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ABSTRACT: State and federal agencies modernizing legacy IT systems increasingly consider introducing machine
learning capability into those modernization programs, including document classification, fraud detection triage,
eligibility screening support, and caseworker workload balancing. Unlike deterministic, rule-based system components,
machine learning introduces probabilistic behavior, model drift over time, and, in higher-impact use cases, direct
consequences for individuals and families that traditional IT governance frameworks were not originally designed to
address. This research article presents a responsible Al adoption framework for public sector IT governance, structured
around a risk classification approach positioning Al use cases by autonomy, decision impact, and reversibility, a tiered
governance gate model spanning intake screening through pre-production validation, human oversight design principles,
and a five stage Al governance maturity model. Findings are illustrated with a distinct set of three-dimensional
visualizations, including a 3D scatter plot positioning illustrative Al use cases by risk dimension, a 3D wireframe plot of
model drift over time, a 3D contour-surface plot of governance maturity, and a 3D stem plot of governance gate review
findings, alongside extensive grid-style data tables. Drawing on federal Al governance guidance, NIST Al risk
management standards, and public sector algorithmic accountability research published through July 2025, this article
finds that agencies applying a tiered governance gate model calibrated to Al use case risk classification report
substantially fewer post-deployment Al-related incidents and materially faster, more defensible adoption decisions than
agencies applying uniform governance rigor regardless of use case risk, or no formal Al-specific governance at all.

© GOVERNANCE NOTE

All statistics and figures in this article are illustrative, drawn from and consistent with patterns reported in public sector
Al governance and algorithmic accountability research published on or before July 2025, and are intended to represent
general industry patterns rather than any single named agency's reported results.

Keywords: responsible Al, machine learning governance, public sector IT governance, algorithmic accountability, Al
risk management, human oversight, legacy modernization, model drift.

I. INTRODUCTION AND RESEARCH CONTEXT

Legacy modernization programs across eligibility systems, case management platforms, and fraud detection
infrastructure increasingly incorporate machine learning components as part of broader system replacement or
enhancement efforts. This introduces a governance challenge distinct from the deterministic, rule-based system
components that traditional public sector IT governance frameworks were designed to oversee.

@ 1.1 Research Objectives

e Objective 1: Characterize why traditional legacy modernization governance is insufficient for machine learning
components specifically.

e Objective 2: Present a risk classification approach and tiered governance gate model calibrated to Al use case risk.
e Objective 3: Examine bias and fairness review, explainability, human oversight, and model drift monitoring practice.
e Objective 4: Provide a maturity model, governance role structure, and implementation roadmap for responsible Al
adoption.
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@ 1.2 Scope and Methodology

This research draws on the following source categories, all published prior to August 2025:

o Federal Al governance guidance, including executive branch Al policy and federal agency Al use case inventories.
e National Institute of Standards and Technology (NIST) Al risk management framework and related guidance.

e Public sector algorithmic accountability research addressing bias, fairness, and explainability in government Al use.
e Academic and practitioner literature on human-Al interaction design and model monitoring practice.

Table 1 introduces the four illustrative Al use case categories examined throughout this article.

Use Case Category Description Typical Legacy Modernization

Context
Document classification Automated categorization of | Eligibility system intake
incoming documents, such as | modernization.
applications or correspondence.

Fraud detection triage Automated flagging of transactions or | Program integrity modernization
applications ~ warranting  further | initiatives.
investigation.

Eligibility screening support Automated preliminary assessment of | Eligibility system decision support

eligibility criteria to inform, not | modernization.
replace, human determination.
Caseworker workload balancing Automated distribution of case | Case management system
assignments based on workload and | modernization.

case characteristics.

© 1.3 Who This Article Is For

This article addresses the intersection of Al-specific technical risk and public sector IT governance practice, written for
readers responsible for deciding whether and how machine learning capability enters a legacy modernization program,
not for AI model developers focused on algorithm selection or training technique.

Audience Primary Use of This Framework

State and federal IT governance leadership Establishing the risk classification and governance gate
model, per Sections 3 and 4, within existing IT governance
structures.

Program business owners considering Al-enabled | Understanding what governance obligations attach to a

capability proposed use case before committing to it, per the gate
applicability in Table 5.

Procurement and contracting staff Applying the vendor governance requirements described
in Section 12 when acquiring Al-enabled capability.

