce governance program, demonstrating substantial performance
improvements over a traditional PDLC baseline.

The paper proceeds as follows. Section 2 reviews literature across four areas: traditional PDLC governance, Al behavioral dynamism and
journey volatility, Al governance frameworks, and the gap motivating the AGF. Section 3 presents the complete AGF methodology. Section
4 reports the evaluation context, results, and discussion. Section 5 concludes with a synthesis of contributions and directions for future
work.

2. Literature Review

2.1. Traditional Product Development Lifecycle Governance

The PDLC as a governance architecture rests on a set of assumptions about the nature of software product development that have been
stable across both agile and plan-driven methodologies. Requirements specify what the product must do; engineering builds features
satisfying those requirements; quality assurance validates feature behavior against acceptance criteria; release management deploys
validated features [4][7]. Agile methodologies refined this model through iterative delivery and continuous stakeholder feedback,
acknowledging that requirements evolve as users engage with the product [5]. The Lean Startup framework reconceptualized requirements
as market hypotheses to be validated through experimentation — a shift that partially anticipates the adaptive governance problem this
paper addresses [11]. Perri [12] contributed to the organizational framing of the "build trap": the pathology of optimizing feature delivery
at the expense of outcome achievement. This governance failure is amplified in Al product contexts where output-outcome alignment is
non-deterministic.

What these frameworks share is a stability assumption: the product team specifies, builds, and ships a discrete, controllable artifact. Sprint
cadences are calibrated to the team's rate of defining, building, and validating behaviors. Planning cycles map to roadmap horizons that the
organization can forecast. These assumptions are reasonable for deterministic software systems. They break down in Al-mediated
environments where the deployed system updates autonomously between releases, produces variable outputs for identical inputs, and
generates different customer journey experiences at the same touchpoint depending on context that neither the product team nor the
customer controls [3][8]. The requirement engineering literature confirms that communication gaps between requirement specifications
and actual system behavior are a primary source of quality problems [13]. In Al systems, these gaps are structurally amplified because
behavior changes independently of specification updates.

2.2. Al Behavioral Dynamism and Customer Journey Volatility

The impact of Al on customer journey stability has attracted growing research attention. Gouveia et al. [2] Conducted a systematic review
of 101 papers on Al-driven customer journeys published between 2020 and 2024, finding that Al integration consistently reshapes
touchpoint sequences, alters conversion dynamics, and introduces behavioral variability that conventional journey mapping cannot
accommodate. Personalization, predictive routing, and generative response generation were identified as the primary mechanisms
producing journey volatility. Chen and Prentice [14] demonstrated that customers interacting with Al-mediated service systems experience
fundamentally different journey structures — greater path divergence, higher touchpoint variability, more frequent unexpected terminations
— than those interacting with human-mediated or deterministic software systems.

The deployment challenges literature has documented how Al behavior evolves continuously in production through model updates, data
drift, and feedback loop dynamics — changes that propagate into customer-facing journey behavior without corresponding product
releases. This disconnect between the product release cadence and the Al behavior update cadence is the operational root cause of journey
volatility. Sculley et al. [8] documented how production ML systems accumulate hidden technical debt through entangled dependencies
and unstable data pipelines, creating increasingly fragile system behaviors that product governance frameworks were not designed to
manage. The Al-Induced Instability Model introduced in this paper provides a formal structure for tracing this propagation from behavioral
dynamism to organizational dysfunction, enabling product organizations to diagnose and address governance misalignment at each stage
of the cascade.

2.3. Al Product Governance Frameworks

The governance literature has responded to Al product challenges with principled frameworks at varying levels of operational specificity.
The NIST AI RMF [15] establishes a lifecycle-wide risk management architecture across four functions — Govern, Map, Measure, and
Manage — and emphasizes continuous monitoring as a governance requirement for trustworthy Al systems. The EU Al Act [16] imposes
documentation, monitoring, and human oversight requirements for high-risk Al systems, establishing legal obligations that translate into
product governance responsibilities. Model documentation practices — Model Cards [17] and Datasheets for Datasets [18] — provide
artifact-level transparency mechanisms that complement system-level governance. The HELM evaluation framework [19] established a
multi-dimensional assessment as the standard for responsible Al system evaluation, reinforcing the principle that Al system quality cannot
be reduced to a single metric.

