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while the European Union’s (EU) Artificial Intelligence (AI) Act treats many
employment-related Al systems as high-risk because they may significantly
affect career opportunities, livelihoods, and fundamental rights. However,
existing debates on fair algorithmic hiring often remain fragmented, treating
fairness either as a technical bias-mitigation issue, a legal compliance issue,
or a matter of applicant perception. This fragmentation leaves organizations
without an integrated governance architecture that connects regulatory
obligations, decision accountability, human oversight, data controls, and
procedural justice. The purpose of this conceptual paper is to develop a multi-
layer decision architecture for governing fair algorithmic hiring under the EU
Al Act. The article applies a theory-building methodology based on conceptual
synthesis, integrating the Al Act’s requirements for high-risk systems with
organizational justice theory, algorithmic fairness research, and human
resource management governance literature. The study develops a six-layer
governance architecture consisting of strategic accountability, lifecycle risk
management, data and model assurance, human oversight, candidate-facing
transparency and redress, and continuous monitoring and organizational
learning. In addition, the article formulates seven theoretical propositions
explaining how governance mechanisms can translate compliance obligations
into distributive, procedural, interpersonal, and informational justice in
recruitment. The article concludes that fair algorithmic hiring cannot be
achieved through isolated audits, bias testing, or disclosure statements alone.
Instead, it requires an integrated decision architecture that allocates rights
and responsibilities across the recruitment pipeline, preserves meaningful
human judgment, enables candidate voice and appeal, and embeds legal and
ethical safeguards into ongoing organizational routines.

1. Introduction

Algorithmic hiring has moved from experimental human resource (HR) technology to a core
component of contemporary recruitment. Applicant tracking systems, automated ranking tools,
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chatbots, structured video interviews, psychometric games and machine-learning systems are used
to source, screen, assess and prioritize candidates. These tools promise speed, scale and consistency,
but they also alter the structure of employment decisions. A recruitment decision is no longer made
only by a recruiter applying professional judgment to candidate information. It is increasingly
produced by a socio-technical decision pipeline in which vendors, employers, data scientists, HR
managers, legal departments and applicants all interact with a system whose outputs shape access
to work [1-3].

The governance relevance of algorithmic hiring has intensified because the European Union’s
(EU) Artificial Intelligence (Al) Act classifies many Al systems used in employment, worker
management, and access to self-employment as high-risk when they are used for recruitment,
selection, decisions affecting work-related relationships, task allocation, monitoring or evaluation [4].
The regulation requires high-risk Al systems to satisfy obligations concerning risk management, data
governance, technical documentation, record-keeping, transparency, human oversight, accuracy,
robustness and cybersecurity [4]. The Act also introduces obligations for deployers, including
appropriate use, competent human oversight, monitoring, log retention and information duties
toward affected persons and workers' representatives [4]. At the time of writing, the implementation
timetable remains progressive and subject to ongoing simplification debates, but the policy direction
is clear: employment-related Al is no longer a voluntary ethics matter; it is a regulated decision
domain [5].

Despite this regulatory shift, the academic and managerial literature remains fragmented. One
stream examines the technical and legal limits of bias mitigation in algorithmic hiring, showing that
vendor claims about objectivity often exceed what existing systems can demonstrate [2-3, 6-7]. A
second stream examines human resource management (HRM) adoption, emphasizing efficiency,
analytics capability and organizational transformation [1, 8-10]. A third stream focuses on applicant
and employee reactions, showing that algorithmic evaluation may influence trust, dignity, privacy
concerns and willingness to engage with an employer [11-14]. A fourth stream studies algorithmic
fairness and accountability more broadly, including data documentation, model transparency, audits
and the limits of abstract fairness metrics [15-19]. These streams provide important insights, but they
do not yet offer a unified architecture for governing fair hiring decisions across the full recruitment
lifecycle.

