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Abstract
This article investigates how to translate abstract responsible artificial intelligence (AI) principles into
practical constraints for public-sector AI systems. Focusing on due process, transparency, fairness, reason-
giving and proportionality, the paper uses administrative and constitutional law doctrines to scrutinize
AI deployments in government. The purpose of this comparative analysis is to evaluate how the divergent
frameworks of theUnited States (US), the EuropeanUnion (EU) and Singapore fulfill responsible AI princi-
ples. The paper contrasts the EU’s unified hard-lawmodel with the fragmented preemption approach of the
US and the facilitative soft-law guidelines of Singapore. Furthermore, the analysis explores how legal norms
can be integrated throughout the AI lifecycle, addressing the inherent tensions between technical perfor-
mance and legal compliance. Illustrative case studies – including the Dutch childcare-benefits algorithm,
the UK exam-grading fiasco, the US Internal Revenue Service audit controversies and Estonia’s success-
ful Kratt AI implementation – highlight the severe consequences of algorithmic opacity and the benefits
of proactive governance. Drawing on these insights, the paper argues that multidisciplinary governance
is essential. The article’s original scholarly contribution lies in systematically mapping administrative and
constitutional law doctrines onto AI requirements across the AI lifecycle, proposing a concrete techno-legal
architecture that ensures automated public decisions comply with enduring legal norms.

Keywords: responsible artificial intelligence; public administration; administrative law; generative AI; transparency;
accountability

1. Introduction
The deployment of artificial intelligence (AI) in government – from automating benefit allocation
to predictive policing – raises profound questions about accountability, rights and the rule of law
(OECD, 2024). Algorithmic systems can make errors or embed biases in ways that are opaque to
affected individuals (National Institute of Standards and Technology, 2023). It is necessary to avoid
conflating modern machine-learning AI with broader automated decision-making (ADM) or algo-
rithmic administration, as these concepts raise fundamentally different legal and technical issues
regarding explainability and systemic opacity (Wolswinkel, 2022).While traditional ADMoften relies
on hard-coded, rule-based decision trees that are inherently auditable, modern machine-learning AI
evolves based on complex data patterns, creating a mathematical “black box” that confounds tradi-
tional legal scrutiny. This opacity collides with long-standing legal norms: public administrations are
subject to due process, transparency and non-arbitrariness, and governments must justify and record
their decisions (Wolswinkel, 2022).
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Public AI systems demand high levels of legal, ethical and technical responsibility to ensure trust
and legitimacy. Key principles for governingAI in the public sector include fairness (avoiding bias and
non-discrimination), due process (right to notice, hearing and reasoned decisions), proportionality
(tailoring AI use to the risk posed), transparency (clear information about how decisions are made),
accountability (being answerable for outcomes) and privacy (protecting personal data) (UNESCO,
2021). Bridging law and code remains a central challenge, as law speaks in broad, principle-laden
language, whereas technical teams work with statistical data pipelines and models (Nouws & Dobbe,
2024).

This article addresses not only law-as-code and code-as-law mechanisms but also broader issues
of institutional design, governance structures and administrative processes related to responsible
AI in public administration. The article’s original scholarly contribution lies in systematically map-
ping administrative and constitutional law doctrines onto responsible AI requirements across the AI
lifecycle, while undertaking a comparative evaluation of global regulatory regimes.

The selection of the United States (US), the European Union (EU) and Singapore as the juris-
dictions examined in this article is driven by their distinct geopolitical and regulatory positions,
representing three distinct paradigms of technology governance. The EU represents a regulatory
superpower asserting a unified, hard-law approach, despite its heavy reliance on externally developed
AI models. The US represents a decentralized, market-driven regime currently leaning toward fed-
eral preemption and deregulation, heavily influenced by its status as the dominant hub for frontier AI
developers. Singapore represents a smaller, highly agile governance structure prioritizing facilitative,
soft-law frameworks that foster rapid technological integration without stifling innovation. Factors
such as the dominant role of US companies in AImodel development, Singapore’s smaller population
and agile governance structure, and the EU’s regulatory influence despite its reliance on externally
developed models significantly affect the implementation of responsible AI principles across the AI
lifecycle.

This article explicitly frames the jurisdictional examinations as part of a structured compara-
tive analysis, evaluating these three systems against administrative and constitutional law principles.
By exploring thematic challenges – risk classification, human oversight, transparency, explainability,
auditability and accountability – the paper outlines a techno-legal architecture that weaves legal rules
into technical design and embeds technical checks into legal review.