Product management literature has begun to address Al-specific governance. Cagan argued that effective product teams must discover the
right product to build rather than simply delivering specified features — a principle more compatible with Al product governance than
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requirements-driven delivery. Osterwalder and Pigneur [19] provided the business model canvas as a tool for articulating value propositions
in contexts of uncertainty, a capability relevant to Al product programs where the customer value of Al-mediated features is hypothetical
until validated. Weick and Sutcliffe [20] established the theory of high-reliability organizations — systems that maintain performance
under conditions of unexpected change — as a conceptual foundation for governance in volatile operational environments, directly
applicable to enterprise Al product programs operating Al systems that update autonomously. The gap, however, remains: no existing
framework provides the combination of formal instability modeling, six-dimension governance taxonomy, hypothesis-based requirement
specification, and velocity-matched planning needed to operationalize adaptive governance for Al-mediated customer journey products

[2][11].
2.4. Gap

The convergence of Al deployment scale and governance inadequacy creates a gap with tangible organizational consequences. No existing
framework simultaneously: formalizes the instability cascade from Al behavioral dynamism to execution friction as a diagnostic model;
provides a complete, operationalizable governance architecture calibrated to the planning, specification, and delivery challenges of Al-
mediated product environments; and delivers empirical validation in a production enterprise context. The AGF introduced in Section 3
addresses this gap by drawing on hypothesis-testing principles [8], continuous delivery cadence research [6][7], outcome-oriented product
management [7][12], and Al lifecycle governance [21][22], while extending all of these to the specific governance challenges introduced
by Al behavioral dynamism in customer journey contexts [2].

3. Methods

3.1. The Al-Induced Instability Model

The Al-Induced Instability Model formalizes the propagation of Al behavioral dynamism through the product organization as a four-stage
cascade. Stage 1, Al Behavioral Dynamism: deployed Al systems — recommendation engines, LLM conversational interfaces [1]Adaptive
routing systems produce probabilistic, context-sensitive outputs that change with model updates and cannot be fully specified by any static
requirement [3][8]. This is not a defect to be engineered away; it is an inherent property of continuously updating learning systems. Stage
2, Customer Journey Volatility: Al behavioral shifts continuously reconfigure the touchpoint sequences, decision pathways, and experience
structures that customers navigate. Journey maps produced by UX researchers reference a journey state that may be materially different
within days of an Al model update [2][14]. Stage 3, Requirement Instability: as journey structures shift, requirements documented against
specific journey touchpoints become invalid. Model updates invalidate User Stories that reference specific Al output behaviors; acceptance
criteria calibrated to specific output distributions fail when distributions shift; backlogs accumulate stale items faster than teams can retire
them [22][13]. Stage 4, Execution Friction: product teams experience increasing coordination overhead as they attempt to maintain
alignment between documented requirements, planned features, and actual user experience in a continuously shifting Al-mediated
environment. Sprint reviews consume an increasing share of capacity on requirement revalidation, and planning cycles document
assumptions that are invalidated before the cycle ends [4][7]. Figure 1 illustrates the cascade.
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Fig 1. Al-Induced Instability Cascade

3.2. The AGF Six-Dimension Governance Taxonomy
The AGF responds to each instability cascade stage with a corresponding governance adaptation across six dimensions. Table 1 presents
the full taxonomy. On Requirements: traditional governance treats requirements as fixed specifications derived from stable user needs; the
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AGF treats them as dynamic, temporally bounded hypotheses requiring continuous behavioral validation. On Execution: traditional
governance focuses on completing a predefined scope; the AGF focuses on iterative uncertainty reduction about Al-mediated journey
effectiveness. On Delivery: traditional governance deploys features in consolidated batch releases; the AGF uses progressive capability
streaming with behavioral monitoring gates between cohort expansions. On Backlog: traditional governance maintains a committed sprint
backlog; the AGF manages a dynamic experiment portfolio whose items are continuously revalidated against behavioral evidence. On
Planning: traditional governance operates on fixed quarterly or sprint cadences; the AGF implements velocity-matched revalidation loops
calibrated to AI model update rates. On Success Metrics: traditional governance measures scope adherence and schedule compliance; the
AGF measures learning velocity and governance response latency to Al-induced journey shifts [4][6][11].

