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ABSTRACT

Algorithmic governance has become a defining feature of modern public service delivery, offering enhanced
efficiency, scalability, and data-driven decision-making. However, its adoption raises critical concerns regarding
accountability, transparency, and fairness. This paper examines the role of accountability frameworks and bias
audits in addressing these challenges within public-sector algorithmic systems. It explores the conceptual
foundations of algorithmic governance, emphasizing the interplay between data stewardship, legitimacy, and
accountability across the data, model, and decision layers. The study highlights how bias can emerge at multiple
stages of the algorithmic lifecycle, from data collection to deployment, and underscores the importance of
systematic bias auditing as a mechanism for detecting and mitigating discrimination. Furthermore, it analyzes
institutional responsibilities, legal and ethical considerations, and the need for transparent governance structures
that enable effective oversight and redress. The paper argues that robust accountability architectures supported by
standardized audit practices, stakeholder engagement, and processual transparency are essential for fostering
public trust. Ultimately, integrating bias audits into governance frameworks strengthens the legitimacy of
algorithmic decision-making and ensures that public services remain equitable, accountable, and aligned with
democratic values.

Keywords: Algorithmic governance; Accountability; Bias audits; Public services; and Transparency.

INTRODUCTION
Both the public and private sectors increasingly use algorithms to support decision-making, thereby enabling
algorithmic governance. Such governance is potentially beneficial to society but raises serious accountability
concerns [17. A popular example involves predictive policing, where algorithms help allocate police resources,
potentially improving efficiency and safety. In addition to determining how to exercise authority, algorithmic
governance requires consideration of accountability for the decision-making process itself. Responsibility needs to
be assigned to specific stakeholders according to the kind of algorithm deployed, and structures must permit
redress when decisions are unjust [17. Algorithmic governance is thus a complex socio-technical problem
requiring a high level of precision and clarity. Developing a conceptual framework to help identify stakeholders
and assign responsibilities can significantly aid in elucidating the governance challenge [27]. Governance theory
offers powerful lenses through which to examine algorithmic systems [17. Three approaches are especially salient:
accountability, data stewardship, and legitimacy (as defined here). The governance concerns differ for the three
perspectives, as do the stakeholders (individuals or groups tasked with supporting decision-making), the
terminology employed, and the relevant instruments (tools, techniques, or policies enacted to manage the
governance challenge [37]. Addressing issues such as fairness, bias, and discrimination is crucial to all three
approaches. Nevertheless, algorithmic governance is distinct from human-centric governance, and the traditional
core concepts of fairness, equity, and justice need adaptation [47]. A decision needs to be made on where to place
the boundary of the algorithmic system in order to define its scope. Six distinctions may then be applied: four
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facets, boundary, provenance, lifecycle, and context, and three levels, data, model, and decision. Understanding the
distinctions between facets and levels facilitates a clearer definition of the incoming information and outgoing
decisions that motivate algorithmic stewardship [57].
Conceptual Foundations of Algorithmic Governance
Algorithmic governance is a variant of governance in which algorithms have an explicit role in decisions affecting
the public [17. In public service, algorithmic governance is concerned with the management of public services,
such as justice and welfare, which make data-driven decisions, ensuring public accountability, error detection,
fairness, and access to redress mechanisms [27]. The design and implementation of algorithmic public services
raise complex normative and technological questions about the conditions under which they can be used
responsibly [87. Algorithmic public services are a specific domain of deliberation on algorithmic decision-making.
They engage with the ways in which states use digital technology to keep citizens from the data they generate,
and are essential to clarify the normative and institutional conditions under which recent technological advances
can be transformed into accountable public action [87]. Because algorithmic governance involves explicit
application of technology to the distribution of public goods and services, it can significantly advance the
conceptual discussion [47]. By connecting the normative and conceptual aspects of inquiry, this focus helps
conceptualize architecture for operationalizing public accountability, the institutional and technical choices that
shape its design and enforce its principles, while identifying features, resources, and characteristics that contribute
to public accountability across the broader spectrum of algorithmic decision-making [57. Contemporary systems
increasingly incorporate algorithmic technologies, yet the decision-support options and evaluative criteria applied
to such technology often remain informal or unarticulated. In this context, decisions frequently become de facto
data governance choices, even where their effects on data creation, mobility, retention, or openness lie outside the
formal decision criteria 1. An alternative lens for examining algorithmic technologies addresses their impact on
the nature and extent of public accountability [57]. Algorithmic decisions can be modeled in terms of the
governance interfaces between public agencies, technical developers, and external auditors [67]. At a high level of
abstraction, they support distinct deployment configurations ex-ante, ex-ante ex-post, or ex-post that engage the
three parties in pre-deployment containment of the governance costs, choice of a state-of-the-art distribution for
the entire decision duration (with subsequent policy adjustments possible), or post-deployment corrective
adjustments to either the algorithms, the data, or both[67].
Accountability Frameworks for Public Service Algorithms
Algorithmic governance in the public sector has become widespread and impactful on society. Algorithms can
determine access to services, benefits, and opportunities, thus profoundly influencing quality of life and well-being.
Problems with algorithmic governance can lead to bias, discrimination, reduced legitimacy, and diminished public
trust [17. Algorithmic governance requires a structured framework to promote accountability across public
administration, service delivery, and algorithmic systems [27]. The accountability framework identifies key
stakeholders, sets specific accountability goals, and links these objectives to the algorithm lifecycle and logical
decision-making steps. This framework provides a basis for determining the role of algorithmic audits within the
broader accountability structure [387]. Algorithmic governance frameworks for the public sector emphasize three
primary outcomes: fairness, transparency, and legitimacy. IFairness aims to minimize unjust discrimination across
societal and demographic contours. Transparency improves the capacity to audit algorithmic decision-making.
Legitimacy promotes public trust through sustained integrity, dependability, and compliance with values [4]. The
principles of fairness, transparency, and accountability are closely intertwined. Bias audits promote these three
objectives by mitigating discrimination and enhancing transparent oversight [57]. By safeguarding algorithmic
decision-making, bias audits reinforce public trust and strengthen the legitimacy of the public sector [67].
Legal and Ethical Considerations
A major challenge of public algorithms is ensuring that they remain accountable [17]. Such accountability entails
providing support for what lex a) explanations, [27] information about the consequences of decisions, and [37]
remedies when things go wrong. Algorithmic governance enables accountability by defining clear decision points
and specifying which functionary is responsible for which decision and what form of audit trail is made public 3.
The very nature of decision-making in these environments gives rise to more than one legitimate account. Once
again, therefore, accountability is a matter of tracing shadows along the governance chains [6]. Algorithmic
checks and balances, moreover, supplement and diversify accountability mechanisms while constraining certain
freedoms. The gradual disappearance of the ‘public authoritative decision’ within the public authority nevertheless
leaves a vacuum that governance still seeks to address [67. The role of audits in public algorithms is intimately
linked to the overall function of governance. These algorithms generate powerful outputs (decisions,
recommendations, and so on), which legitimise their operation (when not accounted for) and whereby overall
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functioning is articulated in an equivalent yet inverted manner [47]. Even when a public algorithm operates
flawlessly according to its formal goals, public legitimacy is at stake, and scrutiny is still expected [67]. Public
agencies engage in data stewardship, whether actively or passively. Data stewardship encompasses a wide array of
responsibilities spanning the information lifecycle and addressing multiple aspects of the data cube [57.
Institutional Responsibilities and Transparency