2. Legal and normative foundations
2.1 Administrative law doctrines
Public administration is traditionally governed by doctrines of procedural fairness and rationality.
At a minimum, due process requires that individuals receive notice of a decision affecting them, an
opportunity to contest it and a reasoned explanation of the outcome (United Nations Department of
Economic and Social Affairs, 2024). In many jurisdictions worldwide, administrative laws impose
a duty on public bodies to state reasons for their decisions. This duty serves multiple goals: it
promotes accuracy by forcing decision-makers to thinkmore carefully, facilitates judicial or adminis-
trative review and fosters public confidence by ensuring decisions are not arbitrary (Donnelly, 2025).
Historically, the law has justified reason-giving on instrumental grounds, as a reasoned record makes
it easier to detect errors or bias. Beyond mere instrumentalism, reason-giving rests on fundamental
human dignity: an individual subject to a public decision has a right to understand why it was made,
especially when a powerful state actor is involved (Ullits, 2025).

Introducing an opaque machine-learning model in place of a human decision-maker profoundly
challenges these values. An algorithm might take actions – such as disproportionately targeting
specific demographics for tax audits – without an obvious logical trail (Elzayn et al., 2025). To
satisfy administrative-law duties, an AI system should generate explanations or logs that a human
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auditor or appellant can understand. Without such measures, AI-driven decisions risk flouting the
core procedural norms that legitimize state action (Bignami, 2022).

2.2 Fundamental rights and equality
Governments are bound by substantive rights as well as process rules. Antidiscrimination and equal-
ity laws prohibit administrative practices that arbitrarily disadvantage protected groups (Wolswinkel,
2022). For example, the EUCharter of Fundamental Rights and the equal protection guarantees under
the US Constitution’s 5th and 14th Amendments bar government actions that classify based on race,
gender or other protected classes without strong justification (Students for Fair Admissions, Inc. v.
President and Fellows of Harvard College, 2023). Any public AI system must be designed so as not
to encode bias against minorities, necessitating the use of unbiased data, disparate impact auditing
and specialized scrutiny for sensitive categories.

Furthermore, privacy and data-protection regimes, notably the EU’s General Data Protection
Regulation (GDPR), mandate that personal data must be handled lawfully and with informed con-
sent where required. The law provides a right to an effective remedy when rights are violated. If an
algorithm errs, affected individuals must have avenues to challenge the decision through an appeal
or judicial review, mirroring the contestability of human adjudication (Dun& Bradstreet Austria and
Others, 2025). This implies that automated systems must be contestable: they must record inputs and
logic sufficiently that an appeals court can audit compliance with legal norms.

2.3 Good governance principles
Beyond individual rights, public administration is guided by broader principles of transparency,
accountability and legitimacy. Public agencies operate under a general duty to justify their actions
and avoid caprice (OECD, 2025c). Openness is key: laws require that significant administrative deci-
sions be published or communicated in an understandable form. Embedding AI in governmentmust
therefore promote these principles of good administration (Wolswinkel, 2022). For instance, docu-
menting how an AI came to a policy-critical output, allowing public audit of algorithmic criteria
and ensuring clear lines of responsibility when errors occur are foundational requirements. The core
challenge is balancing these norms so that algorithmic governance does not make agencies opaque
or unaccountable in the name of efficiency (Government Digital Service, 2025). Good governance
demands that AI systems used by governments be designed to reinforce – and never to supplant –
the rule-of-law ideals of transparency, reasonableness and accountability (Council of Europe, 2024).

3. Comparative evaluation of regulatory frameworks
This article explicitly frames these sections as a structured comparative analysis, contrasting the EU’s
unified hard-law model with the fragmented, preemptive approaches of the US and the soft-law
guidelines of Singapore. The criteria for this comparative evaluation include the rigidity of the legal
mandates, the prioritization of innovation versus fundamental rights and the mechanisms employed
to enforce accountability across the AI lifecycle.

3.1 The European Union: the unified hard-law model
The EU has pioneered a hard-law, risk-based regime that prioritizes fundamental rights over unfet-
tered technological innovation. The 2024 AI Act classifies many public-sector AI uses as high-risk
by default. Annex III explicitly lists AI in critical government functions – such as systems used to
assess eligibility for essential public assistance benefits, healthcare, law enforcement and immigra-
tion screening – as high-risk by default, though Article 6 provides specific derogations if the system
merely performs a narrow procedural task, does not perform profiling of natural persons and does
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not pose a significant risk to fundamental rights (European Parliament & Council of the European
Union, 2024).