The taxonomy serves both as a diagnostic instrument and as a specification of the target governance state. Product organizations can assess
their current practice against each dimension to identify governance misalignments and prioritize adaptations. The six dimensions are
independent enough to be adopted incrementally — an organization can begin with hypothesis-based requirements while retaining its
existing planning cadence — but mutually reinforcing when adopted together, producing compounding governance quality improvements

[51012].

Table 1. AGF Governance Dimension Comparison — Traditional vs. Adaptive Logic

quemap ce Traditional PDLC Logic Adaptive Governance Logic (AGF)
Dimension
Requirements Fixed specifications derived from stable Dynamic, temporally boupded hypotheses with update
user needs triggers
. Focused on the completion of the Iterative reduction of uncertainty about Al-mediated journey
Execution i
predefined scope effectiveness
Delive Feature-based releases in consolidated Progressive capability streaming with behavioral monitoring
Y batches gates
Backlog Stable representation of committed work Dynamic experiment portfolio with continuous revalidation
Planning Periodic quarterly/sprint cycles Velocity-matched revalidation loops calibrated to the Al
model update rate
Success Metrics Scope adherence and schedule compliance Learning velocity and goverance response latency to Al-

induced shifts

3.3. Requirements as Hypotheses

The foundational AGF adaptation is the reconceptualization of requirements from static contracts to dynamic hypotheses. An AGF
requirement is structured using five mandatory fields. An assumption is the belief about Al-mediated user behavior that the requirement
encodes. Behavioral Indicator specifies the observable customer journey signal — a measurable metric derived from behavioral telemetry
— that would confirm or disconfirm the assumption. The Validation Window defines the time period during which behavioral evidence is
collected before a confidence judgment is made. Confidence Threshold sets the statistical threshold at which the hypothesis is accepted.
Update Trigger specifies the Al model event or data shift condition that necessitates re-evaluation of the hypothesis, regardless of prior
validation status or the remaining validation window. Table 2 presents the AGF hypothesis-based requirement template with a worked
example drawn from an Al-powered product recommendation feature.

The Update Trigger field is the most distinctive element of the AGF requirement structure and the one that responds most directly to the
Al-induced instability dynamic. In the traditional User Story format, a validated acceptance criterion remains valid until explicitly revised
by a product manager. In the AGF, a validated hypothesis is automatically reopened when its specified trigger fires — a model retrain, a
data distribution shift exceeding a defined threshold, or a product configuration change affecting the governing Al component. This
automatic invalidation mechanism is the governance equivalent of a circuit breaker: it prevents stale requirements from governing Al-
mediated features that have drifted beyond the conditions under which the requirement was originally validated [10].

Table 2. AGF Hypothesis-Based Requirement Template with Worked Example

Field Definition Worked Example: Al Product Recommendation Feature
. Belief about Al-mediated user behavior encoded Al-driven personalized recommendations will increase
Assumption . . . .
by this requirement customer engagement with the discovery feed
Behavioral An observable journey signal confirming or Discovery feed CTR and session depth measured via
Indicator disconfirming the assumption behavioral telemetry
V\;}ilsgg\?vn Time perf)z(fiofzracs(l)fgggrngejﬁvgi tev1dence Rolling 7-day window following initial cohort deployment
Confidence Statistical threshold for accepting or rejecting Feed CTR > 8.5% and session depth improvement > 12%
Threshold the hypothesis over pre-deployment baseline
Update Trigger Al rnode.l event or data shiﬁ requiring re- Recqmrpenqation model retrain, >15% shift in feature
evaluation regardless of window status distribution, or product catalog schema change.

3.4. Capability Streaming and Progressive Delivery

The AGF replaces batch release delivery with progressive capability streaming: a deployment discipline in which Al-mediated features are
deployed incrementally to expanding user cohorts, with behavioral monitoring gates between each cohort expansion. Cohort expansion
requires that behavioral indicators from the current cohort meet the AGF hypothesis confidence threshold for the deployed feature. If
behavioral indicators fail the threshold, the streaming pipeline pauses, the Al configuration is examined, and the hypothesis is revised to
reflect the observed evidence before expansion resumes. This gate mechanism operationalizes the principles of continuous delivery
outlined. [6] In the specific context of Al behavioral volatility, adding the hypothesis-validation layer that standard continuous delivery
frameworks do not include.