Legal, privacy, and civil rights offices Understanding the bias, fairness, and explainability
practices in Sections 5 and 6 relevant to their own review
responsibilities.

© 1.4 Policy Landscape Context

This article was written against a rapidly evolving federal and state Al policy landscape. Rather than detailing any single
administration's specific Al policy, which is subject to change, this article focuses on the more durable governance
principles, risk classification, tiered review, human oversight, and ongoing monitoring, that have remained consistent
across federal Al policy guidance published through mid 2025 regardless of specific administrative framing.

o Consistent principle 1: Federal guidance during this period consistently distinguished between Al use cases with the
potential to affect rights or safety and those without such potential, a distinction closely paralleling the risk classification
approach presented in Section 3.

o Consistent principle 2: Federal guidance during this period consistently emphasized human oversight proportionate
to risk, a principle reflected in the human oversight design models presented in Section 7.
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II. WHY LEGACY MODERNIZATION GOVERNANCE IS INSUFFICIENT FOR Al

Understanding the framework presented in this article requires first understanding precisely how machine learning
components differ from the deterministic system components traditional IT governance was designed to oversee.

© 2.1 Structural Differences Requiring New Governance

Governance Implication
Traditional test-case-based validation,

Description
A machine learning model produces a

Structural Difference
Probabilistic rather than

deterministic behavior

probability-weighted output rather than a
guaranteed, rule-determined result.

sufficient for rule-based systems, does not
fully characterize Al system behavior.

Performance degradation
over time (model drift)

A model's accuracy can degrade as real-
world data patterns diverge from the data the
model was trained on, examined further in
Section 8.

Requires  ongoing  post-deployment
monitoring, not solely pre-deployment
validation.

Reduced interpretability

Some machine learning approaches,
particularly more complex models, are less
inherently interpretable than explicit business
rules.

Requires dedicated explainability
practice, examined in Section 6, beyond
standard system documentation.

Training data dependency
and potential bias

Model behavior reflects patterns in its
training data, which may embed historical

Requires dedicated bias and fairness
review practice, examined in Section 5,

beyond standard functional testing.

bias affecting protected groups.

@ 2.2 The Case for AI-Specific Governance Gates

Each structural difference identified in Table 2 suggests that Al components require governance activities beyond those
a traditional legacy modernization change advisory process, of the kind examined in prior multi-system governance
research in this series, would typically apply. Section 4 presents a tiered governance gate model extending that traditional
change advisory structure to address these Al-specific considerations.

III. AI USE CASE RISK CLASSIFICATION

Not all Al use cases carry equivalent risk, and governance rigor should scale with risk rather than applying uniformly
regardless of use case. This section presents a three-dimensional risk classification approach.

Illustrative Al Use Case Risk Positioning by Autonomy,
Impact, and Reversibility

Chatbot
Intake Ass|stance

Q Maesewa et
s 18 a o NG

| Ellgibiity =P
FratiPening Sur
Detection Tria

pOrt

= More Reversible)

Illustrative Reversibili
Higher

2.0

, :
Mty o
e

Vst ‘T 4.0
N Ay 4.5
oy, 5.0 O
V1.5, W

Figure 1. Illustrative Al use case risk positioning by autonomy, impact, and reversibility, for six illustrative public
sector Al use cases.
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9 3.1 The Three Risk Dimensions

Dimension Definition Illustrative Low End Ilustrative High End

Autonomy The degree to which the AI | System output is advisory | System output directly
system acts without human | only, reviewed by a human | triggers action without
review before its output | before any action. human review.
takes effect.

Decision impact The significance of the | Minor, easily correctable | Significant  consequence
consequence to an | administrative affecting benefit eligibility,
individual if the Al system's | consequence. safety, or liberty.

output is acted upon.

Reversibility

The degree to which an
incorrect Al-influenced
decision can be identified

Difficult or impossible to
fully reverse once acted
upon.

Fully and easily reversible
with no lasting
consequence.

and corrected after the fact.

© 3.2 Interpreting the Use Case Positioning

As illustrated in Figure 1, automated benefit denial represents the highest-risk illustrative use case, combining high
autonomy, high decision impact, and low reversibility. Chatbot intake assistance represents the lowest-risk illustrative
use case, combining low autonomy, low decision impact, and high reversibility.

o Highest risk positioning: Use cases positioned toward high autonomy, high impact, and low reversibility, per the
automated benefit denial example in Figure 1, warrant the most rigorous governance gate review, per the tiered model in
Section 4.

e Important nuance: Use cases combining low autonomy with high impact, such as eligibility screening support, still
warrant meaningful governance attention despite their advisory-only design, since the underlying decision impact
remains significant even though a human retains final authority.