The main weakness of the current debate is that fairness is frequently treated as a narrow
property of a model, a one-time audit result, or a disclosure obligation. This is insufficient for hiring.
A technically debiased model may still be unfair if applicants cannot understand the process, contest
errors, receive respectful treatment, or benefit from meaningful human review. Similarly, a legally
compliant system may still be perceived as illegitimate if governance routines are opaque and
candidate voice is absent. Organizational justice theory has long shown that fairness in selection
depends not only on decision outcomes but also on the perceived quality of procedures,
explanations, interpersonal treatment and opportunities for voice [20-23]. Algorithmic hiring
therefore requires a governance model that connects technical accuracy and bias controls with
procedural, interpersonal and informational justice.

This article addresses an important gap in the literature by developing a governance architecture
for fair algorithmic hiring under the EU Al Act. Existing research provides valuable insights into bias
mitigation, applicant reactions, compliance requirements and fairness metrics, but it does not yet
explain how these elements should be integrated into a coherent organizational governance model
across the recruitment lifecycle. The significance of this study is twofold. First, it translates the legal
architecture of high-risk artificial intelligence into organizational decision rights, control points and
feedback loops. Second, it extends algorithmic fairness research by embedding fairness metrics

272



Applied Decision Analytics
Volume 2, Issue 1 (2026) 271-282

within a broader HRM governance model grounded in organizational justice. The objective of this
study is to develop a conceptual framework specifying how organizations should design governance
architectures that convert Al Act compliance into fair and legitimate algorithmic hiring decisions. To
achieve this objective, the article proposes a six-layer decision architecture and seven theoretical
propositions that explain how regulatory, technical and organizational mechanisms interact to
produce fairness in high-risk recruitment systems.

2. Methodology

This study adopts a conceptual and theory-building approach. The methodological aim is to
develop a model that connects previously separate research domains and clarifies the mechanisms
through which fair algorithmic hiring can be governed. Conceptual articles require explicit research
design, transparent selection of source domains and a clear account of the intended contribution
[24]. This article follows a model-building approach: it specifies the focal phenomenon, defines the
core constructs, synthesizes compatible theoretical lenses and derives propositions that can guide
future empirical work [24-26].

The focal phenomenon in this study is algorithmic hiring, defined as recruitment processes in
which an artificial intelligence system materially influences candidate access to work by sourcing,
screening, ranking, assessing, recommending, or otherwise informing recruitment decisions. This
definition includes both fully automated systems and hybrid human-—artificial intelligence systems. It
excludes administrative tools that do not materially affect candidate evaluation, although cases at
the boundary of this definition may still raise transparency or data protection concerns. In turn,
governance architecture refers to an organized set of decision rights, accountability roles,
documentation practices, technical controls, oversight routines, and feedback mechanisms that
structure how algorithmic hiring systems are procured, configured, deployed, and monitored.

The conceptual synthesis proceeded in four steps. First, the article identified regulatory design
requirements from the EU Al Act, especially the high-risk system requirements and deployer
obligations relevant to employment decisions [4, 5]. Second, it selected organizational justice theory
as the normative and behavioral lens for fairness in hiring, distinguishing distributive, procedural,
interpersonal and informational justice [20-23]. Third, it integrated algorithmic fairness and
accountability research, including work on disparate impact, fairness trade-offs, documentation,
auditing and the limits of abstraction [15-19, 27-28]. Fourth, it incorporated HRM governance and Al-
in-HR literature to locate controls within the recruitment pipeline and the organization rather than
only within the technical model [1, 8-10, 29-31].

The integration logic is abductive. Rather than treating legal compliance, technical fairness, and
applicant justice as separate objectives, the article conceptualizes them as mutually dependent
components of the same decision system. The Al Act supplies minimum legal obligations and lifecycle
requirements. Organizational justice theory explains why candidates and employees may accept or
reject algorithmic hiring as fair. Algorithmic fairness research identifies measurement and design
limits. HRM governance identifies the organizational actors, incentives, and routines through which
the system is enacted in practice. The resulting architecture is therefore not a checklist but a decision
model that links regulatory duties to fairness mechanisms across the recruitment lifecycle.