Algorithmic governance refers to the use of algorithms and data to inform the governance, decision-making, and
service delivery processes of public-sector agencies [17]. Decisions made by algorithms at various points along
data-, model-, and decision-layer information can have far-reaching effects. These governance decisions have direct
implications for the lives of individuals and communities; they can determine rates of taxation, eligibility for
welfare, the suitability of candidates for public office, and access to critical goods and services [27]. In each of these
cases, a public authority has formally appointed the algorithm as the decision-maker. As algorithms increasingly
inform governance decisions, accountability, defined here as the obligation to explain and justify those decisions,
becomes an imperative [37]. When considering auditability and public trust, the governance environment around
algorithms in public services is noteworthy. Auditability depends on the nature of the algorithmic information
controlled by the governance actor; algorithms can be indirectly governed through the use of contractual
agreements to authorise a third-party’s decision-layer operationalisation of a model [47. Accountability
obligations centre on the description and justification of those governance contracts as well as the selection of
information for contract compliance monitoring [57]. In these scenarios, a public authority still appoints the
algorithm as a decision-maker, but additional contractual links extend the governance structure. Individuals or
groups outside the governing body assume further public and knowledge responsibilities [67].

Mechanisms of Oversight and Redress
Public authorities are increasingly adopting algorithms to deliver services and analyse information. Algorithmic
governance enables authorities to improve decision-making, lower costs, and enhance accountability, but it also
raises concerns around fairness and transparency [17]. High-profile cases of unjust or biased algorithmic decisions
have further heightened public anxiety about the spread of algorithms in public services. To cope with these
challenges, algorithmic decision-making must be governed effectively. Accountability, the acknowledgement of
responsibility for actions, is among the most important governance objectives [17]. Bias audits are a promising
mechanism for maintaining algorithmic accountability in public services. Bias auditing monitors and supports
redress for unfair algorithmic decisions [47]. Bias audits enhance accountability by improving algorithmic decision-
making quality, clarlfymg the state of governing data, enabling scrutiny of governance actions by different
authorities, and encouraging reflection on decisions taken. Alongside bias audits, transparency and auditability
measures can help ensure algorithmic decision-making remains fair, legitimate, and trustworthy [47].
Transparency measures establish clear, consistent, context-specific challenges and criteria for auditing.
Auditability measures provide access to the data and system logs needed for high-quality audits; make it easier to
monitor, create, and share audit trails; and ensure that accountability workflow artifacts remain in easily accessible
tormats [57. When public authorities adopt algorithms, various stakeholders engage with the governing data that
informs an algorithm’s decisions [57]. Data stewardship governs the practices through which personnel manage
this governing data, including how data gets collected, processed, transformed, discarded, and combined with
other datasets. Public authorities, data suppliers, data brokers, and the public all share responsibility for data
stewardship, which is a prerequisite for effective algorithmic governance [67]. Other governance arrangements,
such as bias audits and transparency, reference data stewardship obligations and address additional challenges in
the public-sector use of algorithms [77]. Redress mechanisms enable impacted individuals to seek redress from the
authority responsible for a given algorithmic decision, promoting accountability and encouraging ongoing
reflection on algorithmic decision-making practices. Redress mechanisms are thus an essential component of public
algorithmic governance [87].
Bias and Fairness in Public Service Algorithms

