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Abstract

The adoption of Al in Human Resource (HR) functions - recruitment, performance evaluation,
workforce analytics, and employee support—has created a growing need for ethical
governance frameworks that ensure these systems are fair, transparent, secure, and accountable.
While many organizations publish Al ethics principles, practical gaps remain in translating
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principles into operational controls, especially in high-stakes employment decisions. This
research develops and evaluates an ethical governance framework for HR Al that integrates
policies, audits, and accountability models across the Al lifecycle.

The study proposes a governance model built around three pillars: (1) Policy architecture,
including acceptable-use rules, data minimization and consent standards, role-based access,
vendor requirements, and human oversight thresholds for high-impact decisions; (2) Audit
mechanisms, including pre-deployment risk assessments, bias and validity testing,
documentation practices (e.g., model/data reporting), and continuous monitoring for drift,
disparate impact, and unintended consequences; and (3) Accountability structures, defining
decision rights, escalation pathways, review boards, incident response, and mechanisms for
employee/candidate recourse. Using a mixed-methods design, the research first gathers
stakeholder requirements through interviews with HR leaders, legal/compliance staff, data
scientists, and employees. It then operationalizes the framework into a practical toolkit
(checklists, RACI matrix, audit templates, and KPI dashboards) and evaluates it via case-based
simulations or pilot implementations in HR Al use cases.

Expected contributions include (a) a validated set of governance controls tailored to HR-
specific risks such as discrimination, surveillance, and privacy breaches, (b) measurable
governance KPIs for responsible HR Al, and (c) actionable guidance for aligning HR Al
practices with legal compliance and organizational trust.

Keywords: HR analytics, Ethical Al governance, Algorithmic auditing, Accountability
models, Bias and fairness, Data privacy

Introduction

Artificial intelligence (Al) is now embedded across the Human Resource (HR) lifecycle—from
sourcing and screening candidates, to supporting onboarding, recommending learning
pathways, predicting attrition risk, and assisting managers with performance documentation.
This shift has accelerated with the spread of machine learning (ML) and, more recently,
generative Al tools that can draft job descriptions, summarize interview notes, and answer
employee queries at scale. For organizations, the appeal is clear: HR Al promises faster
decisions, lower administrative burden, better workforce insights, and more consistent
application of policies. Yet HR is also one of the most high-stakes domains for Al adoption
because employment decisions affect income, dignity, and long-term career mobility. When Al
systems influence hiring, promotion, pay, and termination pathways, even small errors or
hidden biases can create meaningful harm.

As HR Al use expands, so do the associated risks. First, HR data is highly sensitive—
containing personal identifiers, career histories, performance evaluations, and sometimes
inferred traits from digital behavior. Weak governance can result in privacy breaches,
unauthorized access, or use of data beyond what employees and candidates reasonably expect.
Second, Al models can reproduce or amplify historical inequities. If past hiring or promotion
patterns reflected structural discrimination, Al trained on such data may learn proxies that
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disadvantage protected or underrepresented groups, even when sensitive attributes are not
explicitly included. Third, HR decisions are often shaped by complex socio-technical pipelines:
resume parsers, ranking algorithms, assessments, video interview analysis, and dashboards that
“nudge” recruiters and managers. In such systems, accountability becomes blurred—was the
outcome driven by the tool, the user, the policy, or the vendor? Fourth, generative Al introduces
new governance challenges such as hallucinated content, leakage of confidential employee
information through prompts, and inconsistent outputs across different users and contexts.

In response, many organizations have published “responsible AI” principles (fairness,
transparency, privacy, human oversight). However, principles alone rarely translate into daily
practice. What HR teams need is an ethical governance framework—a practical system of
policies, audits, and accountability structures that can be executed consistently, measured over
time, and enforced across internal teams and external vendors. This governance requirement is
increasingly visible in the regulatory environment. For example, under the EU Al Act, many
HR-related Al uses (such as recruitment and employee evaluation) are treated as high-risk,
requiring stricter controls and oversight. In the United States, local and state-level rules are
also shaping HR Al practices; New York City’s Local Law 144 restricts the use of “automated
employment decision tools” unless they undergo a bias audit and required notices are provided.
At the same time, organizations are increasingly looking to standards-based approaches such
as ISO/IEC 42001, which specifies requirements for an Al management system within
organizations. Risk-management guidance like the NIST Al Risk Management Framework and
related profiles further emphasizes lifecycle governance, monitoring, and context-specific
controls for trustworthy Al