4 RISK CONSIDERATION

Risk classification should be revisited if a use case's design changes, particularly if a system originally designed as
advisory-only (low autonomy) is later modified to act with greater autonomy, since this shifts the use case's position in
Figure 1 and may warrant a more rigorous governance gate tier.

IV. THE TIERED GOVERNANCE GATE MODEL

The tiered governance gate model translates the risk classification in Section 3 into specific review requirements a use
case must pass through before and after deployment.

@ 4.1 Governance Gate Descriptions

Gate
Intake screening

Description
Initial assessment of a proposed Al use case against the risk
classification dimensions in Section 3.1.

Primary Focus
Determines which subsequent
gates apply based on risk

classification.
Bias and fairness | Assessment of training data and model outputs for disparate | Fairness  across  affected
review impact on protected groups, examined further in Section 5. | populations.
Explainability review Assessment of whether the model's decision logic can be | Interpretability and
adequately explained to affected individuals and reviewing | transparency.

staff, examined further in Section 6.

Appropriate  human control
proportionate to risk.

Assessment of the human review and override mechanisms
built into the use case's deployment design, examined
further in Section 7.

Human
design review

oversight

validation before | Confirms all applicable prior

gates have been satisfied.

Pre-production
validation

Final technical and governance
production deployment.
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@ 4.2 Gate Applicability by Risk Tier

Risk Tier Illustrative Use Case Example Applicable Gates
Low risk Chatbot intake assistance Intake screening and pre-production validation only.

Moderate risk | Document classification, caseworker | Intake screening, explainability review, and pre-production
workload balancing validation.

Fraud detection triage, All gates, including bias and fairness review and human
screening support oversight design review.

Automated benefit denial All gates, with elevated executive-level review at each gate.

High risk eligibility

Critical risk

V. BIAS AND FAIRNESS REVIEW PRACTICE

Bias and fairness review, applicable to high and critical risk tier use cases per Table 5, addresses the training data
dependency structural difference identified in Section 2.1.

@ 5.1 Fairness Assessment Approaches

Approach Description Best Suited Context

Disparate  impact | Statistical comparison of model outcomes across | Use cases with available, reliable

analysis protected group categories to identify disproportionate | demographic  data  for  affected
impact. populations.

Training data | Assessment of whether training data adequately | New model development, before

composition review | represents the population the model will be applied to. | deployment.

Counterfactual Testing whether model output would change if an | Use cases where causal fairness

individual's protected characteristic were different, | reasoning is feasible and interpretable.
holding other factors constant.
Continuous post-deployment monitoring of outcome

distributions across protected groups.

fairness testing

All high and critical risk tier use cases,
complementing pre-deployment review.

Ongoing outcome

monitoring

@ 5.2 Common Bias and Fairness Review Gaps

e Bias review is sometimes conducted once before initial deployment without the ongoing outcome monitoring
described in Table 6, missing bias that emerges only after real-world deployment.

e Available demographic data for disparate impact analysis is sometimes incomplete or unreliable, particularly for
populations for whom demographic data collection is itself sensitive or restricted.

VI. EXPLAINABILITY AND MODEL TRANSPARENCY

Explainability review, applicable to moderate, high, and critical risk tier use cases per Table 5, addresses the reduced
interpretability structural difference identified in Section 2.1.

© 6.1 Explainability Approach Comparison

Approach Description Best Suited Model Type

approximating why it produced a given
output.

Inherently interpretable | Selecting model architectures, such as | Use cases where model architecture
models decision trees or linear models, that are | choice is flexible and interpretability is

interpretable by design. prioritized over marginal accuracy gains.
Post-hoc explanation | Applying explanation techniques to a | Use cases requiring more complex model
techniques more complex model after the fact, | architectures where post-hoc

approximation is an acceptable tradeoff.

Feature importance reporting

Reporting which input features most
influenced a given output, without fully
explaining the model's internal logic.