Providers must undergo conformity assessments and maintain detailed technical documentation,
while deployers are required to perform a Fundamental Rights Impact Assessment (FRIA) before
deployment (Regulation (EU) 2024/1689, 2024). Furthermore, Article 14 mandates that high-risk
systems be engineered for effective human oversight, ensuring that they can be actively monitored
and overridden by natural persons (Regulation (EU) 2024/1689, 2024). Article 13 requires clear trans-
parency information and instructions for use to be provided to deployers, whereas transparency
obligations directed at end users are governed by Article 50 (European Parliament & Council of the
European Union, 2024).

The EU model successfully establishes a stringent, legally binding framework that forces account-
ability into the engineering pipeline. However, as a comparative critique, the EU framework’s heavy
regulatory burden has been criticized for potentially stifling domestic technological agility. Because
the EU relies heavily on externally developed AI models – often originating from the US or China –
the rigorous compliance requirements may slow down the modernization of public services com-
pared to more permissive jurisdictions. The bureaucratic overhead required to maintain continuous
post-market monitoring and audit logs can be prohibitively expensive for smaller municipalities
seeking to deploy AI solutions (Jørgensen & Ma, 2025).

3.2 The United States: fragmentation and federal preemption
The US approach stands in stark contrast to the EU, lacking a unified, comprehensive AI statute.
Historically, US policy has been shaped by executive guidance and decentralized agency frame-
works (Harris, 2025). For example, the AI in Government Act of 2020 mandated that the Office of
Management and Budget (OMB) issue guidance to federal agencies regarding AI acquisition and
use (Office of Management and Budget, 2024). Consequently, the OMB issued Memorandum M-
25-21, which rescinded and replaced the earlier Memorandum M-24-10, directing federal agencies
to implement minimum risk-management practices, develop AI use-case inventories and designate
Chief AI Officers (Office of Management and Budget, 2025). The National Institute of Standards
and Technology (NIST) AI Risk Management Framework provides core concepts of trustworthy AI
but remains purely voluntary and non-prescriptive (National Institute of Standards and Technology,
2023).

However, significant changes in US policy during the Trump Administration in 2025 and 2026
have aggressively steered the federal landscape toward deregulation and the preemption of state-
level AI laws (The White House, 2026). Issued in December 2025, Executive Order 14365, titled
“Ensuring a National Policy Framework for Artificial Intelligence,” establishes a minimally burden-
some national standard explicitly designed to sustain the US’s global AI dominance (Trump, 2025).
EO 14365 fundamentally restructures US AI governance by establishing a doctrine of federal pre-
emption. It tasks the Department of Justice with forming an AI Litigation Task Force to actively
challenge state AI laws – such as Colorado’s regulations addressing algorithmic discrimination –
that conflict with federal deregulatory goals. Furthermore, the Order leverages federal purse strings,
explicitly mandating a Policy Notice to specify conditions rendering states with onerous AI laws inel-
igible for non-deployment funds under the Broadband Equity Access and Deployment Program to
the maximum extent allowed by Federal law (Exec. Order No. 14,365, 2025).

Comparatively, the USmodel prioritizes rapid technological advancement andmarket dominance
over stringent rights protections. While this approach fosters unparalleled innovation within the pri-
vate sector, it creates severe gaps in public administration accountability. The reliance on voluntary
adherence at the federal level, combined with the active suppression of state-level civil rights pro-
tections via federal preemption, leaves vulnerable populations with limited legal recourse against
algorithmic harms (Bipartisan House Task Force on Artificial Intelligence, 2024).
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3.3 Singapore: facilitative soft-law governance
Singapore employs a facilitative, soft-law strategy that seeks a middle ground between the EU’s
rigidity and the US’s deregulatory preemption. In 2018, the Monetary Authority of Singapore
introduced the FEAT principles – fairness, ethics, accountability and transparency – as ethical guide-
lines designed explicitly for the financial sector. This framework translates high-level ethics into
practice, emphasizing explainability and a human-centered ethos without binding legislation. In
May 2022, Singapore advanced this by launching AI Verify as a Minimum Viable Product for an
international pilot, a testing toolkit that assesses systems against 11 AI ethics and governance prin-
ciples, performing technical tests for specific principles like fairness, explainability and robustness,
while generating standardized evaluation reports, which was subsequently open-sourced culmi-
nating in the establishment of the AI Verify Foundation in June 2023 (AI Verify Foundation,
n.d.).