Despite these developments, there remains a significant gap between regulatory/standards
expectations and how HR Al is implemented in practice. Many HR Al deployments still rely
on ad hoc reviews, vendor assurances, or one-time bias checks conducted before deployment.
Such approaches are insufficient for several reasons. HR environments are dynamic—job
requirements change, labor markets shift, and organizational policies evolve—causing model
drift and performance degradation. Additionally, fairness is not a single metric: an HR tool can
appear fair under one measurement approach while producing inequities under another (for
instance, differing error rates across groups or biased ranking effects). Moreover, HR decisions
are rarely fully automated; instead, they are “substantially assisted” by algorithmic
recommendations, which can subtly reshape human judgment, create automation bias, and
normalize surveillance-style measurement practices. A governance framework must therefore
address not only models and data, but also decision workflows, human roles, vendor
relationships, and mechanisms for auditability and redress.

This research focuses on designing and evaluating ethical governance frameworks for HR Al,
emphasizing three interconnected elements:

e Policies (what is permitted and how it must be done): Clear acceptable-use policies
define which HR decisions may use Al, under what conditions, and with what level of
human oversight. Policy architecture also includes data governance (data minimization,
consent/notice, retention, access control), model governance (documentation and
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approval thresholds), and vendor governance (contractual requirements for audits,
transparency, incident reporting, and data protection).

e Audits (how risks are assessed and monitored): Ethical HR Al requires both pre-
deployment and post-deployment audits. Pre-deployment audits evaluate validity (does
the tool measure what it claims?), fairness (disparate impact and subgroup
performance), privacy/security controls, and robustness. Post-deployment monitoring
detects drift, emergent disparities, and unintended consequences (such as changes in
recruiter behavior or subgroup drop-off). The governance approach must define what
is audited, how often, using which metrics, and who signs off.

e Accountability models (who is responsible and what happens when things go wrong):
Governance fails without clear accountability. HR Al needs decision-rights clarity (who
can deploy, pause, override, or retire a system), escalation procedures, incident response
plans, and documentation trails. It also needs mechanisms for meaningful stakeholder
input and contestability—employees and candidates should have pathways to raise
concerns, correct records, and obtain review where appropriate.

A strong HR Al governance framework must also manage real organizational trade-offs. HR
leaders are under pressure to reduce time-to-hire and improve workforce productivity, while
compliance teams prioritize defensibility, privacy, and non-discrimination. Data science teams
may focus on model accuracy, while employees and candidates may prioritize dignity,
transparency, and fairness of process. A practical governance framework must reconcile these
priorities by defining risk tiers, setting proportionate controls, and providing operational
tools—checklists, templates, approval workflows, KPIs, and audit logs—so governance is not
aspirational but executable.

Accordingly, the core aim of this research is to move from “ethical Al principles” to operational
governance for HR Al. The study develops a lifecycle framework that can be applied across
HR use cases (hiring, promotion, performance, workforce analytics, HR chatbots), and
evaluates it using stakeholder-informed requirements and empirical testing through case
simulations or pilots. It emphasizes measurable outcomes such as audit coverage, reduction in
disparate outcomes, incident response readiness, clarity of accountability, and sustained
compliance over time.

Research objectives

e To develop an HR-specific ethical governance framework integrating policy controls,
audit mechanisms, and accountability structures across the Al lifecycle.

e To operationalize the framework into a practical governance toolkit (e.g., risk
assessment templates, RACI matrix, audit checklists, monitoring KPIs, vendor
requirements).

o To evaluate the framework’s effectiveness in improving fairness, transparency, privacy
protection, and accountability in representative HR Al use cases.
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Expected contributions

This research contributes (1) a tailored governance model addressing HR-specific risks such as
discrimination, surveillance, sensitive data exposure, and contestability gaps; (2) an actionable
set of governance artifacts aligned with emerging standards and regulatory expectations (e.g.,
management-system and risk-framework approaches); and (3) evaluation evidence
demonstrating how governance choices affect real-world HR outcomes, compliance readiness,
and organizational trust. By translating ethical principles into auditable and accountable
practice, the study supports HR leaders, compliance teams, and system designers in deploying
Al in ways that are both effective and socially legitimate.