Algorithmic governance enables state accountability by clarifying responsibilities across the various stages of
public-sector algorithmic decision-making [87]. Accountability deficits characterize systems where stakeholders
cannot clearly demonstrate control over an algorithm’s outputs [7]. The algorithmic decision-making cycle
comprises multiple distinct phases: data selection, model training, tuning, validation, performance assessment, and
operational deployment, each of which raises unique accountability questions. Every phase associates stakeholders
with general governance responsibilities regarding planning, design, development, deployment, and audit [57].
Bias audits complement algorithmic governance by bolstering public-sector algorithmic fairness and thus
confirming the legitimacy of state—citizen relationships. Quantitative assessments of algorithmic bias highlight
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whether the system disadvantages historically marginalized groups along legally protected dimensions, such as
race or gender [87. Qualitative evaluations span a broader range of undesirable properties, including undesired
information sensitivity or the inclusion of toxic language. These evaluations inform public agencies about
algorithmic functionality and associated operational risks [7]. Audit outcomes shape citizens’ perceptions of
algorithmic fairness, with direct implications for public trust in state actors. Trust levels importantly influence the
degree to which the state can exercise power over citizens, motivating the inclusion of bias audits within
governance frameworks [57]. Algorithmic accountability in public services addresses three interrelated objectives:
explicating the mechanisms underlying algorithmic decisions, clarifying the rationale for deploying particular
algorithms, and stipulating arrangements for the redress of unjustified decisions [67]. Citizens confront automated
administrative decisions in various service domains, including justice, health, and taxation. They increasingly
expect transparency regarding how algorithms make such decisions, including the type of data inputs and feature
transformations involved, especially when those decisions affect fundamental rights and freedoms [47. Such
transparency concerns are heightened when systems are opaque or when human overseers fail to comprehend the
knowledge encoded in algorithms. Public awareness has been spurred by scandals involving the use of algorithmic
tools in public decisions that appeared biased toward marginalized or vulnerable communities [27]. The limited
understanding of algorithmic systems employed in government further complicates the establishment of clear
accountability arrangements [17. Accounts of algorithmic governance often invoke concepts such as bias, fairness,
transparency, stewardship, auditability, and redress. Bias denotes a systematic and undesired deviation from a
norm, while fairness implies adherence to a specific fairness notion. Public boundaries for acceptable bias and
fairness standards differ across countries, regions, and disciplines [67]. Transparency signifies the capacity to
ascertain how an algorithm produces its outputs from given inputs. More than the level of disclosure, the focus on
algorithmic transparency emphasizes the comprehension of how inputs relate to outputs. Auditability refers to the
ability to examine both internal and external components of an algorithm, including the underlying data and the
process through which that data is transformed into decisions [47]. Algorithmic decisions are increasingly involved
in the daily lives of citizens. Public authorities utilize algorithms to assist in robust and efficient decision-making
for various public services, including justice, health, finance, and ESG (Environmental, Social, and Governance).
The rising algorithmic governance of public services is tied to the growing availability of open-access public data
and digitalization practices implemented by public authorities [57. Public services increasingly implement
automated and semi-automated algorithmic decision-making or recommendations, where algorithms aid, and
decisions are involved but not automatically executed by the algorithm (e.g., risk assessment in custody
determination, grant allocation, selection of job-seeking candidates, and tax defaulters)[37]. Algorithmic decisions
are integral to the daily lives of citizens engaged with public authorities. Algorithms assist in robust and efficient
public-service decision-making across diverse domains, including justice, health, finance, and ESG
(Environmental, Social, and Governance)[27]. The adoption of public-sector algorithmic governance corresponds
to increased availability of open-access public data and pervasive digitalization throughout government. Public
authorities routinely deploy automated and semi-automated algorithmic systems that either execute decisions
directly or generate algorithmically informed recommendations; examples include risk assessment for custody
determination, grant allocation, candidate selection for employment, and identification of tax defaulters [17].
Sources of Bias in Data and Models