Use cases where partial transparency is
sufficient for the applicable governance
gate tier.
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@ 6.2 Explainability Requirements by Audience

Audience Explainability Need Typical Format

Affected A plain-language explanation of why a decision was | Plain-language notice, distinct from
individuals reached, sufficient to support any applicable appeal rights. | technical model documentation.
Caseworkers and | Sufficient detail to exercise informed human oversight, | Operational documentation integrated
reviewing staff per Section 7, over the model's output. into the review workflow.
Governance and | Full technical documentation supporting the governance | Formal technical documentation and
audit reviewers gate review process described in Section 4. model cards.

VII. HUMAN OVERSIGHT DESIGN PRINCIPLES

Human oversight design, reviewed at the governance gate described in Section 4.1, determines how meaningfully a
human reviewer can identify and correct an Al system's error before it affects an individual.

© 7.1 Human Oversight Model Comparison

Oversight Model Description Best Suited Risk Tier

Human-in-the-loop A human reviews and approves every individual | High and critical risk tier use cases, per
Al-influenced output before it takes effect. Table 5.
Human-on-the-loop A human monitors aggregate Al system behavior | Moderate risk tier use cases where full

and can intervene, but does not review every | per-decision review is impractical.
individual output.
Human-out-of-the-loop | The AI system operates without per-decision | Low risk tier use cases only, given the
with periodic audit human review, subject to periodic aggregate | absence of per-decision human control.

audit.

© 7.2 Designing Meaningful, Not Nominal, Oversight

e Automation bias risk: A human-in-the-loop design that presents reviewers with high output volume and limited time
per review risks becoming nominal oversight in practice, where reviewers default to approving Al output without genuine
independent assessment, a pattern sometimes called automation bias.

e Design mitigation: Oversight design should include sufficient context and time for genuine review, and should be
monitored for override rate; an unusually low override rate may indicate automation bias rather than genuinely low model
error.

@ 7.3 Appeal Rights and Due Process Considerations

For Al use cases affecting benefit eligibility or similar decisions, human oversight design intersects directly with an
individual's existing statutory or constitutional due process rights, including the right to notice and the right to appeal an
adverse decision. Human oversight design should be evaluated against these rights, not only against internal governance
risk tiers.

Due Process Description Design Implication

Consideration

Adequate notice | Individuals affected by an Al-influenced decision | Notice language should be reviewed alongside

of Al | generally have aright to know that Al played arole | the explainability materials described in

involvement in that decision. Section 6.2.

Meaningful An individual appealing an Al-influenced decision | The explanation provided to affected

basis for appeal | must have enough information about the basis for | individuals, per Table 8, must be sufficient to
that decision to mount an effective appeal. support this right, not merely procedurally

present.

Human Many program appeal processes require that a | Human oversight design for high and critical

decision-maker | human, not solely the original Al system, review | risk tier use cases, per Table 5, should explicitly

availability on | the case on appeal. incorporate a human appeal reviewer distinct

appeal from the original decision path.
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4 RISK CONSIDERATION
Due process requirements vary by program and jurisdiction and are governed by applicable statute, regulation, and case

law beyond the scope of this article's technical governance framework; agencies should engage legal counsel specific to
each program area when designing human oversight for use cases affecting benefit eligibility or similar protected

interests.

VIII. MODEL DRIFT AND POST-DEPLOYMENT MONITORING

Model drift, the performance degradation structural difference identified in Section 2.1, requires dedicated post-
deployment monitoring practice distinct from pre-deployment validation.

lllustrative Model Drift Over Time Across
Confidence Threshold Bands

lllustrative Model Drift Index

Monty i
Si 15 xS
ince Moge, Dep; 20 25 0.5 ¢ N

Figure 2. Illustrative model drift over time across confidence threshold bands.

© 8.1 Interpreting the Drift Pattern
As illustrated in Figure 2, model drift is illustrated increasing over time, with the rate of increase greater at lower

confidence thresholds than at higher confidence thresholds. This suggests that models operating with lower confidence
thresholds, accepting less certain outputs, may require more frequent monitoring and recalibration than models operating

with higher, more conservative confidence thresholds.

© 8.2 Drift Monitoring Practice

Monitoring Practice Description Recommended Cadence

Output distribution monitoring Tracking whether the statistical | Continuous, with defined alert
distribution of model outputs shifts | thresholds.

over time relative to its baseline at

deployment.
Accuracy sampling against ground | Periodically sampling model outputs | Regular, with frequency informed by
truth and comparing against verified, | the risk tier per Table 5.

known-correct outcomes.
A defined process evaluating whether | Triggered by monitoring thresholds,
observed drift warrants model | not solely a fixed calendar schedule.

retraining.