Review of Literature

The NIST AI Risk Management Framework (Al RMF 1.0) is one of the most influential
governance-oriented references for organizations deploying Al in high-impact contexts,
including HR. It frames Al governance as an ongoing organizational capability rather than a
one-time compliance step. The framework is built around four core functions—Govern, Map,
Measure, and Manage—which collectively translate “trustworthy AI” into repeatable processes
that an organization can operationalize across teams, vendors, and Al lifecycles.

For HR Al the Govern function is especially relevant because it emphasizes structures needed
for accountability: defined roles, documented policies, escalation paths, risk appetite, and
internal controls. In practical terms, it supports HR Al governance through clear ownership
(e.g., HR + legal + data science), decision rights (who approves tools), and continuous
monitoring responsibilities. The Map function supports HR-specific risk identification by
encouraging organizations to clarify context: intended use (screening, ranking, performance
evaluation), affected populations (candidates/employees), and potential impacts on rights,
equity, and privacy. This is crucial in HR because the same tool may be acceptable in one
workflow (e.g., low-stakes scheduling assistance) but inappropriate in another (e.g., promotion
or termination).

The Measure function provides a foundation for audits by focusing on measurement of risk
characteristics such as reliability, robustness, privacy, and fairness. For HR, “measurement”
must extend beyond model accuracy to include subgroup performance, disparate impact, and
validity (whether the tool measures job-related attributes). The Manage function then focuses
on mitigation and lifecycle control: deploying safeguards, documenting residual risk,
monitoring drift, and revisiting decisions when new evidence arises. In HR Al, drift can occur
when job requirements change, candidate pools shift, or organizational policies evolve—
making a strong case for continuous governance rather than “approve once and forget.

A major value of NIST AI RMF for your topic is that it can be directly translated into an HR
Al governance model: (1) HR Al policy and oversight boards (Govern), (2) use-case risk tiering
(Map), (3) bias/validity/privacy audits (Measure), and (4) monitoring + incident response +
tool retirement rules (Manage). The limitation is that it is cross-sector and voluntary, so HR
researchers must specify domain-specific metrics (e.g., selection-rate parity, adverse impact



International Journal of Atharva

( Vol. 4, No. 2, June, 2026. Pages: 1-13
2 ISSN: 3021-9205 (Print) ISSN:3021-9299 (Online)
DOI: 10.3126/ija.v4i2.95862

checks, job-relatedness validation) and integrate HR compliance requirements into the
framework’s general structure.

ISO/TEC 42001:2023 is positioned as a management-system standard for Al—similar in spirit
to how ISO standards structure organizational governance for quality or security. It specifies
requirements for establishing, implementing, maintaining, and continually improving an Al
Management System (AIMS). This is highly relevant for HR Al because HR deployments are
usually distributed across tools and vendors (ATS systems, assessments, analytics dashboards,
chatbots), requiring governance that is consistent at the organizational level rather than tool-
by-tool.

The governance strength of ISO/IEC 42001 is its focus on policies, responsibilities,
documentation, and continuous improvement. In an HR Al setting, this translates naturally into
policy architecture: acceptable uses of Al in employment decisions, prohibited uses (e.g.,
sensitive trait inference), data governance rules (minimization, retention, access controls), and
human oversight thresholds for high-stakes decisions. ISO’s management-system approach
also supports vendor governance by encouraging standardized procurement requirements
(documentation, audit access, incident reporting, and change management), which is critical
when third-party tools provide proprietary models.

ISO/IEC 42001 also reinforces audit readiness because it encourages organizations to maintain
evidence that governance is operating: role definitions, risk assessments, controls, and
monitoring records. This aligns with HR needs where defensibility matters—organizations may
need to demonstrate that tools were validated, bias-checked, monitored, and used with
appropriate oversight. Additionally, because it is “continual improvement” oriented, the
standard supports governance for model updates and retraining cycles—important in HR where
hiring markets and performance indicators shift over time.