Singapore’s administrative ethos prizes legitimacy and efficiency, encouraging internal governance
measures such as ethics boards and impact assessments rather than imposing burdensome legal
mandates (World Economic Forum, Infocomm Media Development Authority, & Personal Data
Protection Commission, 2020). Singapore’s agile regulatory environment allows it to adapt rapidly
to new technologies like generative AI, updating its frameworks to address hallucination risks and
automated decision ambiguity. However, a comparative critique reveals that the lack of binding,
enforceable legal penalties for algorithmic failuresmay result in accountability deficits. If public sector
agencies or private vendors choose to ignore voluntary compliance standards, the soft-law approach
provides no statutory basis for holding anyone accountable when algorithms cause public harm (AI
Verify Foundation & Infocomm Media Development Authority, 2024).

In summary, a comparative overview reveals distinct paradigms across the three jurisdictions
based on their primary governance instruments, regulatory approaches, prioritization goals and
accountability mechanisms. The EU relies on the AI Act (2024) and the GDPR to enforce a uni-
fied hard-law approach. This regime prioritizes fundamental rights and harm prevention, enforcing
accountability through mandatory conformity assessments, fines and algorithmic audits (European
Parliament & Council of the European Union, 2024). Conversely, the US relies on Executive Orders,
such as EO 14365, and OMB guidance, embodying a fragmented and preemptively deregulatory
approach. The US prioritizes global market dominance and innovation speed, relying primarily
on voluntary frameworks and fragmented, agency-led enforcement for accountability (Office of
Management and Budget, 2025). Finally, Singapore utilizes the FEAT principles and AI Verify as its
primary instruments, adopting a facilitative soft-law approach. Singapore prioritizes agile integration
and public–private trust, maintaining accountability through internal ethics boards and voluntary
standardized testing (Allen et al., 2025).

4. Embedding legal-ethical principles in the AI lifecycle (comparative and prescriptive
analysis)

This section systematically evaluates how the principles mapped above must be technically opera-
tionalized, distinguishing between the descriptive reality of current laws in the EU and US and the
prescriptive standards necessary for true accountability.

4.1 Risk classification and proportionality
European and domestic laws increasingly insist that public agencies classify AI by risk. Descriptively,
the EU AI Act explicitly lists automated benefits determination and visa screening as high-risk,
mandating pre-deployment impact assessments like the FRIA (European Parliament and Council
of the European Union, 2024). US guidance under the OMB defines high-impact AI as any tool
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whose output serves as a principal basis for decisions or actions that have a legal, material, binding
or similarly significant effects on individuals or entities (Office of Management and Budget, 2025).

Prescriptively, proportionality dictates graduated oversight: minimally invasive cases require a
lighter touch, whereas high-stakes cases trigger full-fledged checks. Concretely, this means embed-
ding legal safeguards directly into risk management protocols via rigorous data governance and
built-in technical measures such as bias penalties (European Parliament and the Council, 2024). For
example, a welfare screening tool must undergo algorithmic fairness audits to minimize disparate
impacts on protected groups. Furthermore, the principle of least encroachment dictates that fully
autonomous AI judgments should be rare, reserved only for the most routine administrative tasks,
while any significant deprivation of rights requires human intervention (European Union, 2024).

4.2 Human oversight and human-in-the-loop
Both law and policy assert the necessity of keeping a human in the loop for automated public deci-
sions. Descriptively, Article 14 of the EU AI Act strictly requires that high-risk systems be designed
for effective human oversight, providing operators with the ability to interrupt, deactivate or override
the system (EuropeanUnion, 2024).Moving beyond the descriptive requirements of EU law, this arti-
cle advances the prescriptive recommendation that administrators should be trained to question AI
flags to actively combat automation bias.

Automation bias – the psychological tendency for humans to over-trustmachine outputs and forgo
independent judgment – can render human-in-the-loop safeguards entirely performative if overseers
operate as mere rubber stamps (Colombi Ciacchi et al., 2025). Prescriptively, agencies must ensure
that any AI-driven refusal or penalty is substantively reviewed and ratified by a human authority,
integrating oversight into the workflow through mandatory secondary evaluations rather than solely
relying on the AI system’s output (European Data Protection Supervisor, 2025). Meaningful over-
sight requires clear processes; agenciesmust formalize review checkpoints and ensure that procedural
rights attach to a human-signed decision. Courts, prescriptively, should demand evidentiary proof
that human review was active and substantive.

4.3 Transparency vs. trade secrecy
Governments must reconcile the administrative duty of openness with private vendors’ intellectual
property claims. Descriptively, under data-protection laws like the EU’s GDPR, individuals pos-
sess the right to meaningful information about the logic of automated decisions (SCHUFA Holding
and Others (Scoring), 2023). However, agencies frequently procure proprietary systems shielded by
trade secret exemptions under freedom-of-information laws. This creates a systemic barrier to trans-
parency, allowing vendors to protect source code while public agencies deploy algorithmic systems
that affect fundamental rights (Matulionyte, 2024).