Retraining trigger evaluation

IJIRSET©2025 | AnISO 9001:2008 Certified Journal | 19165



http://www.ijirset.com/

Impact
Factor

8.699

, - . .
ﬂ’\ !g%_'d_ International Journal of Innovative Research of

nﬁ Science, Engineering and Technology (IJIRSET)

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 14, Issue 8, August 2025

|DOI: 10.15680/1JIRSET.2025.1408111|
IX. GOVERNANCE MATURITY LANDSCAPE ANALYSIS

Governance maturity can be modeled as a landscape shaped by two foundational governance characteristics: human
oversight level and model transparency level.

Illustrative Governance Maturity Landscape by Oversight
and Transparency Level, with Contour Projection

lllustrative Governance
Maturity Index

Figure 3. Illustrative governance maturity landscape by oversight and transparency level, with contour projection.

© 9.1 Interpreting the Maturity Landscape

e Balanced development: Governance maturity, as illustrated in Figure 3, rises with both oversight and transparency
level, but the relationship is not simply additive; the landscape's curvature suggests oversight and transparency are most
effective when developed together rather than one substantially ahead of the other.

e Practical implication: An agency investing heavily in human oversight design, per Section 7, while neglecting
explainability, per Section 6, may find its oversight less effective than the landscape's peak region would suggest, since
reviewers cannot meaningfully oversee what they cannot adequately understand.

© 9.2 Using the Landscape for Governance Investment Planning

Current Position Description Recommended Investment Priority

High oversight, low transparency Strong human review processes exist, | Prioritize explainability investment
but reviewers lack adequate model | per Section 6 to make existing
explanation. oversight more effective.

Low oversight, high transparency Model behavior is well documented | Prioritize human oversight design

and explainable, but human review | investment per Section 7.
processes are underdeveloped.

Low oversight, low transparency Neither foundational characteristic is | Address both simultaneously;
well developed. addressing only one is likely to yield
limited maturity improvement given
the landscape's joint curvature.

High oversight, high transparency Both foundational characteristics are | Shift investment toward the bias,
well developed. fairness, and drift monitoring
practices in Sections 5 and 8.

X. GOVERNANCE GATE FINDINGS BY PROGRAM AREA

Examining governance gate review findings, per the gates described in Section 4.1, across program areas reveals where
governance attention is most frequently and most heavily required.
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lllustrative Review Finding Counts by Governance Gate
and Program Area, Stem Plot View

N
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o
w
lllustrative Finding Count

Figure 4. Illustrative review finding counts by governance gate and program area.

© 10.1 Finding Volume Observations

Program Area Intake Bias & Fairness Explainability Human Pre-Production
Screening Review Review Oversight Validation
Design Review
Eligibility 12 18 9 14 6
systems
Fraud detection 16 24 13 19 9
Caseworker tools | 7 11 5 8 3

© 10.2 Interpreting Program-Level Differences

o Fraud detection, highest findings: Fraud detection shows the highest illustrative finding count across every
governance gate examined, consistent with fraud detection use cases often combining high autonomy and significant
decision impact per the risk classification in Section 3.

o Caseworker tools, lowest findings: Caseworker tools show the lowest illustrative finding count across every gate,
consistent with these use cases more frequently falling into the low or moderate risk tiers per Table 5.

e Bias and fairness as the most finding-heavy gate: Bias and fairness review generates the highest finding count
within every program area examined, suggesting this gate may benefit from earlier, more iterative engagement during
model development rather than a single, late-stage review.

XI. THE FIVE STAGE AI GOVERNANCE MATURITY MODEL

Agencies can be classified into one of five maturity stages describing overall responsible Al adoption governance
readiness.

Stage = Name \ Description

1 Unmanaged Al use cases are adopted without a formal risk classification or governance gate process.

2 Classified Use cases are classified by risk per Section 3, but governance gate application, per Section
4, 1s inconsistent.

3 Gated The tiered governance gate model operates consistently across all Al use cases per their risk
classification.

4 Monitored Post-deployment drift monitoring, per Section 8, and ongoing fairness monitoring, per
Section 5.1, operate continuously.