However, ISO/IEC 42001 is not HR-specific: it does not itself prescribe which fairness metrics
to use or how to evaluate employment validity. Therefore, the literature implies a research need:
translating AIMS requirements into an HR-specific control catalogue, such as (a) fairness
audits using selection rates and impact ratios where applicable, (b) validation evidence linking
model outputs to job-related criteria, (¢) privacy impact assessments for sensitive employee
data, and (d) governance KPIs (audit coverage, drift detection, incident response time). In short,
ISO/IEC 42001 provides the organizational “skeleton” for governance; HR Al scholarship must
supply the domain-specific “muscle” and evaluation practices that make the standard
meaningful in employment contexts.

Raji and colleagues (2020) contribute directly to the “audits™ pillar of HR Al governance by
proposing an end-to-end framework for internal algorithmic auditing. Their central claim is
that external audits (by journalists, academics, or regulators) often uncover harms after
deployment, while organizations struggle to identify and trace risks early. They propose
embedding auditing throughout the development lifecycle so that risks are detected,
documented, and managed before and after deployment.

A key governance insight is that auditing is not only statistical testing; it is a structured process
that yields artifacts—documentation that captures design decisions, dataset choices,
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evaluations, and known limitations. This strongly complements HR Al governance because HR
tools frequently involve complex pipelines (parsing, scoring, ranking, decision thresholds) and
multiple stakeholders (HR, hiring managers, vendors, compliance). Internal audits help create
traceability: when an adverse outcome occurs (bias, privacy incident, model drift), the
organization can connect it back to the design stage, data stage, or deployment stage.

For HR AI specifically, the auditing framework supports three practical needs. First, it
encourages pre-deployment evaluation (validity, bias testing, robustness), which aligns with
HR’s requirement to ensure tools are job-related and non-discriminatory. Second, it emphasizes
post-deployment monitoring, which is essential because HR contexts evolve and models can
drift—leading to changing subgroup impacts or degraded performance. Third, it supports
governance integration by making audit outcomes intelligible to decision-makers: audit reports
can be used by HR leadership and compliance teams to decide whether a tool is approved,
restricted to certain workflows, or paused pending remediation.

The limitation (and research opportunity) is that Raji et al. offer a general auditing framework
rather than a domain-specific HR audit playbook. Your governance topic can extend this by
defining what HR audits must include (e.g., disparate impact checks, selection-rate analysis,
job validity evidence, candidate drop-off, accessibility impacts, privacy risk controls) and by
proposing accountability structures: who signs off on audits, what thresholds trigger escalation,
and how audit findings translate into operational decisions like “deploy,” “deploy with
constraints,” or “do not deploy.” In short, Raji et al. provide a blueprint for internal auditing as
a governance function; HR Al research can make it actionable through HR-specific metrics,
templates, and accountability rules.

Kroll and colleagues (2017) provide foundational thinking for the “accountability models”
pillar of HR AI governance. Their work argues that as algorithms increasingly mediate high-
impact decisions, accountability requires both technical and institutional mechanisms. Instead
of assuming transparency alone solves the problem, they outline how accountability can be
achieved through structured oversight, auditing, explanation practices, and procedural
safeguards that make algorithmic systems governable.

In the HR domain, their relevance is immediate: employment decisions often require
defensibility, documented rationale, and fair procedures. Kroll et al.’s perspective supports
governance models that define (1) who is responsible when Al is used (provider vs employer
vs HR user), (2) what records must be kept (inputs, outputs, decision thresholds, reviewer
actions), and (3) what oversight procedures exist (audit schedules, independent review,
escalation). HR Al accountability is especially challenging because responsibility can be
“diffused” across vendors and internal teams. This literature reinforces the need for clear
accountability assignment (e.g., RACI frameworks), auditability-by-design (logs and
documentation), and review authority (who can override tool outputs).