This tension severely frustrates accountability. If an individual denied benefits cannot access even
a high-level rationale due to corporate secrecy, due process is fundamentally violated. A prescriptive
compromise requires legislation that forces vendors to escrow key algorithmic information, such as
model documentation and feature data, with the agency (Global Partnership onArtificial Intelligence,
2024). Public accountability demands that agencies retain the right to audit and debug all code; the
public-facing side of the algorithm must yield sufficient information for internal audits and adequate
notice to citizens (Koene et al., 2019). Agencies must not blindly cede control to black boxes, and pol-
icy prescriptionsmust call for tiered transparency that balances proprietary rights with constitutional
duties (Bignami, 2022).

4.4 Explainability, reason-giving and the limits of XAI
Closely tied to transparency is the requirement to give reasons. Descriptively, the EU AI Act obliges
providers to give comprehensible information regarding system outputs, and the US White House
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Blueprint for an AI Bill of Rights encourages clear explanations for automated tools (Solaiman, 2025).
While describing these frameworks, this analysis prescriptively asserts that agencies must prepare
plain-language justifications translating statistical logic into legal rule contexts, rather than relying
on abstract scores. If an algorithm flags a visa application as high-risk, the agency must articulate the
specific legal reasons reflected in the data (Gugliotta & Elbi, 2024).

However, the technical execution of explainability is fraughtwith complications. Technical AI safe-
guard tools, such as explainability mechanisms like Local Interpretable Model-agnostic Explanations
(LIME) and SHapley Additive exPlanations (SHAP), are imperfect and can themselves produce erro-
neous outputs ormisleading explanations (Slack et al., 2020). Post hoc explainable AI (XAI) methods
often approximate the behavior of a complexmodel locally,meaning they do not showwhat themodel
actually did, but rather what a linear model would do if trained to approximate it (Burkart & Huber,
2021). Recent analyses reveal that while both LIME and SHAP are widely utilized for explainability,
SHAP is mathematically designed to provide high local fidelity through cooperative game theory,
whereas relying indiscriminately on post hoc tools can create a dangerous false confidence in public-
sector settings if the generated explanations are miscalibrated (European Data Protection Supervisor,
2023). Furthermore, tools such as feature importance scores – which quantify the relative contribu-
tion of each input variable to the model’s final prediction – can surface conflicting results depending
on the specific XAI algorithm employed (Krishna et al., 2024).

The legal and governance implications of these erroneous explanations are severe. When public-
sector AI systems generate misleading explanations, it triggers “accountability diffusion” (Busuioc,
2021). Citizens denied public benefits may be provided with an inaccurate rationale generated by an
unstableXAIwrapper, preventing them fromeffectively exercising their right to appeal on substantive
grounds. If the explanation does not accurately reflect the AI’s actual internal processing, the agency
violates fundamental administrative due process and is exposed to severe legal liability. Therefore,
prescriptively, post hoc XAI tools should be used strictly for internal exploration and debugging,
and never as the sole basis for legally binding public justifications. For high-stakes decisions, agen-
cies must default to inherently interpretable models rather than attempting to explain deep neural
networks with flawed approximations.

4.5 The fairness-accuracy trade-off in technical implementation
Translating constitutional equality into algorithmic code introduces profound technical paradoxes.
Abstract legal principles like fairness cannot be directly or perfectly translated into technical AI
standards without confronting mathematical conflicts (Garcia et al., 2024). In the literature of fair
machine learning, several prevailing criteria for fairness include demographic parity, equalized odds
and equal opportunity (Castelnovo et al., 2022).

Crucially, these technical definitions of fairness are frequently mathematically incompatible. A
model optimized to achieve equalized odds (ensuring false-positive rates are identical across racial
groups) cannot simultaneously achieve demographic parity (ensuring the base rate of positive pre-
dictions is identical across groups) if the underlying base rates in the training data differ (Weerts
et al., 2024). A public agency attempting to satisfy one constitutional interpretation of equality will
necessarily violate another.

Furthermore, because machine-learning algorithms are designed to optimize for predictive accu-
racy, enforcing fairness constraints almost universally degrades the model’s overall accuracy – a
phenomenon known as the fairness-accuracy trade-off (Pessach & Shmueli, 2022). To manage
these conflicts within a regulatory framework, public agencies must adopt multi-objective train-
ing approaches or post-processing threshold optimizations. This requires explicit, multidisciplinary
policy decisions regarding which specific fairness metric aligns with the legal context of the deploy-
ment, consciously accepting a scalarized reduction in raw predictive accuracy to fulfill constitutional
mandates against discrimination. Transitioning from a descriptive overview of existing law to a
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prescriptive governance framework, this article asserts that any system of ADM must preserve
enforceable human accountability (National Institute of Standards and Technology, 2023).