5 Adaptive Governance investment is prioritized dynamically using landscape analysis, per Section 9,
and finding pattern analysis, per Section 10.
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Given the illustrative finding patterns in Section 10.2, agencies at earlier maturity stages should expect bias and fairness
review to surface the most findings as they progress toward Stage 3, underscoring the value of the earlier, iterative
engagement recommended in that section.

XII. PROCUREMENT AND VENDOR CONSIDERATIONS

Many public sector Al use cases are delivered through vendor-provided or vendor-integrated machine learning capability
rather than fully in-house model development, introducing procurement-specific governance considerations.

@ 12.1 Vendor Al Governance Requirements

Requirement Area Description Contractual Consideration

Model The vendor must provide sufficient model | Contracts should specify required documentation

documentation and | documentation to support the explainability | deliverables, not assume vendor cooperation

explainability review in Section 6. informally.

access

Bias and fairness | The vendor should provide evidence of bias | Contracts should specify testing evidence as a

testing evidence and fairness testing conducted during model | deliverable, particularly for high and critical risk
development. tier use cases.

Drift  monitoring | The agency must retain sufficient access to | Contracts should explicitly preserve agency data

data access model output data to conduct the drift | access rights, avoiding vendor lock-in that
monitoring described in Section 8.2. prevents independent monitoring.

Model update | The vendor should notify the agency of | Contracts should require advance notification of

notification material model updates that could affect | model changes affecting deployed use cases.
governance gate findings previously issued.

© 12.2 Common Procurement Gaps

e Agencies sometimes procure Al-enabled capability without explicit contractual provisions ensuring the
documentation, testing evidence, and data access needed to support the governance gate model in Section 4.

e Vendor model updates are sometimes deployed without agency awareness, effectively bypassing the governance gate
process the agency believes is being consistently applied.

© 12.3 Third-Party Foundation Model Considerations

A growing share of vendor-provided Al capability builds on third-party foundation models, general purpose models
trained by a separate provider and adapted or fine-tuned for the specific public sector use case, rather than models built
entirely by the vendor from agency-specific data. This layered supply chain introduces governance considerations beyond
the direct vendor relationship alone.

Consideration \ Description Governance Implication

Foundation model | The underlying foundation model provider's | Contracts should require the vendor to flow down

provider own documentation and testing practices may | applicable documentation and testing evidence

transparency not be directly visible to the agency through its | from the foundation model provider, not only the
vendor relationship. vendor's own fine-tuning layer.

Foundation model | Foundation model providers may update | The model update notification requirement in

update cadence underlying models on their own schedule, | Table 15 should explicitly address foundation

independent of the vendor's own release cycle. | model layer wupdates, not solely vendor
application layer updates.
Shared foundation | The same foundation model may serve many | Bias and fairness review, per Section 5, should

model across | customers across sectors, meaning agency- | specifically examine behavior after the agency's
multiple specific fine-tuning may only partially address | own fine-tuning and configuration, not rely
customers public sector-specific bias or fairness concerns. | solely on the foundation model provider's

general-purpose testing.
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e Practical guidance: Agencies should map their Al supply chain, identifying both the direct vendor and any
underlying foundation model provider, as part of the intake screening gate described in Section 4.1, since governance
obligations may need to address both layers.

XIII. GOVERNANCE ROLES AND OWNERSHIP

Sustained responsible Al governance requires clearly defined roles spanning technical, policy, and program-specific
expertise.

@ 13.1 Governance Roles

Role Primary Responsibility Relationship to Governance Gates
Al governance lead Owns the overall governance gate model, risk | Coordinates all gates; primary
classification approach, and maturity progression | escalation point.
described in Sections 3, 4, and 11.
Bias and fairness | Conducts the bias and fairness review described in | Owns the bias and fairness review
reviewer Section 5. gate.
Model transparency | Conducts the explainability review described in | Owns the explainability review gate.
reviewer Section 6.
Program-specific Represents the affected program's operational and | Co-owns the human oversight design
business owner policy expertise during human oversight design | review gate.
review, per Section 7.
Post-deployment Owns the drift and fairness monitoring described | Owns ongoing, post-gate monitoring.
monitoring lead in Sections 5.1 and 8.2.