Because the article is conceptual, the term results refer to the conceptual outputs of the
synthesis: a structured governance architecture, a mapping of regulatory requirements onto
governance functions, and a set of theoretical propositions. These outputs are designed to support
empirical scrutiny in subsequent research. Specifically, future studies may test whether candidate
appeal mechanisms improve perceived procedural justice, whether human oversight is effective only
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when reviewers possess sufficient authority and competence, and whether fairness deteriorates in
the absence of post-deployment monitoring.

3. Results

Algorithmic hiring should be understood as a sequence of interdependent decisions rather than
a single automated recommendation. A recruitment pipeline begins with job design and advertising,
continues through sourcing, screening, assessment and ranking, and ends with selection, feedback
and possible appeal. Each stage creates a distinct fairness risk. Job advertisements may reproduce
occupational stereotypes; sourcing tools may exclude candidates whose profiles are less visible
online; screening systems may rely on proxies for elite education or prior employment; assessments
may underrepresent non-standard career paths; ranking tools may compress heterogeneous
candidates into a single score; and automated rejections may deprive candidates of feedback or voice
[2-3, 6, 29-31].

The EU Al Act provides a legal baseline for controlling some of these risks. Articles [8-12, 29-31]
require high-risk systems to satisfy requirements concerning risk management, data governance,
technical documentation, record-keeping, transparency, human oversight, accuracy, robustness and
cybersecurity [4]. For deployers, Article 26 is especially important because it shifts governance from
the provider's technical design to the employer's organizational use of the system. Employers
deploying high-risk Al systems must use them according to instructions, assign human oversight to
competent and authorized people, monitor operation, keep logs where under their control, inform
affected workers in workplace contexts and inform natural persons when high-risk Al assists decisions
related to them [4].

However, legal obligations do not automatically produce fair hiring. Fairness in recruitment
involves at least four justice dimensions. Distributive justice concerns the fairness of outcomes,
including whether candidates from different groups have equitable access to opportunities.
Procedural justice concerns the fairness of the decision-making process, including consistency, job-
relatedness, bias suppression, voice and correctability. Interpersonal justice concerns whether
applicants are treated with respect and dignity. Informational justice concerns the quality and
sincerity of explanations [20-23]. Algorithmic hiring can undermine any of these dimensions even
when a model appears statistically accurate. For example, recent evidence shows that algorithmic
evaluation may be perceived as lacking respect and individualized consideration, not only as biased
[12].

The architecture proposed in this article is built on the premise that fair algorithmic hiring
requires alignment between legal compliance, technical assurance and organizational justice. Figure
1 presents the overall model. The architecture contains six layers: strategic accountability, lifecycle
risk management, data and model assurance, human oversight, candidate-facing transparency and
redress, and continuous monitoring and learning. These layers operate across the recruitment
pipeline and are linked by feedback loops that convert incidents, applicant responses and monitoring
results into system improvement.
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Fig. 1. Multi-layer governance architecture for fair algorithmic hiring under the EU Al Act

The first layer, strategic accountability, defines why the organization uses algorithmic hiring,
which decisions may be delegated to Al, who is accountable for outcomes, and which fairness
principles are non-negotiable. This layer prevents the common governance failure in which Al
procurement is treated as an HR technology purchase rather than as a decision-system redesign.
Strategic accountability should include a recruitment Al charter, explicit decision rights, escalation
pathways, vendor accountability clauses and periodic board- or senior-management review. It also
establishes the organization's interpretation of fair access to employment, including commitments
to non-discrimination, job-relatedness, inclusion and candidate dignity.