4.6 Auditability, monitoring and accountability
Ensuring responsible AI requires continuous post-market monitoring. Descriptively, the EU AI
Act mandates ongoing risk management, logging and documentation (European Parliament and
Council of the European Union, 2024). In the US, frameworks from NIST envision Test, Evaluation,
Verification and Validation – a structured testing regime whereby domain experts regularly test
deployed systems against benchmarks for accuracy, bias and safety (National Institute of Standards
and Technology, 2023).

Courts will likely treat a lack of post hoc explanation as a violation of procedural fairness. This
observation applies not only to EU courts but broadly to courts in any jurisdiction that formally incor-
porates administrative and constitutional law principles into its governance frameworks (Williams,
2022). Agencies must explicitly notify individuals of their right to contest algorithmic decisions
(Office of Management and Budget, 2024). Data protection authorities, privacy commissioners and
specialized bodies must be granted the statutory power to audit algorithms, enforce compliance uti-
lizing technologies like secure multiparty computation – a cryptographic method allowing multiple
parties to jointly compute a function over their inputs while keeping those inputs private – and sanc-
tion misconduct (OECD, 2025c). Thorough audit trails provide the legal paper trail necessary to
demonstrate good faith compliance in judicial proceedings.

5. Case studies in public administration failures and successes
Thenecessity of the aforementioned legal-technical integration is best illustrated by examining histor-
ical deployments of public-sector AI. This section evaluates both high-profile failures and a modern
success story, connecting them directly to the governance frameworks discussed.

5.1 The Dutch childcare benefits scandal (Toeslagenaffaire)
In the Toeslagenaffaire, the Dutch tax agency deployed a machine-learning system to flag allegedly
fraudulent childcare subsidy claims, utilizing proxies like dual nationality and low income. This
system disproportionately targeted minority families, falsely accusing over 20,000 parents of fraud,
forcing them into severe debt and violating fundamental rights on an unprecedented scale (Frey et al.,
2025).

The algorithm operated as an opaque black box, offering no explanations to the targeted par-
ents, stripping them of administrative due process and effective appeal rights. The Dutch case study
explicitly underscores how this catastrophic failure was exacerbated by a complete absence of tech-
nical audits and technical review mechanisms within the legal oversight structure. The targeted
parents received no notice of how they were flagged and no justification for the debt claims. Had
the agency conducted rigorous technical audits for disparate impact or mandated data provenance
documentation, the biased proxies would have been flagged. If the EU AI Act’s mandatory FRIA and
continuous post-market monitoring requirements had been enforced at the time, alongside GDPR
fair-processing obligations, this algorithmic injustice could have beenmitigated or entirely prevented.

5.2 The UK A-level exam algorithm (2020)
The controversy over canceled A-level grades arose directly from the COVID-19 disruption of
school examinations and the subsequent emergency use of algorithmic grading methods. England’s
exam regulator, Ofqual, deployed a statistical model that adjusted teachers’ predicted grades based
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heavily on each school’s historical performance data. This process entrenched inequality, systemati-
cally downgrading high-achieving students from historically underperforming state schools while
inflating grades for students at elite private schools with smaller cohorts (House of Commons
Education Committee, 2020).

Although Ofqual published a comprehensive 319-page technical report detailing the standardiza-
tion model and the statistical formula on the day the results were released, students lacked a clear
and accessible appeals process to challenge their algorithmic grades. This episode demonstrates a
profound violation of procedural fairness and proportionality. The deployment occurred without
algorithmic accountability mechanisms or stakeholder input. Had a framework akin to the US OMB
requirements for AI Impact Assessments been strictly applied, the systemic bias against disadvan-
taged cohorts would have been quantifiable prior to deployment, preventing the subsequent public
uproar and the rapid abandonment of the tool (Ofqual, 2020a).

5.3 The US IRS audit algorithm (2022)
In 2023, researchers revealed that an automated tool used by theUS Internal Revenue Service (IRS) to
select tax returns for audit disproportionately targeted Black taxpayers at a rate 2.9–4.7 times higher
than non-Black filers. The main source of the disparity was differing audit rates by race among tax-
payers claiming the Earned Income Tax Credit, where algorithmic choices such as minimizing the
no-change rate and targeting erroneously claimed refundable credits disproportionately burdened
Black taxpayers (Elzayn et al., 2025).