Bias pervades every stage of data-driven governance, its origins, its manifestations, the practitioners’ responses to
it, and the agencies’ interactions with external disciplines [17. Public services systems transmit bias from public
values to data and models, where they remain susceptible to technical distortions [57]. These distortions affect the
construction and deployment of systems. Algorithmic reporting of preselected public values can mischaracterise or
omit them; bias in public datasets or public assistance datasets can force systems to systematically misrepresent
the target population; and public algorithms constructed to alter independent executors’ behaviour can yet adopt
and propagate dominant behaviours that replicate to an even greater extent already extant distortions along
relevant dimensions [27]. Data feeding public services systems can originate from diverse, rich, and abundant
sources, but the precise selection by human agents and the temporal and spatial staging of access determine not
only the data’s availability but also what relevant partners can carry out when that data has been accessed [37.
Evidence delivered to practitioners for statistical treatment itself potentially incorporates public values through,
for instance, the automatic selection of variables available a priori, metadata describing data content (even when
unfeasible), the selection or recombination of datasets by evidence platforms, and even the treatment of data
denouncers publishing information potentially useful to practitioner candidates enabling detail-deriving (see
monitoring mechanisms)[67]. Both the availability and the provision of this publicly grounded surveillance can
materially affect the instruments built by governors [77].
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Bias Auditing Methodologies
Algorithmic bias audits belong to the family of second-order audits [67 that foster accountability in algorithmic
governance. In a large-scale survey of audit researchers and practitioners, Bacastow (2020) identified an emergent
focus on influence audits, defined as examinations of decision-explaining systems deployed by counterparty [57].
Bias audits fit this category because scrutiny of the algorithm’s output predictions, specifications of threshold
values, or decision-support rationales reveals algocrats’ expectations about the operating principles of the
underlying algorithms and associated influence attempts. The field of bias audits remains highly active, with few
candidates yet rising to consensus status [5]. Social science has documented the multiplicity of cognitive,
sociopolitical, and ethical biases that emerge in algorithm-adjacent contexts. Some auditing methods emphasize a
search for imbalances between social groups in the distribution of forbearance, fee structures, or loan denials [67].
In the context of algorithmic bias environments, the examination of fairness constitutes an influence audit;
practitioners aim to detect instances that exhibit, rather than evaluate compliance with, governing standards of
fairness [77.
Mitigation Strategies and Governance Controls
Algorithmic governance is an emerging phenomenon in public services, where algorithms have a growing role in
informing or producing decisions that enable the delivery of public services. Algorithmic governance is viewed as
an application of governance [17]. A widely accepted definition of “governance” is “the processes and traditions
through which authority is exercised in a country”. Governance is the allocation of authority and the regulation of
the exercise of authority through norms, among authorities holding formal rights [27]. In the context of
algorithms, algorithmic decisions by a public agency involve the selection and processing of information, and the
specification of decision criteria. Algorithmic governance addresses the authority associated with an algorithmic
decision, how it is exercised, and the rights that constitute algorithmic decisions [37]. Data-stewardship-level
governance is concerned with the recording, control, upkeep, and protection of datasets associated with services
and social issues [37]. Algorithmic governance enables accountability through the record-keeping of algorithmic
decisions and service delivery and the assignment of algorithm-related responsibilities and rights to relevant
public agencies and persons [37]. Accountability is represented in systems that record data-provenance, model-
lifecycle, and service-delivery states and associate them with public agencies’ responsibilities at the time of a
decision [47]. Through data provenance, the date of collection of datasets and individual records, the algorithmic
modifications from dataset acquisition to service delivery, and the epoch of delivery can be documented. Public
agencies thus become accountable for ensuring algorithmic-fairness assessment and data levelling, at the specified
epochs, when the datasets used contain socially-sensitive attributes [17. Consequently, accountability derives not
from the historical algorithmic decisions made by an agency alone, but from the record of algorithmic modification
of datasets that the agency decides to retain and for what lengths of time. Bias audits are an integral part of
algorithmic governance, contributing to the desired fairness, transparency, and legitimacy outcomes [47. They
enable outcomes to be assessed against socio-political desiderata, thus ensuring policy conformity and enhancing
public trust. Bias audits fit within the governance framework for public-sector utilitarians at the algorithm-
decision point; they constitute a requisite for a fully answered accountability question at that point, thereby
enabling an answer to the broader stewardship question highlighted by the other motivations for algorithmic
governance [5].
Audit Design for Public Sector Algorithms