The second layer, lifecycle risk management, translates the Al Act's risk-management logic into
HR routines. It begins before procurement and continues after deployment. Before adoption, the
employer should identify the intended purpose of the system, the recruitment stage affected, the
candidate groups likely to be affected, the expected benefits, the risks of harm and the alternatives
to automation. During procurement and configuration, the employer should require evidence of
validation, data governance, model limitations, documentation, accuracy and cybersecurity from the
provider. During use, the employer should monitor error patterns, adverse impact, candidate
complaints, system drift and recruiter overrides. This lifecycle approach reflects the Al Act's emphasis
on risk management and post-market monitoring, but it also adapts those requirements to the
organizational context of hiring [4, 19, 32].

The third layer, data and model assurance, governs the technical foundation of hiring decisions.
Algorithmic fairness cannot be inferred from the absence of sensitive attributes alone. Research has
shown that removing protected characteristics may not prevent discrimination because proxies may
remain in the data, prediction targets may be normatively flawed and fairness metrics may trade off
against one another [15-16, 27-28]. Data and model assurance therefore requires documented
training and validation data, job-relatedness analysis, subgroup performance testing, adverse impact
analysis, robustness checks, data minimization and assessment of proxy variables. Documentation
mechanisms such as model cards and datasheets can support transparency, but they must be
connected to actual decision authority and review routines [17-18].

The fourth layer, human oversight, defines how human judgment is preserved, trained and made
consequential. The Al Act requires human oversight for high-risk systems, but oversight may be
merely formal if human reviewers lack competence, time, authority or incentives to challenge the
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system [4]. In hiring, meaningful oversight requires that a reviewer can understand the system's
intended purpose and limitations, access relevant evidence, override outputs, request additional
review, document reasons and trigger escalation. Oversight should be located at high-impact
decision points such as rejection thresholds, shortlisting cut-offs and final selection
recommendations. Human involvement should not be used as a symbolic shield for automated
decisions; it should function as a control mechanism that can change outcomes.

The fifth layer, candidate-facing transparency and redress, translates informational and
procedural justice into recruitment practice. Candidates should be told when Al materially influences
the process, what function the system performs, what information is used, what human review is
available and how errors can be challenged [33]. Explanations do not need to reveal proprietary code,
but they should be useful enough to support understanding and contestability. Research on
explainability emphasizes that explanations are social and contrastive: people want to know why one
outcome occurred rather than another, and what could be done differently [34-35]. In hiring, this
means that generic statements such as 'an automated tool was used' are insufficient for perceived
fairness.

The sixth layer, continuous monitoring and learning, ensures that fairness is not assumed at
launch. Hiring systems operate in changing labor markets, changing organizational contexts and
changing applicant populations. A model that appears acceptable during validation may create unfair
patterns when vacancies, applicant pools or organizational priorities shift. Continuous monitoring
should include periodic audits, log review, adverse impact analysis, candidate-experience
monitoring, recruiter feedback, incident reporting and revision of thresholds or usage rules. This layer
is also where governance becomes adaptive: lessons from complaints, audits and human overrides
feed back into procurement, data controls, explanations and oversight.

Table 1 summarizes how key Al Act requirements can be translated into governance functions for
algorithmic hiring. The mapping does not treat the Al Act as a complete fairness theory; it shows how
regulatory obligations can be connected to justice-relevant organizational controls.

Table 1
Mapping Al Act requirements to governance functions in algorithmic hiring
Recruitment risk

Al Act requirement

addressed

Governance function

Justice contribution

Risk management

Unidentified harms in
sourcing, screening,
ranking or assessment

Map intended purpose, affected
groups, risk scenarios, mitigation
measures and residual risks before
deployment

Procedural justice
through consistency,
bias suppression and

correctability

Data and data

Historical bias, proxy
discrimination and non-

Assess data provenance, relevance,
representativeness, quality,

Distributive justice
through fairer access

governance representative applicant protected proxies and subgroup and reduced adverse
data performance impact
. Require documentation of intended
. Opaque vendor claims . . . S
Technical purpose, model logic, validation Informational justice and

documentation

and weak organizational
accountability

evidence, limitations and usage
conditions

accountability

Record-keeping and
logs

Lack of evidence for
audits, appeals or
incident investigation

Retain logs of system outputs,
human overrides, thresholds, errors
and complaints where legally
permitted