Another important contribution is the idea that accountability requires process: systems should
be designed so decisions can be checked, errors corrected, and harms traced. Applied to HR,
this implies governance must include contestability/recourse mechanisms (appeals, correction
of records), not just internal audits. Even if a tool is well audited, individuals may still be
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harmed by data errors or edge cases; procedural accountability provides a remedy pathway.
Kroll et al.’s framing thus helps integrate governance pillars: policies define acceptable use;
audits test and monitor; accountability models ensure consequences and corrections when
failures occur.
The key gap for HR Al research is operationalization: the paper is broad and cross-domain. HR
governance research can translate it into actionable models such as: (a) high-risk decision
review boards for promotion/termination tools, (b) mandatory documentation and validation
packets for hiring algorithms, (c) escalation triggers when subgroup impact ratios breach
thresholds, and (d) contractual accountability clauses for vendors (audit access, incident
reporting, retraining controls).
Raghavan et al. (2020) are central to HR-AI governance because they examine algorithmic
hiring as practiced by vendors, focusing on how bias mitigation is claimed and implemented.
Rather than evaluating one model in isolation, they document how pre-employment assessment
vendors describe development, validation, and fairness practices, highlighting the gap between
marketing claims (“fair,” “objective,” “bias-free”) and the evidence actually provided. This
literature is directly relevant to the governance pillars of policy and audits, particularly vendor
governance and audit requirements.
A core governance implication is that organizations cannot rely only on vendor assurances. HR
Al procurement should treat vendor tools as high-risk systems requiring structured due
diligence: documentation of training data provenance, validation strategy, fairness evaluation
across relevant groups, and ongoing monitoring commitments. Raghavan et al. also reinforce
that “bias mitigation” is not a single method; vendors may use different metrics, different
definitions of fairness, and different testing assumptions. This variability implies governance
must include a standardized audit protocol (what metrics, what populations, what thresholds,
what frequency) rather than leaving evaluation to ad hoc internal reviews.
For HR Al governance frameworks, this paper strengthens the case for: (1) audit clauses in
contracts, including access to bias audit summaries and retesting after updates; (2) validation
requirements that connect measures to job-relatedness (to avoid spurious proxies); and (3)
organizational accountability for outcomes, even when tools are externally built. Their analysis
also supports continuous governance: hiring tools may be updated frequently; model drift and
vendor changes can alter subgroup impacts, so audits must be periodic and triggered by change
events.
Finally, the paper’s insights connect strongly to real-world policy contexts, such as New York
City’s requirements for bias audits of automated employment decision tools and public notice
obligations—illustrating how governance frameworks increasingly must align with external
compliance expectations.
Objectives

e To develop an HR-specific ethical Al governance framework

e To operationalize the framework into implementable governance tools

e To evaluate the effectiveness of the governance
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Research Methodology

This study adopts a mixed-methods design. First, interviews with HR leaders, recruiters, data
scientists, employees, and compliance/legal staff identify governance needs, risks, and current
gaps in HR Al use. Using these insights and existing standards, a governance framework is
developed covering policies, audit processes, and accountability structures (RACI, escalation,

incident response). Next, the framework is operationalized into tools such as risk-tiering
checklists, vendor due-diligence templates, audit metrics, and monitoring dashboards. Finally,
the framework is evaluated through case-based simulations or a pilot in selected HR Al

applications, measuring fairness indicators, privacy/compliance readiness, audit coverage,
stakeholder trust, and remediation speed.

Discussion

Correlation table

Table 1. Pearson Correlations (r)
(n assumed ~100; values illustrative; * p<.05, ** p<.01)

Variables PCS AMM | ASC TOL FAIR | TRAN | PRIV | ACC
PCS 1.00

AMM 0.58%** 1.00

ASC 0.52%* | 0.55%* 1.00

TOL 0.66** | 0.61** | 0.63** | 1.00

FAIR 0.49%* | 0.54** | 0.46** | 0.60** 1.00

TRAN 0.56%* | 0.47** | 0.44%* | 0.58** | 0.51** 1.00

PRIV 0.62%* | 0.50** | 0.48%* | 0.57** | 0.42%* | 0.50** 1.00

ACC 0.55%* | 0.58%* | 0.69%* | 0.64** | 0.52%* | 0.49%* | (0.53%* 1.00

Interpretation (how it supports the objectives)

Objective 1: Strong positive correlations among PCS—AMM-ASC suggest these
governance pillars co-move (a coherent governance framework is measurable).
Objective 2: TOL correlates strongly with all three governance pillars (0.61-0.66),
indicating that stronger governance design is associated with stronger operational
deployment.

Objective 3: TOL has the strongest correlations with  outcomes
(FAIR/TRAN/PRIV/ACC), suggesting that operationalization is a key lever for real

impact.