Algorithmic governance of public sector decisions is a positive development when it complements rather than
replaces traditional, politically accountable decision-making processes [37. Public sector algorithms aftect citizens
and can lead to discrimination; therefore, algorithmic governance in the public sector must address questions of
accountability, fairness, and transparency. Citizens, public officials, and independent oversight bodies need to know
who makes decisions, what criteria are applied, and how these criteria are applied to their particular case. Decision-
making processes governed in this way enhance public trust [57]. Furthermore, algorithmic governance can offer
public authorities a second accountability mechanism independent of political accountability based on the decisions
made by the public authority [67]. Accountability is crucial for algorithmic governance in public services and can
be approached from three different theoretical perspectives: stewardship, legitimacy, and strict accountability.
Information concerning the governance of algorithmic decision-making can be organized within a three-layer
governance framework: [17] the data layer, which includes data provenance and the relationship between the data
used in decision-making and the public authority’s statutory mission; [27] the model layer, which encompasses the
life cycle of model development, validation, and adjustment, along with design choices for algorithmic decision-
making, including bias adaptation and protection; and [37] the decision layer, which comprises information on the
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automated, semi-automated, or human-making nature of the decision, the outcome of the decision, and any
available redress mechanism [67].
Scope, Metrics, and Benchmarks
Algorithmic systems are increasingly deployed to help public authorities perform essential functions like decision-
making, reporting, service provision, monitoring, and public safety. They augment human reasoning, and, in some
cases, enable fully automated operations [67]. The rise of algorithmic governance in public services requires new
oversight arrangements, so stakeholders can trust government entities to leverage automated systems fairly,
transparently, and responsibly. Public confidence in digital services is vital for their continued operation. Where
algorithmic governance is employed, stakeholder concerns aggregate under three broad themes: accountability,
transparency, and auditability [57]. Aspects of these topics may enable scrutiny at different stages of the
governance cycle. Accountability relates to stakeholder roles and responsibilities, and is the focus of this section;
the specifics of transparency and auditability are postponed [97. Bias audits have emerged at the intersection of
algorithmic governance and public trust. They aim to ensure fairness and transparency in publicly adopted
systems. Algorithmic systems today routinely operate with partial or biased datasets, models, and decisions [67].
Stakeholder inequities, discrimination, unequal treatment, and other forms of bias have been identified throughout
the lifecycle of algorithmic systems such as facial recognition. Audits of automated processes within public
administration are thus demandable and desirable, also serving to increase levels of legitimacy [57].
Processual Transparency and Stakeholder Involvement
Auditing algorithms address fairness and bias. As algorithmic decision-making surges in public services, calls to
analyze algorithms for bias intensify [37. Algorithm audits typically seek to ensure fairness in algorithmic
predictions, revealing the presence or absence of unwanted biases. Algorithm auditing aims to enhance fairness,
transparency, and legitimacy and facilitate establishing trust and accountability. Nevertheless, algorithms remain
central instruments in decisions supported by laws and regulations [47]. Such decisions impose obligations on
authorities and agencies liable to legal, ethical, and political scrutiny. In decisions backed by algorithmic
assistance, it is vital not only to audit the algorithmic process but also to clarify the overarching governance
structure concerning the deployment of algorithmic assistive systems in public-sector governance. Even if
algorithmic assistance expands enormously, accountability continues to hinge on governance structures defining
precisely whom algorithms govern [57. Public services implement elaborate arrangements to clarify the
accountability of systems, gradually placing far-reaching decisions into algorithmic-technology support. Basic
governance arrangements have crystallized, covering public authorities, algorithm developers, society, and various
audit arrangements [67]. The governance diagram below outlines the information necessary to ascertain how an
algorithm supports decision-making in public services over the data, model, and decision dimensions [5].
Attention centers on a model-based public-service algorithm capable of selection assistance along both the draft
regulation and common problem axis choice of draft regulation to enshrine into legislation or choice of public
problem directed to the regulatory agenda [57]. Such organizing arrangements enable society to ensure public
authorities appropriately carry out algorithm-assisted governance. Society oversees information concerning the
administrative and political contexts, originating programming of public-service algorithms, and data
management accompanying such programming. Internal algorithmic governance arrangements permit agencies to
evince which public-service problems a draft actively encourages documentally outlining the algorithm’s
constitutive influence on decision making [67]. Plausible avenues to bolster algorithmic governance in public
services are aggregation and structural refinement of advanced guidance on bias, fairness, and related issues;
extension and clarification of obligatory documentation to explicitly convey key information on contextual model,
data management practices, influences on accompanying problems, and relevant non-digitally supported decision
alternatives; and establishment of societal and internal policy frameworks, accompanying transparency
requirements, and societal expectations, promoting consideration of proactive algorithm development,
supplementary data provision, and reddish alternatives escaped under algorithmic selection [37].
Privacy, Security, and Data Governance
Governance regimes face significant challenges in the countries of the Global South, where governments struggle
to serve citizens, let alone provide accountable services [5]. In certain sectors (policing, legal, land allocation,
waste collection, etc.), political patronage hampers accountability. Algorithms are increasingly being deployed
across the public sector of Global South countries, aiming to improve service delivery while minimizing gender,
ethnic, and racial bias, thereby facilitating a kind of effective governance that is better at servitization, particularly
in welfare migration, allocations, and more[4]. Governance challenges stem from difficulty in determining who is
accountable for algorithmic fixes, tinkerers who adjust the algorithm, data curators who amend the data set, or the
Ministry of Labour that procures the service [87]. Multi-tier governance, establishing different lines of
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accountability for the algorithm, its raw data, and the decisions based on predictions, begins to help clarify
accountability issues for various aids and citizens. In-line audit allows indirect assessment of gender, ethnic, and
racial bias of algorithmic fixes and helps build a fairer and more transparent architecture for agency monitoring at
the national level [67]. Algorithmic audits mitigate accountability risks. Algorithmic fixes can rapidly address
political bias in public-sector algorithms by supporting a tight binding, enhancing the transparency and
understanding of how the systems work. In tiered governance systems, acceptable within wider-ranging
ecosystem binomial biases in historical training data can be tackled through the algorithms deployed via
recommendation or substitution [57. In the public context, such political biases account for some of the significant
concerns of service algorithms. Algorithmic audits thus address important aspects in terms of broader public
sector governance at a time when algorithmic decisions are progressively implemented in the Global South [77.
Governance strategies need to be in place for wide-ranging development co-operation in the public sector.
Algorithms designed for public-sector problems and tailored strategies to tackle various algorithmic biases
constitute important components of the algorithmic-governance framework [37.
Case Studies and Comparative Analyses
Algorithmic governance is defined as the use of algorithms for automated decision-making and recommendations
that influence human and machine decisions [17]. Algorithmic governance in public services refers to algorithmic
governance directly affecting public policy implementation, administration, and service delivery. Goods include all
public sector governance activities identified in the UK Government Functional Standard No. 02 and aligned with
the Global Initiative on Data for Common Purpose [27]. Accountability connects to high-level concepts:
accountability, transparency, auditability, bias, fairness, governance, data stewardship, and redress mechanisms.
Stakeholders can be grouped by their role: public authorities are responsible for allocating goods, acting as either
supply-side or demand-side enablers [27]. Public agencies, central, regional, municipal, public enterprises, and non-
profit, public-benefit corporatised foundations discharge those responsibilities [37. Algorithmic decision-making
entails determining an allocation or solution from data inputs according to an algorithm. A decision point is the
combination of an algorithm applied to inputs to yield a decision. Examples range from allocating a house or a
welfare benefit, routing a police patrol, evaluating university candidates, deciding an asylum case, and determining
the most cost-efficient collection route for rubbish collection [77]. Enabling human decisions occurs when
algorithms recommend options for human interpreters, as in a loan applicant or student application shortlist [4].
Algorithmic governance in public services involves entities with responsibilities at the data, model, and function
layers: data on goods enters at the data supply layer, models governing inputs to proposals reside at the model
supply layer, and policies on public sector goods provision govern deployment of the algorithm at the function
supply layer. A re-usable goods repository is required for the public sector, strictly controlled predominantly at
the function level [67. Algorithmic governance at the public authority layer concerns investment in, production of,
and engagement with algorithmic governance systems that allocate public goods [67]. Algorithmic decision-
making concerns human and machine allocation of public goods; algorithmic governance concerns the
establishment, continuation, modification, and cessation of algorithmic governance systems. Algorithmic decision
points are determined partly through public consultation at the governance level, but the wider environment also
influences which goods are governed through algorithms [77]. Algorithmic governance in public services brings
public authorities visible to citizens through public offerings of proposals from algorithmic governance systems,
and proposals indicating data consumption and governing modelling engaged in. Opening the public authority
role to algorithmic governance engages the public authority stakeholder group in public agency purchases or in-
house construction of algorithmic governance systems. Public trust in sector bodies providing goods allocated by
algorithmic governance systems remains persistent, however. Algorithmic systems and consequent bias shape
trust in public authorities and their sector bodies [77]. Public purchase, development, or integration of algorithmic
governance systems, therefore, elicits a request for independent assessment of any used systems, although
algorithmic governance in public sectors remains insufficiently inventoried [87. Bias audits fulfil the role of
independent assessment of algorithmic governance systems by evaluating system provision alongside applicable
data, modelling, and deployment arrangements. Audit conclusions relay confidence about system outputs
regarding public authority processes without re-engaging with algorithmic governance provisions or extensive
system knowledge [87].
Healthcare and Social Welfare Systems

