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Abstract

Organisations routinely defer compliance work, accumulating costs that compound
over time. We introduce compliance debt as the accumulated cost required to
achieve regulatory alignment after deferral and present a taxonomy classifying it by
source (regulatory lag, architectural, documentation, process), visibility (explicit vs
implicit) and scope (component vs systemic). This framework provides a structured
vocabulary for diagnosing governance gaps and supports conceptualisation and
future measurement of continuous oversight mechanisms.

1 Introduction

Regulated organisations often postpone governance work until external pressure forces action. Fi-
nancial institutions delay updating policies after new privacy regulations [1]. Al developers release
models without documentation, intending to create it later [2]. Hospital systems implement digital
tools before establishing audit trails [3]. This deferred work creates costs that compound as systems
evolve and dependencies multiply.

This mirrors technical debt in software engineering, where expedient choices create future mainte-
nance costs. However, the governance analogue lacks systematic treatment. Existing terms such as
“compliance backlog” or “governance gap” log outstanding work but fail to convey compounding costs
or provide classification frameworks [446]. The term compliance debt has appeared in requirements
engineering [7]]; we generalise this to the organisational governance level, offering a taxonomy that
captures accumulation across regulatory, architectural, documentation and process dimensions.

We define compliance debt as the accumulated effort, cost and risk required to achieve full alignment
with applicable obligations, measured from a state of known or reasonably foreseeable misalignment
resulting from deferred governance activities, including gaps that would be detectable under a
reasonable monitoring effort. Key characteristics include temporal accumulation (debt grows as
gaps persist) and cumulative structure (deferring one task makes subsequent work harder). This
differs from non-compliance: non-compliance describes a static state of misalignment, whereas
compliance debt quantifies the accumulated remediation effort required to transition from that state to
full alignment, including compounding costs from delayed action; and from technical debt by often
being triggered by external regulatory change and amplified by internal design or process constraints

(8.

Our contribution is a multi-dimensional taxonomy enabling organisations to classify and prioritise
different forms of compliance debt. The framework is particularly relevant where regulatory obli-
gations outpace organisational implementation [5 9} [10], but generalises to any domain subject to
oversight. See supplementary appendices for applications, future directions, and implementation
guidance.
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2 Taxonomy

This taxonomy synthesises compliance patterns observed across regulated sectors, informed by
the technical debt framework []], practitioner consultations in financial services, and documented
regulatory adaptation challenges [5]. The three dimensions capture how compliance debt originates
(source), whether it is recognised (visibility), and its organisational reach (scope).

(® By source. Compliance debt originates from four sources, distinguished by trigger: one external
(regulatory change) and three internal (system design, documentation practices, and operational
processes). Regulatory lag debt arises when new or updated regulatory obligations take effect
but organisational systems, processes or practices have not yet been adapted to meet them [5, [10].
When new data protection rules tighten consent requirements but an organisation’s practices remain
unchanged for months, decisions made during this period (data collected or models trained) may
require retrospective review. Architectural debt occurs when system design constrains future
compliance. An Al model trained without provenance tracking [11}[12] cannot meet later transparency
requirements without costly re-engineering. Documentation debt involves missing artefacts required
for demonstrating compliance. Even with sound practices, absent documentation [13| [14] (model
cards, risk assessments or audit trails) creates debt because proving alignment becomes difficult.
Process debt reflects missing governance procedures such as review workflows, approval gates or
accountability structures. An organisation may have compliant policies without processes ensuring
consistent application, creating debt that becomes visible during audits when missing procedures lead
to inconsistent decisions [|15,116].

@ By visibility. Compliance debt varies in visibility. Explicit debt is recognised and tracked.
Regulatory changes appear on risk registers, missing documentation is logged and known gaps
are discussed in governance forums. Organisations consciously defer this work while monitoring
backlogs, making trade-offs between priorities. Explicit debt is manageable because it can be
prioritised and resourced systematically [17)]. Implicit debt is unrecognised or underestimated.
We include implicit debt where misalignment would be objectively detectable under reasonable
monitoring, even if unrecognised internally. Teams may believe they are compliant while unaware
that recent updates apply or that documentation standards have shifted. For example, an organisation
may deploy infrastructure that violates new data localisation requirements because internal policies
have not yet been updated to reflect the change. Implicit debt accumulates silently until audit
or incident forces discovery, posing greater risk because organisations cannot manage what they
do not measure. Compliance debt may also be recognised but underestimated, in which case the
acknowledged portion constitutes explicit debt whilst the underestimated remainder is implicit.