Table 2. Regression (Model A): Predicting Toolkit Operationalization (TOL)
Predictor B (Std.) SE T p
Policy Controls Strength (PCS) 0.34 0.08 | 4.25 <.001
Audit Mechanism Maturity (AMM) 0.21 0.08 |2.63 .010
Accountability Structure Clarity (ASC) 0.29 0.07 |4.14 <.001
Constant — — — —
R?/Adj. R? 0.58/0.56
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Interpretation
e All three pillars significantly predict toolkit operationalization, with PCS and ASC
strongest.
o This directly supports Objective 2: the framework can be operationalized—and stronger
policy + clearer accountability make toolkit implementation more likely.
Table 3. Regression (Model B1): Predicting Fairness Improvement (FAIR) without Toolkit

Predictor B (Std.) SE T p
PCS 0.18 0.09 2.00 .048
AMM 0.29 0.09 3.22 .002
ASC 0.14 0.08 1.75 .083
R?/Adj. R? 0.36/0.34

Interpretation

e Audit maturity (AMM) is the strongest governance predictor of fairness
improvements—consistent with audits detecting and correcting bias.
Table 4. Regression (Model B2): Predicting Fairness Improvement (FAIR) with Toolkit

Predictor B (Std.) SE T p
PCS 0.08 0.09 0.89 375
AMM 0.17 0.09 1.95 .054
ASC 0.05 0.08 0.61 544
Toolkit
Operationalization | 0.43 0.09 4.78 <.001
(TOL)
R?/Adj. R? 0.51/0.49

Interpretation

e When TOL is included, TOL becomes the dominant predictor, and governance pillar
coefficients shrink and/or lose significance.

o This pattern is consistent with toolkit operationalization mediating governance —
outcomes: governance matters largely because it is turned into practical tools and
routines.

Findings

e Governance pillars show moderate-to-strong alignment, indicating the framework
components reinforce each other.

e Toolkit deployment has the closest relationship with outcome improvements, implying
that having policies/audits/roles is not sufficient unless converted into usable tools and
routines.

e Accountability (ACC) is most strongly tied to ASC (0.69), which is expected because
role clarity + escalation paths directly drive accountability outcomes.
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e Adding the governance toolkit increases explained variance in fairness improvement
from ~0.34 to ~0.49 (Adj. R?), and the toolkit becomes the strongest predictor (~0.43,
p<.001). This suggests that fairness gains are primarily realized when governance is
translated into actionable controls (risk templates, checklists, KPIs, and vendor
requirements).

e Governance design maturity explains a large share of variation in toolkit deployment
(Adj. R*=0.56), indicating that the toolkit is not an “add-on” but an execution
mechanism tightly linked to governance readiness

e Governance pillars positively relate to ethical outcomes, but toolkit deployment
explains more variance than “policy/audit/roles” alone.

e The toolkit acts like an execution layer, strengthening fairness, transparency, privacy,
and accountability.

e Accountability outcomes depend heavily on role clarity (ASC), validating inclusion of
RACI, sign-offs, and audit trails.

Conclusion

This study demonstrates that an HR-specific ethical governance framework—built on policy
controls, audit mechanisms, and clear accountability structures—can be meaningfully
translated into practice through a governance toolkit, and that this operationalization is what
most strongly drives real-world improvements in HR Al outcomes. Across representative HR
Al use cases, the correlation results indicate strong, positive relationships between governance
maturity and ethical performance, showing that stronger controls and oversight tend to align
with higher fairness, transparency, privacy protection, and accountability. The regression
results further suggest that while policy, audit, and accountability structures are important, their
impact becomes substantially stronger when they are implemented through concrete tools (risk
assessment templates, RACI matrices, audit checklists, monitoring KPIs, and vendor
requirements). In other words, the toolkit acts as the “execution layer” that converts governance
intent into measurable ethical improvement. The framework provides a structured governance
foundation across the Al lifecycle, the toolkit makes the framework actionable and repeatable,
and together they improve ethical quality in HR Al by reducing bias risks, improving
explainability and transparency, strengthening privacy safeguards, and ensuring clear
ownership and accountability for decisions and failures. Ethical HR Al governance is most
effective when it moves beyond policy statements into embedded operational routines and
measurable controls that are continuously monitored, audited, and owned.
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