© 13.2 Common Governance Gaps

e Al governance is sometimes assigned informally to existing IT governance staff without dedicated bias, fairness, or
explainability expertise, limiting the depth of review at those specific gates.

e Post-deployment monitoring ownership is occasionally left unassigned once a use case passes pre-production
validation, allowing drift, per Section 8, to accumulate undetected.

XIV. RISK ASSESSMENT AND MITIGATION PLANNING

Responsible Al adoption programs carry risks that agencies should evaluate and mitigate deliberately, given the potential
consequences of ungoverned Al use in high-impact public sector contexts.

Risk \ Likelihood Impact Mitigation Approach

High-risk use case deployed without full | Moderate High Enforce risk classification and gate

governance gate review applicability per Sections 3 and 4.2 as a
mandatory intake step.

Automation bias undermines nominal | Moderate to | High Design for genuine oversight and monitor

human-in-the-loop oversight High override rates per Section 7.2.

Model drift accumulates undetected post- | High High Assign dedicated post-deployment

deployment monitoring ownership per Section 13.1.

Vendor model updates  bypass | Moderate High Establish  contractual model  update

governance gate review notification requirements per Section 12.1.

Bias and fairness findings addressed | High Moderate | Engage bias and fairness review iteratively

reactively  rather than early in during development per Section 10.2.

development
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@ 14.1 Risk Prioritization Guidance

e High-risk use case governance bypass should be treated as highest priority given its direct connection to significant,
potentially irreversible consequences for affected individuals.

e Automation bias and model drift risks are best addressed through the specific design and monitoring practices
described in Sections 7.2 and 8.2 respectively.

e Vendor-related governance bypass risk should be addressed contractually and proactively, per Section 12.1, rather
than discovered reactively after a model update has already affected production behavior.

XV.IMPLEMENTATION ROADMAP

Translating this framework into an executable program requires sequencing risk classification, governance gate
implementation, and monitoring capability development.

Approximate Timeframe Key Milestones

Risk  Classification = Framework | Months 1 to 2 Establish the risk classification dimensions and
Adoption scoring approach per Section 3.

Governance Gate Model | Months 2 to 5 Implement the tiered governance gate model per
Implementation Section 4, staffed with the roles in Section 13.1.
Bias, Fairness, and Explainability | Months 4 to 8 Establish the review practices in Sections 5 and 6
Practice Build for existing and pipeline use cases.

Human Oversight and Monitoring | Months 6 to 10 Implement human oversight design per Section 7
Design and post-deployment monitoring per Section 8.
Procurement Alignment and | Months 9 onward Align procurement practice per Section 12 and
Sustained Operations operate the KPIs described in Section 17.

@ 15.1 Governance Cadence Reference

o Biweekly to monthly: Review new use case intake screenings and pending governance gate reviews.
e Monthly: Review drift monitoring alerts and fairness monitoring findings per Sections 5.1 and 8.2.

e Annually: Conduct a full Al governance maturity reassessment per Section 11.

XVI. CASE PATTERNS AND INDUSTRY BENCHMARKS
This article synthesizes recurring patterns observed across published federal and state Al governance guidance and public

sector algorithmic accountability research through mid 2025, rather than reporting on a single named agency
implementation.

Pattern Observed \ Reported Association

Risk classification applied consistently at | More proportionate governance rigor, avoiding both under-governance of

use case intake high-risk use cases and unnecessary burden on low-risk use cases (Section
3).

Bias and fairness review engaged | Fewer late-stage findings requiring costly rework compared to single, late-

iteratively during model development stage review (Section 10.2).

Human oversight design monitored for | Earlier detection of automation bias compared to programs assuming

override rate human-in-the-loop oversight is inherently effective (Section 7.2).

Contractual model update notification | Reduced incidence of vendor model updates bypassing governance gate

requirements established review (Section 12.1).

Post-deployment monitoring ownership | Reduced undetected model drift accumulation compared to programs

assigned explicitly without assigned ongoing ownership (Section 13.2).

@ 16.1 Cross-Program Observations

e Observation 1: Fraud detection use cases, given their illustrated higher finding volume across all governance gates
in Section 10.1, benefited disproportionately from early, iterative bias and fairness engagement relative to lower-risk
program areas.
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e Observation 2: Agencies with mature legacy modernization change advisory governance, of the kind examined in
prior multi-system research in this series, more readily extended that structure to incorporate the Al-specific gates in
Section 4 than agencies without pre-existing change governance maturity.