Procedural justice
through traceability and
correctability

Transparency to
deployers and
affected persons

Candidates do not know
when or how Al
influences the process

Provide plain-language notices,
role-of-Al explanations and criteria-
level information

Informational justice and
trust
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Table 1 Continued

Human oversight

Automation bias, rubber-
stamping and
unchallengeable rejection

Assign competent reviewers with
authority to intervene, override,
escalate and document reasons

Procedural and
interpersonal justice

Accuracy, robustness
and cybersecurity

Unreliable
recommendations, model
drift and data-security
harms

Test validity, error rates, drift,
robustness, cyber risks and failure
modes across recruitment contexts

Distributive and
procedural justice

Deployer obligations

Provider compliance does

Define employer-side instructions,
monitoring, worker information,

not translate into fair
organizational use

log retention and incident
procedures

Accountability and
legitimacy

Table 2 further specifies the six architectural layers as decision rights and control responsibilities.
The table emphasizes that fair algorithmic hiring is a distributed governance task rather than the
responsibility of a single HR manager, data scientist or vendor.

Table 2
Governance layers, decision rights and control responsibilities
- . Primar
Layer Core decision rights Key controls . y
organizational owners
. Which hiring decisions may Al Al hiring charter, role allocation, Senior management,
1. Strategic

accountability

influence and under what
fairness commitments?

vendor requirements, escalation
rules

HR leadership,
legal/compliance

2. Lifecycle risk
management

When may a system be
procured, deployed, suspended
or redesigned?

Pre-use assessment, risk register,
mitigation plan, deployment gate,
incident response

HR, risk/compliance,
data protection
officer, procurement

3. Data and model
assurance

Which data, targets, features
and thresholds are acceptable?

Data documentation, job-
relatedness review, subgroup
testing, drift analysis, audit
support

Data science, HR
analytics, vendor, legal

4. Human oversight

Who can challenge, override or
escalate algorithmic outputs?

Competence requirements,
review protocols, override logs,
anti-rubber-stamping safeguards

Recruiters, hiring
managers, HR
governance board

5. Transparency
and redress

What do candidates know and
how can they correct errors or
seek review?

Al notices, explanations,
correction channels, appeal
mechanism, respectful
communication

HR operations,
candidate experience,
legal

6. Monitoring and
learning

How are outcomes, complaints
and system changes converted
into improvement?

Periodic audits, adverse impact
review, complaint analytics, post-
deployment updates

HR governance board,
internal audit,
compliance

The architecture gives rise to seven theoretical propositions. These propositions articulate
theory-based expectations about how governance mechanisms shape fairness and legitimacy in
algorithmic hiring and provide a basis for future empirical research and organizational assessment.

Proposition 1. Lifecycle integration proposition. Algorithmic hiring systems are more likely to
produce fair and legitimate outcomes when Al Act requirements are embedded into lifecycle
governance routines rather than treated as static compliance documents.

Proposition 2. Procedural justice proposition. The relationship between algorithmic hiring and
applicant trust is mediated by procedural justice mechanisms, especially consistency, job-
relatedness, voice, correctability and the availability of human review.
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Proposition 3. Human oversight proposition. Human oversight improves fairness only when
reviewers have sufficient competence, authority, time and accountability to challenge system
outputs; symbolic or constrained oversight does not produce meaningful justice benefits.

Proposition 4. Data-governance proposition. Representative and well-documented data reduce
distributive unfairness only when combined with job-related target definitions, subgroup
performance testing and monitoring for proxy discrimination.

Proposition 5. Transparency-redress proposition. Candidate-facing explanations increase
perceived informational and procedural justice when they specify the role of Al, the criteria relevant
to the decision and the available routes for correction or appeal.