Algorithmic governance involving the use of algorithms to support enforcement decisions, service prioritization,
welfare payments, and automatic fraud detection spans a range of intervention types and may occur at different
levels of intensity [67]. A relatively high-intensity intervention is illustrated by the welfare-to-work program,
which applies a predictive algorithm to screen individuals applying for social assistance and determine eligibility
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for welfare payments [57]. At the low-intensity end of the spectrum sits a publicly available pre-release online
information service that harvests social media data [67. The aim is to focus law-enforcement resources on areas
anticipated to experience spikes in criminal activities before these occur and spread awareness about existing
social-service-provision gaps [7]. Machine-learning systems apply algorithms to extract knowledge and
predictions from data and are extensively adopted in public institutions, private firms, and civil organizations.
Such systems typically comprise three segments: the input data, the model fitted to this data and used for
predicting future observations, and the output predictions [67]. A surveillance-related algorithm may infer a
citizen’s likelihood of engaging in illegal activities based on publicly available data from established online sources.
Algorithms have become embedded in civil-service activities worldwide for producing recommendations,
categorizing cases, and informing or automating decision-making [17].
Law Enforcement and Public Safety Applications
The debate on law enforcement and public safety applications of algorithms has focused mainly on bias in risk
assessment, specifically, algorithms that predict the legal coercion a person may impose on others or the coercion
they may experience as victims [47]. ‘Risk assessment’ was used extensively and tracked in studies of forensic and
other decision points in the criminal system [77]. Law enforcement stakeholders have considered the nature and
potential size of bias in algorithmic policing, yet the attention on algorithms remains mainly at the risk-assessment
layer of the algorithmic stack [77]. The governing public agencies charged with data stewardship include police
forces, prosecutors, and correctional services. Broader political, societal, and financial structures apply to
algorithms used in public safety, including steering committees on big data and artificial intelligence and high-
level plans for digital transformation [37].
Education and Citizen Services

Algorithmic governance found its expression in public services at the intersection of algorithmic deployment and
citizens’ interaction with State agents [27]. Governance frameworks start from the recognition that services
provided through and decisions influenced by algorithmic systems have accountability implications. Algorithmic
decisions can affect citizen services in broadly two ways. Automatic services delivered directly by algorithms
without human involvement [387]. Algorithms assist State agents through decision support [27]. The algorithmic
governance risk addresses and discusses one of the most relevant public services in which algorithmic governance
arises: assessment and grading [57]. A significant educational issue that algorithmic governance intends to address

comprises the design of education technologies for a country, reglon or ]urlsdlctlon based on the maximization of