International Journal of Engineering, Science and Information Technology, 6 (3), 2026, pp. 31-37 35

Progressive streaming has a concrete governance implication: it shifts the moment of behavioral reckoning from post-deployment incident
response to pre-expansion gate evaluation. Under batch release governance, Al behavioral misalignments are detected after full deployment
through user feedback or anomaly monitoring, often days or weeks after the misalignment began affecting users. Under progressive
streaming, misalignments are detected at the cohort scale before expansion, limiting the affected population and the remediation burden on
governance. At enterprise scale — programs serving tens of millions of monthly active users — this pre-expansion detection capability has
a material impact on customer experience quality and regulatory compliance exposure [15][16].

3.5. Dynamic Portfolio Management

The AGF replaces the stable sprint backlog with a dynamic experiment portfolio. Each portfolio item carries: a hypothesis (in the five-field
format of Section 3.3); a behavioral validation mechanism specifying how behavioral indicators will be collected; an expiry trigger that
retires the item when the underlying Al system update makes the experiment irrelevant; and a priority score combining business value,
behavioral uncertainty reduction potential, Al update sensitivity, and learning velocity. The portfolio is revalidated on the model update
cadence: items whose assumptions have been invalidated by Al model changes are automatically flagged for revision or retirement; items
with strong behavioral evidence are prioritized for progressive deployment [11][12].

The priority scoring model explicitly incorporates Al update sensitivity — a dimension entirely absent from traditional backlog
prioritization frameworks. An experiment with high business value but high Al update sensitivity carries governance risk: the effort
invested in validating the experiment may be wasted if an upcoming model update invalidates the governing hypothesis before the
experiment completes. The AGF priority model discounts high-sensitivity experiments relative to their business value, directing portfolio
investment toward experiments whose hypotheses are likely to remain valid long enough to generate actionable evidence. This discounting
mechanism is one of several AGF adaptations that have no precedent in traditional product management practice and are specifically
designed for the Al behavioral dynamism context [8][7].

3.6. Velocity-Matched Revalidation Loops
The AGF's planning architecture implements three nested revalidation loops operating at different timescales, each calibrated to a different
dimension of Al-mediated governance velocity. Table 3 specifies the complete loop architecture. The Model Update Loop operates at the
Al model update cadence — typically weekly or per-release — and scans the active requirement hypothesis portfolio for items whose
assumptions may be affected by the update. Affected items are flagged for behavioral re-monitoring; their validation windows are reset
from the update event. The Behavioral Evidence Loop operates on a rolling 7-day window and evaluates accumulated behavioral data
against hypothesis confidence thresholds. Items that fail the threshold are returned to hypothesis revision; those that exceed it are advanced
to the next capability streaming gate. The Strategic Alignment Loop operates quarterly and reviews the overall governance architecture
against organizational strategy, regulatory requirements, and Al capability evolution — the only timescale at which traditional planning
assumptions retain validity.
The three-loop structure ensures that governance operates at the correct cadence for each type of governance decision. Model update events
require immediate portfolio scan responses — a governance latency of hours, not weeks. Behavioral evidence evaluation requires a
sufficiently long rolling window to distinguish genuine performance trends from Al output stochasticity. Strategic alignment requires the
multi-month horizon needed for meaningful organizational planning. By decoupling these three cadences into distinct governance loops,
the AGF avoids the mismatch that occurs when organizations attempt to govern all three types of decisions on a single sprint or quarterly
cycle [7].
Table 3. AGF Velocity-Matched Revalidation Loop Structure
Loop Cadence Trigger / Input Governance Action

Model Update Loop Weekly / per Al Al model update event Scan hypothesis po.rtfo.llo; ﬂgg affected items; reset
model release validation windows
Behavioral Rolling 7-day Accumulated behavioral Evaluate KPIs against thresholds; advance compliant
Evidence Loop window telemetry items; return failing items to revision

Review AGF architecture against strategy, regulations,
and Al capability roadmap.