Proposition 6. Role-allocation proposition. Clear allocation of provider, deployer, HR, legal, data
protection and managerial responsibilities reduce governance gaps and strengthens accountability
for high-risk recruitment decisions.

Proposition 7. Adaptive fairness proposition. Fairness in algorithmic hiring decays over time
unless monitoring results, applicant feedback, incidents and human overrides are converted into
system updates and governance revisions.

4. Discussion and implications

The proposed architecture makes four theoretical contributions. First, it moves beyond the view
that algorithmic hiring fairness is primarily a technical property of the model. Technical controls are
necessary, but they are insufficient because hiring fairness also depends on the structure of the
decision process, the quality of explanations, the treatment of candidates and the availability of
correction. This extends algorithmic fairness research by locating fairness metrics inside
organizational decision systems rather than treating them as stand-alone solutions [15-16, 27-28].

Second, the article reframes the EU Al Act as a governance catalyst rather than merely a
compliance constraint. The Act's requirements for risk management, data governance,
documentation, logging, transparency, human oversight and monitoring can be interpreted as design
inputs for fair recruitment governance [4]. However, the Act does not fully specify how these
obligations should be translated into HR routines, candidate-facing processes or organizational
justice mechanisms. The architecture developed here fills that gap by connecting legal obligations to
decision rights and justice outcomes.

Third, the article extends organizational justice theory to high-risk Al-mediated hiring. Traditional
selection justice models were developed for human-administered procedures, but their core
dimensions remain highly relevant. Algorithmic hiring changes the objects of fairness judgments:
candidates may evaluate not only the recruiter or organization but also the perceived legitimacy of
the system, the quality of human oversight and the intelligibility of automated recommendations.
The architecture therefore adapts distributive, procedural, interpersonal and informational justice to
a socio-technical context in which humans and algorithms jointly produce selection outcomes [20-
23].

Fourth, the article contributes to HRM governance by specifying how accountability should be
distributed across organizational actors, thereby extending broader work on accountability in
algorithmic decision-making to the recruitment context [36]. Vendor documentation alone cannot
guarantee fair use, because employers configure systems, define job-related criteria, set decision
thresholds, determine the weight assigned to algorithmic recommendations, and decide whether
candidates may contest outcomes. Conversely, employers cannot govern these systems fairly unless
providers supply sufficient documentation, validation evidence, and clear disclosure of system
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limitations. Fair algorithmic hiring therefore requires coordination between providers and deployers,
internal cross-functional governance, and candidate-facing accountability mechanisms [1-3, 10].

Several practical implications follow. Employers should begin with a recruitment Al inventory that
identifies where Al systems materially influence candidate access to work. Each system should be
mapped to recruitment stages, affected groups, data inputs, decision outputs, human decision rights
and appeal mechanisms. Systems that materially influence screening, ranking or assessment should
be governed as high-impact decision systems even when legal classification remains uncertain. This
conservative approach is appropriate because reputational, ethical and discrimination risks may arise
before formal enforcement action.

Procurement practices should also change. Employers should not purchase algorithmic hiring
tools solely on efficiency claims. Vendor contracts should require information about intended
purpose, validation evidence, training and testing data, known limitations, subgroup performance,
logging functions, audit support, cybersecurity measures and processes for incident response. If a
vendor cannot explain how the system was validated for the relevant job context, the employer
should not assume that the tool is job-related or fair. This is consistent with the broader
accountability literature, which warns that claims of technical neutrality often conceal untested
normative choices [2, 15, 19].

HR professionals require new competencies. They do not need to become machine-learning
engineers, but they must understand how algorithmic hiring systems structure decisions, what
fairness metrics can and cannot show, when human oversight is meaningful, and how to interpret
documentation. Al literacy should therefore be role-specific. Recruiters need practical knowledge of
system use, overrides and candidate communication. HR leaders need knowledge of procurement,
governance and accountability. Legal and compliance teams need knowledge of Al Act obligations,
data protection and anti-discrimination law. Managers need knowledge of the limits of algorithmic
recommendations.