Victims had no insight into the algorithmic selection process, raising profound concerns regard-
ing fundamental procedural fairness and equal protection principles inherent in the 5th Amendment
Due Process Clause. The IRS case highlights the severe limitations of the US’s fragmented, volun-
tary governance models (Kemker, 2024). Without mandatory bias testing or hard-law obligations
to document algorithmic logic, federal agencies can unknowingly perpetuate severe discriminatory
outcomes. The application of mandatory bias mitigation tools and external auditing frameworks is
legally essential to translate 5th Amendment equal-protection principles into concrete engineering
practices at the federal level. Self-governance is insufficient when civil rights are at stake (Office of
Management and Budget, 2024).

5.4 A successful implementation: Estonia’s Kratt AI and Bürokratt
In contrast to these failures, this section introduces Estonia’s Kratt AI and the Bürokratt network
as a successful case study demonstrating proactive, human-centric AI design in the public sector.
Legitimized by Estonia’s national AI strategy and specific sectoral legal amendments, such as those
made to the Taxation Act, Bürokratt functions as an interoperable network of AI virtual assistants
allowing citizens to perform public service procedures seamlessly across institutional boundaries,
though broad amendments to the Administrative Procedure Act for automated decisions were
notably withdrawn (Nordic Council of Ministers, 2024).

Estonia’s implementation succeeded because it strictly aligned with good governance principles.
The system was designed with a user-centric focus, incorporating continuous citizen feedback, mul-
tichannel accessibility and robust data security by design. By integrating legal compliance directly
into the modular development of the AI components, Estonia managed to automate over 140 public
sector use cases – from the Unemployment Insurance Fund’s job matching algorithms to the Rescue
Board’s fire hazard identification systems – without violating public trust (E-Governance Academy
Foundation, 2025). While Estonia maintains strict regulatory oversight, specific sectoral legislation
such as Section 46 of the Taxation Act explicitly permits the tax authority to issue administrative
acts in an automated manner without the direct intervention of an official (Taxation Act, 2024, §
46^2). The Estonian government mandated transparency, ensured human oversight remained in
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the loop and utilized explainable system architectures, proving that public-sector AI can enhance
administrative efficiency while adhering strictly to legal rights.

These case studies collectively illustrate the profound consequences of algorithmic deployments in
public administration and highlight the mitigating framework mechanisms required for responsible
integration.TheDutch Toeslagenaffaire utilized AI primarily for fraud detection, resulting in a severe
legal and ethical failure characterized by disparate impact, opacity and a lack of due process.This fail-
ure underscores the necessity ofmitigating frameworks like the EUAIAct, whichmandates FRIA and
continuous auditing (OECD, 2025c). The UK A-Level Algorithm, tasked with exam grade standard-
ization, failed by encoding historical bias and lacking appeal mechanisms; frameworks such as the
NIST AI Risk Management Framework and OMB AI Impact Assessments are designed to mitigate
such harms (Ofqual, 2020a). Similarly, the US IRS Audit Algorithm for tax audit selection resulted in
significant racial disparities, demonstrating the critical need for mandatory disparate impact testing
to prevent potential Equal Protection violations (Elzayn et al., 2025). In stark contrast, Estonia’s Kratt
and Bürokratt systems, which provide interoperable public services, represent a resounding success.
By maintaining a transparent, human-centric and auditable architecture supported by comprehen-
sive public sector data governance frameworks and sectoral legislation, Estonia successfully avoided
the ethical pitfalls that plagued the other deployments.

6. Integrating law and code: bridging disciplines
6.1 Multidisciplinary governance
Bringing AI into the public sphere requires cross-functional governance teams comprising lawyers,
ethicists, domain experts and engineers. Diverse expertise reduces technical blind spots and prevents
algorithmic discrimination. Training is paramount: developers must attain basic literacy in privacy
and discrimination law, while legal professionals must understand the technical realities of model
drift and themathematical limitations of explainability. Embedding collaborative governance ensures
that civil rights and data protection rules are treated as foundational architectural requirements rather
than post hoc compliance checkboxes.

6.2 Translating law into code: a step-by-step case study
This section provides an illustrative case study showing how an AI legal principle can be trans-
lated into a concrete technical standard by applying the proposed law–code integration guidelines.
Consider a municipal government deploying a machine-learning algorithm to allocate emergency
housing assistance.