citizens’ social welfare [37. Such technologies can allow the provision of services or interventions that support, for
instance, enrolment in State-supported education systems, or guidance on upskilling opportunities with expected
returns on investment. Services of such nature can be supported by algorithmic systems that do not process users’
sensitive data and provide results without systematic collection of such data [57].
Challenges, Limitations, and Trade-Offs
Algorithmic systems remain vulnerable to the biases that pervade human societies. Non-white candidates, people
with disabilities, and other marginalised individuals continue to receive fewer opportunities and face broader
barriers to social equity as their profiles are evaluated by algorithms [77]. Consequentially, stakeholders perceive
unequal access to essential social goods, such as public transport, housing, employment, and legal defence,
potentially undermining trust in public institutions and sowing social discord [47]. As public resources diminish,
the deficit in trust becomes even more critical to address, since the perception of intentional or arbitrary bias in the
allocation of scarce resources carries severe social consequences. Such systemic bias diverges from governance
goals and, therefore, represents a priority for the consideration of stakeholders [67]. In a broader sense,
stakeholders also regard algorithmic resources as susceptible to systematic bias, even when they do not directly
influence opportunities. Data criteria and model development may perpetuate stereotypes, magnify disparities, or
skew importance to specific attributes, all of which constitute algorithmic bias not easily reduced to opportunity or
access [ 37]. These responsibilities often fall outside public institutions per se but usually remain within the public—
private apparatus. In many regions, public bodies maintain primary data custodianship and possess a unique
capacity to monitor compliance across the entire community, including the private sector [67].
Measurement Validity and Interpretability

In public-sector decisions, quality metrics are essential. Decision-support systems should operate as intended,
delivering reliable outputs aligned with public interests [67]. Proper validation methods ascertain whether models
capture the intended phenomena, yet establishing measurement validity and interpretability proves challenging 2.
Transparency and explainability elucidate decision pathways, enhancing stakeholders' understanding and
interpretability. Bias and discrimination, often surfaced by algorithmic applications, are viewed as measurement
fairness dimensions; rectifying such issues avails sounder inputs and untainted assessments [17]. Validation fosters
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suitable automated policy selections and bolsters public confidence in algorithmic deployments. In public services,
algorithmic governance amplifies scrutiny by clarifying decision rationales, exposing routine algorithm updates,
and spotlighting data-generation operations essential for ongoing societal comprehension [6. Bias audits target
external treatment, transparency, and explanation, evaluating whether systems allegedly preserving equity
genuinely execute fair data processes [5]. Clerical bias sans exploitation or perverse incentives embodies one such
misconception [47]. Public-sector stakeholders bear governance accountability; auditors verify purported
algorithmic accountability, and evidence-based bias audits sustain ethically responsible data stewardship. Ensuring
these roles endure undergirds the audit's governance contribution to public trust [27].

Resource Constraints and Capacity Building
For public administration, the introduction of algorithms for decision support represents an opportunity to foster
greater transparency and accountability [37]. Governments often face significant resource constraints in delivering
high-quality information and service to constituents [27]. In this context, algorithmic systems can enhance
efficiency, fairness, and accuracy. However, governments still retain ultimate accountability for the decisions
rendered by such systems. High-stakes algorithmic decisions comprise multiple stages in a lifecycle that must be
considered in order to identify appropriate auditing and accountability mechanisms. In particular, a distinction can
be drawn between the data that inform model training and the policy context in which the resulting model is
deployed [17. In turn, capacity-building challenges can be analysed using a governance framework that
incorporates technical models and socio-political considerations. These challenges range widely, from data access
and curation through to sourcing, configuring, and implementing models, all the way to ongoing maintenance and
contextual rollout. Algorithmic deployment models embody a complex interplay between human actors,
institutions, and algorithmic technology [67]. Although proposals for algorithmic auditing often adopt an overly
simplistic, technology-centric approach that focuses only on the model itself, such a perspective fails to reflect the
realities of decision-making under algorithmic influence; similar critiques apply to the interpretation of the term
“bias[[7].

Governance Fragmentation and Coordination
Algorithms and evidence-based argumentation have become indispensable instruments for public governance. In
order to play a similar role in public services, however, they must be supplemented by appropriate coordination
mechanisms [57]. Algorithmic governance in public service contexts features multiple accountability goals, which
correspond to various points in the algorithmic decision-making process [47]. As a consequence, individual
algorithms must be managed by different public actors, hence complicating governance structures [37]. The
implementation of bias audits aims to guarantee accountability, transparency, and legitimacy for algorithmic
decisions, but also introduces additional complexity [37]. Governance systems are not only responsible for
algorithm oversight; they also possess crucial roles in upholding the public’s trust in governing institutions [27].
The engagement of multiple agencies in algorithm management, combined with the limited understanding of
algorithmic processes among most users, may reduce overall accountability [17. In light of the increased reliance
on algorithmic decision-making, establishing coordination between the various public actors involved in algorithm
governance has thus become a priority.