© 16.2 Relationship to Adjacent Governance Research

The Al governance challenges examined in this article echo structural patterns observed across other areas of public
sector technology governance examined elsewhere in this research series, suggesting that responsible Al adoption is best
understood as an extension of existing governance discipline rather than an entirely novel governance domain.

Adjacent Governance Context Parallel to the AI Governance Framework in This Article

Multi-system change advisory and | A tiered governance gate model, calibrated to risk, mirrors the cross-system change
release governance advisory board structure examined in prior research, extended here to address Al-
specific review criteria.

CIS benchmark compliance and | Ongoing drift and fairness monitoring, per Sections 5.1 and 8.2, mirrors the shift
continuous monitoring from periodic manual audit to continuous compliance monitoring examined in prior
cloud security governance research.

Dependency and RAID log | The foundation model supply chain mapping described in Section 12.3 mirrors the
governance in  multi-vendor | cross-vendor dependency mapping discipline examined in prior multi-vendor
programs program governance research.

e Practical implication: This pattern suggests that agencies with mature governance practice in these adjacent domains
are likely to adapt more readily to Al-specific governance requirements than agencies without such existing governance
maturity, consistent with Observation 2 above.

XVII. KEY PERFORMANCE INDICATORS FOR ONGOING GOVERNANCE

Sustaining responsible Al adoption governance requires an ongoing measurement framework spanning governance gate
compliance, monitoring effectiveness, and outcome fairness.

KPI Definition Hlustrative Target

Governance gate | Percentage of Al use cases completing all applicable | Full compliance across all deployed

compliance rate governance gates per their risk tier, per Table 5. use cases.

Human oversight | Percentage of human-in-the-loop reviews resulting | Consistent with genuine review per

override rate in override of the Al system's recommendation. Section 7.2, neither implausibly low
nor unexpectedly high.

Model  drift  alert | Average time from a drift monitoring alert to | Short and consistent, benchmarked

response time governance review and response. against the monitoring cadence in
Section 8.2.

Fairness  monitoring | Trend in bias and fairness monitoring findings over | Declining or  stable,  without

finding trend time, per Section 5.1. unexplained increases.

Vendor model update | Percentage of vendor model updates for which | Full compliance across all active

notification compliance | advance notification was received per the contractual | vendor relationships.

requirement in Section 12.1.
Al governance maturity | Composite score tracked against the five stage model | Steady progression toward higher
stage progression in Section 11. maturity stages.

©® GOVERNANCE NOTE
KPIs should be reviewed on the cadence described in Section 15.1, with particular attention to whether human oversight
override rates suggest genuine review per Section 7.2 rather than automation bias.
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XVIII. CONCLUSION AND RECOMMENDATIONS

Responsible Al adoption in public sector IT governance requires risk-calibrated governance gates extending, rather than
replacing, existing legacy modernization governance structures. Agencies that classify Al use cases by risk and apply
proportionate governance rigor through bias and fairness review, explainability review, human oversight design, and
post-deployment monitoring report substantially fewer Al-related incidents and more defensible adoption decisions than
agencies applying uniform or absent Al-specific governance.

© 18.1 Summary of Key Findings

e Al use cases vary substantially in risk based on autonomy, decision impact, and reversibility, and governance rigor
should scale accordingly rather than applying uniformly.

e Bias and fairness review generates the highest governance gate finding volume across program areas examined,
suggesting earlier, iterative engagement yields better outcomes than late-stage review alone.

e Human oversight and model transparency develop most effectively together, per the governance maturity landscape
analysis in Section 9, rather than one substantially ahead of the other.

e Model drift increases over time and more rapidly at lower confidence thresholds, underscoring the necessity of
ongoing, not solely pre-deployment, monitoring practice.

@ 18.2 Recommendations

e Recommendation 1: Adopt a formal risk classification approach, per Section 3, applied consistently at Al use case
intake before governance gate application.

e Recommendation 2: Engage bias and fairness review iteratively during model development rather than as a single,
late-stage gate, per the finding pattern in Section 10.2.

e Recommendation 3: Design human oversight for genuine, not nominal, review, and monitor override rates to detect
automation bias, per Section 7.2.

e Recommendation 4: Establish contractual requirements ensuring vendor Al capability supports the documentation,
testing evidence, and monitoring access described in Section 12.1.
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