Step 1: Legal Principle Identification. The cross-functional legal team determines that the deploy-
ment is subject to the Equal Protection Clause (prohibiting racial discrimination) and administrative
due process (requiring actionable, legally sound explanations for denial of housing).

Step 2: RiskClassification.Applying comparative frameworks, such as the EUAIActAnnex III, the
allocation of essential public welfare is classified a priori as high-risk. This triggers mandatory con-
formity assessments and strict data provenance documentation by the provider during development,
followed by an FRIA conducted by the deployer prior to deployment.

Step 3: Technical Translation of Fairness.The engineering teammust translate the legalmandate of
“non-discrimination” into a specific mathematical metric. Recognizing the fairness-accuracy trade-
off, the team selects the demographic parity metric, aiming to ensure equal approval rates across
demographic groups regardless of historically biased base rates. During model training, developers
utilize biasmitigation libraries to penalize themodelmathematically if the approval rates forminority
applicants statistically deviate from majority applicants.

Step 4: Operationalizing Explainability. Acknowledging the fundamental instability and legal lia-
bility flaws of post hoc XAI tools like LIME, the teamopts to deploy an inherently interpretablemodel
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(e.g., a generalized additive model) rather than a deep neural network. This allows the system to
output precise, legally valid reasons for denial (e.g., “Applicant income exceeds the statutory thresh-
old of $30,000”), directly satisfying the administrative requirement for reason-giving without risking
accountability diffusion.

Step 5: Post-Deployment Auditing and Oversight. The agency establishes a continuous auditing
pipeline. If the demographic parity metric drops below an agency-defined acceptable threshold due
to data drift, an automated kill switch halts the algorithm. All housing decisions are immediately
reverted to human caseworkers until the model is recalibrated, ensuring continuous compliance with
constitutional rights.

This translation process demonstrates the practical applicability of techno-legal architecture,
proving that legal norms can be hard-coded into software parameters to guarantee civil rights
compliance.

6.3 Regulatory sandboxes and institutionalizing accountability
Experimental AI sandboxes serve as vital living laboratories, allowing agencies and legal experts to
test new systems under controlled regulatory oversight (European Parliament and Council of the
European Union, 2024). Singapore has actively utilized AI pilot programs to jointly explore technical
challenges and regulatory requirements before public rollout. These sandboxes foster essential com-
munication between law and code, allowing legal teams to observe how the AI operates on real cases
while engineers understand which legal rules are difficult to encode (Wong, 2025). This reduces the
risk that broad regulations either stifle innovation or leave dangerous loopholes.

Ultimately, accountability requires building feedback loops into the procurement and operational
phases of AI deployment (Organisation for Economic Co-operation and Development & United
Nations Educational, Scientific and Cultural Organization, 2024). Contracts must require vendors
to submit comprehensive documentation of bias testing, impact assessments and compliance results,
effectively making constitutional and administrative norms contractual obligations. Public reporting
is crucial; executive orders mandating the publication of AI inventories keep citizens and legislators
informed.

7. Conclusion
Public-sector AI holds exceptional promise for improving administrative efficiency but poses acute
risks to core democratic values and legal rights. This comparative analysis demonstrates that the
classic doctrines of due process, proportionality, non-discrimination and transparency cannot be
bypassed when decision-making is automated. Every stage of the AI lifecycle must uphold these
principles through explicit techno-legal integration. In design, systems must be risk-classified and
mathematically bias-tested; in deployment, they require interpretable documentation and human
review points; post-deployment, there must be continuous audits and robust grievance procedures.

To effectively govern AI in public administration, no single approach suffices. Relying purely on
the EU’s rigid hard-law model may hinder necessary public-sector modernization by imposing over-
whelming compliance burdens, while trusting the US’s deregulatory preemption risks widespread
civil rights violations and corporate opacity. Conversely, Singapore’s soft-law guidelines, while agile,
lack the enforcement mechanisms necessary to guarantee strict accountability when fundamental
rights are breached. Therefore, an optimal strategy must draw upon the strengths of these compara-
tive regimes: combining legally binding risk classifications and human oversight mandates with agile,
multidisciplinary technical standards and rigorous auditing pipelines.

Legal safeguards, such as judicial review and privacy laws, must be rendered meaningful in the
algorithmic context. This demands that the code itself be engineered for compliance – utilizing
interpretable models rather than flawed post hoc approximations, executing mathematically sound
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fairness optimizations and maintaining immutable audit trails. Only by institutionalizing hybrid
law-and-code mechanisms, where legal experts continually inform technical practice and engineers
strictly operationalize constitutional limits, can governments harness the vast benefits of AI without
sacrificing justice, dignity and democratic control.
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