Strategic Alignment

Loop Quarterly Business review cycle

4. Results and Discussion

4.1. Implementation Context

The AGF was prototyped and evaluated within an enterprise e-commerce Al product governance program at a large-scale organization
operating Al-mediated customer journey systems across product discovery, purchase recommendations, and post-purchase support. The
program encompassed 14 concurrent Al product initiatives, each deploying one or more Al models directly shaping customer journey
behavior for tens of millions of monthly active users. The traditional PDLC governance baseline operated quarterly planning cycles, sprint-
based backlog management with fixed two-week sprints, and binary acceptance testing at sprint review checkpoints. The AGF-governed
replacement operated three-tier velocity-matched revalidation loops calibrated to a weekly model update cadence, hypothesis-based
requirement portfolios with automated update trigger monitoring, progressive capability streaming with three cohort expansion gates per
feature release, and continuous behavioral monitoring integrated with the AI model deployment pipeline.

The evaluation was conducted over a 14-week governance program period: weeks 1-7 under the traditional PDLC baseline; weeks 8—14
under AGF governance. Four KPIs were assessed. Requirement revalidation cycle time measured elapsed time from Al model update
detection to completion of hypothesis re-evaluation across all affected portfolio items. The backlog volatility index measured the proportion
of active portfolio items that required significant revision or retirement per week due to Al-induced changes. Delivery alignment rate
measured the proportion of deployed features whose observed customer journey behavior matched the governing hypothesis at deployment
time, assessed via post-deployment behavioral telemetry over 48 hours. Governance documentation completeness rate is measured as the
proportion of Al product initiatives with complete, current governance artifacts that meet NIST Al RMF documentation standards [13] at
any given point in the evaluation period.
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4.2. Quantitative Results

All four KPIs demonstrated significant improvements under AGF governance. Table 4 presents the full comparative results. Requirement
revalidation cycle time decreased from 18.4 days under the traditional baseline to 10.5 days under the AGF, a 43% reduction. Under the
baseline, revalidation was triggered manually after sprint reviews identified Al-induced discrepancies; under the AGF, model update events
triggered automated portfolio scanning and hypothesis re-evaluation, compressing detection-to-revalidation latency from days to hours and
eliminating the sprint review bottleneck. Backlog volatility index decreased from 31.7% to 19.9% of portfolio items requiring significant
revision per week, a 37% reduction, confirming that hypothesis-based requirements with explicit update triggers are more stable under Al
model update conditions than feature-behavioral User Story specifications. Delivery alignment rate improved from 61.4% to 79.3%, a 29%
improvement, attributable primarily to the capability streaming gates detecting behavioral misalignments before full-population
deployment — 11 distinct misalignment events were caught at the gate level during weeks 8—14 that would have proceeded to full
deployment under the baseline model. Governance documentation completeness improved from 54.2% to 91.0%, the most dramatic
improvement and the most practically significant for regulatory compliance: under the baseline, fewer than half of the 14 Al initiatives
maintained current, complete documentation at any given time; under the AGF, documentation was embedded as a continuous activity
producing near-universal coverage. Figure 2 presents the revalidation cycle time week-by-week trend showing the transition at week 8.
Figure 3 presents the progression of the backlog volatility index across the full 14-week period.

Table 4. AGF vs. Baseline Governance KPI Results — 14-Week Enterprise Evaluation (14 Al Initiatives)

KPI Metric Baseline (Weeks 1-7) AGF (Weeks 8-14)
Requirement Revalidation Cycle Time (days) 18.4 days 10.5 days (—43%)
Backlog Volatility Index (% items revised/week) 31.7% 19.9% (=37%)
Delivery Alignment Rate (%) 61.4% 79.3% (+29%)
Governance Documentation Completeness (%) 54.2% 91.0% (+68% absolute improvement)

Requirement Revalidation Cycle Time (14 Weeks)

—— Revalidation Cycle (days)

Fig 2. Requirement Revalidation Cycle Time (14 Weeks)
Backlog Volatility Index Trend (14 Weeks)

35.0%
30.0%

25.0%

£
F 200%
z
; 15.0%
2
10.0% Backlog volatility (%)
5.0%
0.0%
N
e I
WE AT LT L T T S e e e v
s 5" o ST ST o T
SN