Policy Implications and Recommendations

Algorithmic systems increasingly mediate public services, yet accountability remains under-specified compared to
conventional governance [27]. A successful governance regime incorporates mechanisms to hold designers
accountable for their outputs, reinforcing public trust and enabling democratic oversight [17. Algorithmic
governance comprises the specification of decision-making methods, the establishment of appropriate oversight
arrangements, and the guarantee that such arrangements remain operational and effective throughout the system’s
lifecycle. Algorithms transform inputs into decisions; algorithmic systems automate execution. Accountability
requires attention to delegated decisions, including those made for or against the public interest on behalf of
individuals, communities, constituents, or other stakeholders [87. Within the public sector, data stewardship
supports transparency and fairness in public-sector algorithms by clarifying how information, data, models, and
decisions flow among programmers, decision-makers, and the affected public. Data provenance and model
observability facilitate the design, development, and deployment of algorithms that process data responsibly and
accommodate corrective interventions over time [47]. Bias audits help establish substantive and symbolic
legitimacy by addressing fairness, transparency, accountability, and the potential for unlawful discrimination. As
algorithmic governance is formalized, bias audits emerge as a core requirement of public-sector algorithms
employed in sensitive domains [57]. By assuring that the aspirations associated with public governance are
systematically taken into account, these audits encourage public-sector progression toward responsible
algorithmic solutions [67].
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Designing Robust Accountability Architectures
Algorithmic governance in public services supports effective accountability by delineating stakeholder
engagement across three milestones: [17] transparency about the data used, choice of model, and underlying
assumptions; [27] justification of the appropriateness of data, model, and assumptions for the targeted outcome,
alongside an explanation of how algorithmic decision-making adheres to regulatory norms; and [87correction of
algorithmic decisions that produce outcomes inconsistent with public objectives. Accountability is contingent not
only upon the thoroughness of these explanatory dimensions, but also upon public recognition of the government’s
capability to follow through on the required engagements [47]. Algorithmic bias audits can strengthen credibility
by bolstering confidence in the truthfulness and accessibility of information supplied at both the transparency and
Jjustification milestones, while reducing uncertainty about the alignment of algorithmic decision-making with
public objectives and normative expectations and thereby enhancing the potential for responsive corrections [67].
Bias audits reinforce the legitimacy of algorithmic governance in public services through three channels:
mitigation of bias-related risks for disadvantaged individuals and groups; enhancement of transparency regarding
the sources and manifestations of algorithmic bias; and establishment of trust within the public that algorithmic
governance remains equitable, credible, and legitimate [67. The legitimacy of governance is further promoted
when audit results, including non-compliances and mitigation strategies, are communicated to the public.
Algorithmic governance can then be construed as a data stewardship that promotes the responsible usage of public
datasets while safeguarding the conditions necessary for fairness, equity, and equal treatment by government
authorities [67.
Establishing Standardised Audit Practices
Algorithmic governance in public services enables accountability for algorithmic decisions and automated
decision-making through a range of governance instruments, including bias audits [27]. Algorithmic governance
addresses information, explanation, and consequences while supporting algorithmic decision-making in urban
transport accessibility, real estate lending, and predictive policing [87. Accountability concerns, including bias,
govern the use of algorithms in public services where algorithms operate in the open and impact citizens. Bias
audits are an important, but partial, device that enhances algorithmic governance by informing public agencies,
developers, and citizens about algorithmic fairness, transparency, and legitimacy [47]. Algorithmic governance is a
framework enabling the steering of public services through the provision of decision aids. This framework is
needed because algorithmic systems used in public services exhibit biases that raise concerns about fairness and
discrimination [57]. Steering is performed in urban transport accessibility planning, real-estate-lending risk
evaluation, and predictive policing, among other areas. Algorithmic governance operates at three points—data,
model, and decision, where different types of information inform the use of algorithms. Bias audits that assess
content, descriptive, and sample bias are a core component of governance that operates at the governance-input
layer (that is, the data layer) [67].
Fostering Public Trust and Legitimacy
Algorithmic governance in public services fosters public trust and legitimates the use of technology by enabling
structured, documented approaches to algorithmic accountability and bias. An emerging body of literature
specifically addresses the importance of information technology, data stewardship, and public involvement in
governance arrangements [6]. Bias audits should be underpinned by key performance indicators that span
multiple algorithmic categories and include procedures for external challenge and stakeholder engagement [77].
These mechanisms afford an opportunity for constructive debate about inadequacies in bias mitigation and other
algorithmic governance measures, such as the suitability of thresholds and metrics, and inform broader discussions
about the adequacy of provision across the public sector. Algorithmic governance, therefore, contributes directly
to public trust, stakeholder engagement in public decision-making, and legitimacy alongside compliance with
existing regulations [87].
CONCLUSION
Algorithmic governance in public services represents both a significant opportunity and a profound challenge.
While algorithms can enhance efficiency, consistency, and evidence-based decision-making, they also introduce
risks of opacity, bias, and weakened accountability if left insufficiently regulated. This paper has demonstrated that
accountability must remain central to the design and deployment of algorithmic systems, requiring clear allocation
of responsibilities across stakeholders and throughout the algorithmic lifecycle. Bias audits emerge as a critical
instrument for operationalizing accountability. By systematically identifying and addressing discriminatory
patterns in data, models, and decisions, these audits contribute to fairness, transparency, and legitimacy. However,
bias audits alone are not sufficient. They must be embedded within broader governance frameworks that
incorporate data stewardship, auditability, transparency measures, and accessible redress mechanisms.
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Institutional coordination, legal safeguards, and technical capacity are equally necessary to ensure that algorithmic

systems operate in alignment with public values. The complexity of multi-actor governance environments,
particularly in resource-constrained settings, further underscores the need for standardized practices and
collaborative oversight structures. Ultimately, fostering public trust in algorithmic governance requires more than

technical fixes; it demands a commitment to democratic principles, continuous scrutiny, and inclusive stakeholder
engagement. By integrating robust accountability architectures and institutionalizing bias audits, public

authorities can harness the benefits of algorithmic systems while safeguarding equity, justice, and the rights of page | 72
citizens.
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