(® By scope. Compliance debt also differs in scope. Component-level debt affects specific
systems, models or departments. A single Al application lacking bias testing or one unit with
outdated procedures exemplifies component-level debt. Remediation is localised without requiring
organisation-wide coordination. However, component-level debt can proliferate across systems,
eventually demanding broader intervention. Systemic debt spans multiple components or shared
infrastructure. Organisation-wide absence of data lineage tracking creates debt across every data-
dependent process. Cross-cutting concerns such as consent management or audit logging exemplify
systemic debt. Remediation requires coordinated effort across teams, often involving restructuring or
new tooling. Addressing systemic debt can also eliminate multiple component-level debts simultane-
ously, making the trade-off between targeted and systemic remediation a central governance decision

[6].

3 Implications

The compliance debt framework provides a structured vocabulary for governance discussions, en-
abling teams to distinguish types of deferred work rather than using binary “compliant/non-compliant”
framings. It suggests indicators for continuous oversight such as regulatory lag (time between obli-
gation effective dates and implementation), documentation completeness (proportion of required
artefacts present) and process maturity (coverage of defined workflows). These indicators can under-
pin private governance mechanisms [4} [18]. Appendices provide further detail on applications, future
research, implementation guidance, governance regimes, and practical considerations.
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Appendix

A Potential Applications

The compliance debt framework can underpin various private governance mechanisms. Insurance
markets could use debt indicators for premium differentiation [[19} 20]]. Certification schemes could
grade organisations based on debt levels. Procurement frameworks could incorporate debt thresholds
into vendor evaluation.

B Future Research

Future research should develop detailed measurement frameworks, case studies quantifying remedi-
ation costs and analyses of how compliance debt can support the private governance mechanisms
increasingly proposed for Al and other regulated technologies. The framework contributes to
emerging discussions on private governance [4, 6] and to broader debates on risk and compliance
management [17]] by providing a structured language for identifying and managing deferred oversight
work, forming a foundation for continuous assurance and certification mechanisms.

C Implementation Guidance

The compliance debt framework serves different stakeholders in distinct ways:

Compliance teams can use the taxonomy to categorise and prioritise their backlog of deferred
work. By distinguishing regulatory lag debt from architectural or process debt, teams can allocate
resources appropriately: regulatory lag may require policy updates, whilst architectural debt demands
engineering involvement.

Risk managers can incorporate debt indicators into enterprise risk frameworks. Tracking explicit
versus implicit debt helps identify where monitoring gaps may leave the organisation exposed to
unrecognised compliance failures.

Auditors and assurance providers can use the framework to structure compliance assessments.
Rather than binary pass/fail evaluations, auditors can characterise the nature and severity of compli-
ance gaps, providing more actionable findings.

Executive leadership can use debt metrics to inform resource allocation and strategic planning.
Understanding whether debt is component-level or systemic helps determine whether targeted
remediation or broader transformation is required.

Regulators and policymakers may find the framework useful for understanding implementation
challenges. Patterns of architectural or process debt across a sector may indicate that regulatory
requirements need clearer technical guidance.



D Application Across Governance Regimes

The compliance debt framework applies differently across governance contexts:

Hard law and mandatory regulation. In contexts with binding legal obligations and active enforce-
ment (e.g., financial services regulation, data protection law), compliance debt carries direct legal
and financial risk. Organisations in these sectors already maintain internal compliance registers, and
the taxonomy provides a structured approach to existing practice. The primary value is systematic
prioritisation and resource allocation.

Soft law and voluntary standards. Industry codes of conduct, voluntary certification schemes,
and best practice guidelines create compliance expectations without direct legal enforcement. Here,
compliance debt may be more tolerable but still carries reputational and market access implications.
The framework helps organisations decide which voluntary commitments to prioritise.

Emerging regulatory domains. In areas like Al governance, where formal regulation is still devel-
oping but governance frameworks and ethical guidelines proliferate, organisations face uncertainty
about which standards will become mandatory. The taxonomy helps track alignment with emerging
expectations, reducing future regulatory lag debt when formal requirements crystallise.

Internal governance policies. Organisations often set internal standards that exceed regulatory
minimums. Debt against internal policies (e.g., data ethics guidelines, security standards) may not
carry regulatory risk but affects operational consistency and organisational culture. The visibility
dimension is particularly relevant here, as implicit debt against internal standards can undermine
governance credibility.

E Practical Considerations

One potential objection is that organisations would avoid quantifying compliance debt due to reg-
ulatory exposure risk. However, this misunderstands compliance practice in regulated sectors.
Organisations face ongoing obligations to achieve and maintain compliance. Identifying and quan-
tifying gaps is not optional but a necessary first step in remediation. Compliance teams routinely
maintain internal registers of regulatory gaps precisely to address them before regulators discover
violations. The taxonomy provides a structured framework for this existing practice, enabling system-
atic prioritisation and resource allocation. Internal debt quantification serves risk management rather
than creating avoidable exposure.
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