Fig 3. Backlog Volatility Index Trend (14 Weeks)

4.3. Discussion

The 43% reduction in revalidation cycle time directly quantifies the governance latency the AGF eliminates. Under the traditional baseline,
an Al model update changing customer journey behavior in week 1 was reflected in updated requirement hypotheses no earlier than week
3, as the change propagated through the sprint review cycle. During this gap, the product team built features against require ments
invalidated by Al behavior that was already in production — a structural misalignment that the deployment challenges literature identifies
as one of the most costly operational inefficiencies in enterprise ML programs. Under the AGF, model update events triggered immediate
portfolio scanning, reducing the average governance lag from 18 days to 10 days and enabling same-day responses for high-sensitivity
items. The 37% backlog volatility reduction validates the hypothesis-based requirement model's core claim: that requirements designed
with explicit update triggers are more stable under Al model evolution than static feature specifications, because they separate what must
be true (the outcome hypothesis) from how it is achieved (the model implementation) [9][10].

The governance documentation completeness improvement — from 54.2% to 91.0% — is the result most directly relevant to organizations
facing regulatory obligations under the NIST AI RMF or the EU AI Act [16]. The baseline completion rate of 54.2% represents a
widespread, organizationally accepted governance failure: less than half of Al product initiatives maintained documentation that would
have satisfied regulatory scrutiny at any given time. This failure is not attributable to insufficient effort; it reflects the structural
incompatibility between documentation as a release-gate deliverable and the continuous evolution of Al-mediated products that makes any
point-in-time document stale within days [22]. The AGF addresses this by embedding documentation as a continuous governance activity:
requirement-hypothesis updates, behavioral-evidence summaries, and model-update logs are generated automatically by the governance
tooling and contribute to governance documentation without requiring dedicated manual effort. The 91.0% completion rate under this
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model demonstrates that near-comprehensive regulatory documentation is achievable without dedicated compliance overhead, provided
the governance architecture is designed to produce it continuously rather than periodically.

5. Conclusion

This paper has introduced the Adaptive Governance Framework (AGF), a six-dimensional governance architecture designed for enterprise
organizations operating Al-mediated customer journey systems at scale. By formalizing the Al-Induced Instability Model as a four-stage
diagnostic cascade — Al behavioral dynamism — customer journey volatility — requirement instability — execution friction — and
introducing the AGF as its structured governance response, this paper equips product organizations with both the analytical model to
understand their governance dysfunction and the operational framework to address it. The 14-week empirical evaluation across a 14-
initiative enterprise Al product program demonstrated a 43% reduction in requirement revalidation cycle time, a 37% reduction in backlog
volatility, a 29% improvement in delivery alignment rate, and a governance documentation completeness rate of 91% — compared to
54.2% under a traditional PDLC governance baseline — confirming the AGF's practical effectiveness across the dimensions that matter
most to enterprise Al product governance.

The structural implications for enterprise product organizations are significant. The AGF requires product managers to govern differently:
not as owners of feature specifications but as managers of behavioral hypotheses whose validity is continuously challenged by AI model
evolution. It requires engineering teams to build differently: not delivering features against fixed acceptance criteria but deploying
capabilities through monitoring-gated streaming pipelines. And it requires program leaders to plan differently: not on fixed quarterly cycles,
but on three-tier revalidation loops that align with the governance cadence to the velocity of Al behavioral change. These adaptations are
demanding, but the alternative — continuing to apply PDLC governance to Al-mediated products — produces the documented governance
dysfunction quantified in this paper. Organizations that make these adaptations will build a durable competitive advantage by governing
Al-mediated customer journeys safely, effectively, and with regulatory confidence.

Future work includes the extension of the AGF to multi-model product programs in which several Al systems jointly govern different
customer journey segments and must be coordinated in their governance cadences; the development of automated hypothesis-revalidation
tooling that integrates directly with AI model deployment pipelines to eliminate residual manual governance latency; and the empirical
evaluation of the AGF in regulated sectors — financial services, healthcare, insurance — where governance documentation completeness
carries formal legal obligations and the consequences of governance failure extend beyond customer experience degradation to regulatory
sanction and fiduciary liability.
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