Candidate-facing governance deserves particular attention. Many organizations focus on internal
audits while neglecting the applicant’s experience. Yet applicants evaluate fairness through the
information they receive and the way they are treated throughout the process. Candidate notices
should explain the role of artificial intelligence in clear and accessible language, identify the stage of
the recruitment process affected, specify whether human review is available, describe the types of
information considered, and provide a mechanism for correcting errors or requesting review. Even
when a candidate is not selected, respectful and informative communication can protect
organizational legitimacy and reduce perceptions of dehumanization [12, 20, 23].

For policymakers and regulators, architecture suggests that compliance guidance should focus on
organizational use cases rather than only technical system categories. Recruitment is a pipeline, and
risk arises from the interaction between model outputs, job criteria, recruiter behavior and candidate
rights. Regulators can support fair implementation by providing sector-specific templates for
fundamental rights impact assessment, examples of meaningful human oversight, documentation
standards for recruitment tools and guidance on candidate information notices.

The proposed architecture is subject to several boundary conditions. It is designed for
recruitment systems that materially influence access to work and are likely to fall within high-risk or
high-impact categories. It is less directly applicable to low-risk administrative tools, such as calendar
scheduling systems, provided that these tools do not affect candidate evaluation. Architecture
assumes a European Union or European Union-facing organizational context, although many of its
elements remain relevant beyond the European Union because fairness, transparency, human
oversight, and accountability are widely recognized governance principles across jurisdictions [37-
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39]. Nevertheless, the applicable legal duties vary across countries, and organizations should adapt
the model to local anti-discrimination, labor, data protection, and collective consultation rules.

Future empirical research should test the propositions in multiple ways. Survey experiments
could examine how explanation, appeal and human oversight affect applicants' perceived justice and
willingness to continue in a hiring process. Field studies could compare organizations with different
governance architectures and measure adverse impact, candidate complaints, time-to-hire and
employer attractiveness. Qualitative studies could explore how recruiters interpret algorithmic
recommendations and when they feel empowered to override them. Audit studies could examine
whether data documentation and subgroup testing reduce discriminatory patterns. These studies
would help move the field from conceptual governance design to evidence-based governance
evaluation.

5. Conclusions

Algorithmic hiring creates a governance challenge because it reorganizes employment decisions
around data, models, vendors, recruiters and automated recommendations. The EU Al Act increases
the urgency of this challenge by treating employment-related Al systems as high-risk when they
materially influence recruitment, selection and work-related decisions. Yet compliance alone is not
sufficient. A hiring system may satisfy formal documentation requirements and still fail to provide
candidates with dignity, voice, explanation or meaningful human review.

This article developed a multi-layer decision architecture for fair algorithmic hiring under the EU
Al Act. The architecture integrates strategic accountability, lifecycle risk management, data and
model assurance, human oversight, candidate-facing transparency and redress, and continuous
monitoring and learning. It connects the legal requirements of high-risk Al systems with
organizational justice theory and algorithmic fairness research. The central claim is that fair
algorithmic hiring is not a property that can be certified once and then assumed. It is an
organizational capability that must be designed, enacted, monitored and revised across the
recruitment pipeline.

The article's main conclusion is that organizations should shift from tool-centered compliance to
decision-centered governance. The relevant question is not only whether an Al tool has been audited,
but whether the recruitment decision system is accountable, job-related, explainable, contestable
and respectful. When these conditions are met, algorithmic hiring may support more consistent and
scalable recruitment. When they are absent, Al may amplify exclusion while appearing neutral. The
governance architecture proposed here offers a conceptual foundation for organizations and
researchers seeking to build algorithmic hiring systems that are not only efficient but also legitimate
and fair.
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