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Abstract

Artificial Intelligence (Al) is increasingly transforming healthcare systems; however, its structured integration into public-sector
human resource management (HRM) remains limited. Polish public hospitals face persistent workforce shortages, recruitment
inefficiencies, and regulatory constraints under the General Data Protection Regulation (GDPR) and the EU Artificial
Intelligence Act. Building upon prior conceptual work on legitimacy-preserving Al governance architecture, this study advances
an applied Al-enabled workforce governance model tailored to public healthcare HR systems. Using a structured conceptual-
analytical framework development approach grounded in Institutional Theory, the Resource-Based View, Strategic Human
Capital Theory, and algorithmic governance literature, the Public AI-HR Governance Framework (P-AIHR) integrates five
operational governance pillars supported by a 36-month implementation roadmap and structured risk matrix. Scenario modelling
calibrated against OECD workforce indicators and illustrated through a 300-bed hospital simulation suggests plausible reductions
in recruitment cycle time (20-30%), turnover rates (3—6 percentage points), and overtime variability (10-18%) under
governance-controlled Al deployment. Rather than presenting empirical outcomes, the model provides analytically bounded
projections intended to demonstrate the operational plausibility of governance-aligned Al integration. The study contributes a
governance-calibrated framework for high-risk regulatory environments and advances the literature on Al-enabled HR
transformation in public healthcare systems.
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1. Introduction

Artificial Intelligence (Al) is reshaping healthcare systems, per 1,000 inhabitants, below the EU average [7]. Public hos-
particularly in diagnostics and operational optimisation [14]. pitals operate under strong regulatory oversight including
However, Al integration within public-sector HRM remains GDPR [5] and the EU AI Act [6]. This study operationalises
underdeveloped. Poland reports approximately 3.4 physicians the conceptual Al governance architecture proposed in [16]
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into an applied workforce governance model.

2. Literature Review

Al supports recruitment automation and predictive work-
force analytics [10, 15]. Algorithmic governance literature
highlights risks related to bias and accountability [3, 4]. Insti-
tutional Theory emphasises legitimacy constraints [1, 2]. The
Resource-Based View positions Al as a strategic capability
[11]. Strategic Human Capital Theory reinforces workforce
sustainability [12]. Unlike prior AI-HR studies focused on pri-
vate-sector optimisation [10, 15], this model integrates EU Al
Act high-risk alignment [6].

3. Methodology and Analytical
Calibration

This study adopts a structured conceptual-analytical frame-
work development approach [13]. The model was constructed
through structural workforce analysis using OECD data [7-9],
theoretical integration [1, 2, 11, 12], governance risk mapping
[3, 4], and applied operationalisation of the architecture pro-
posed in [16].

Framework construction followed four analytical steps:

1) Baseline specification: definition of workforce baseline
parameters (staffing density, recruitment cycle duration,
turnover range, overtime variability) using OECD/EU
sources [7-9].

2) Governance requirement mapping: identification of
high-risk compliance obligations and accountability con-
straints (GDPR, EU Al Act) to define minimum govern-
ance controls [5, 6].

3) Mechanism design: translation of legitimacy constraints
and strategic capability logic into operational govern-
ance mechanisms (human oversight, XAl, audit trails,
bias monitoring) [1-4, 11-13].

4) Calibration and plausibility testing: interval-based sce-
nario modelling and an illustrative 300-bed hospital sim-
ulation to test internal consistency and operational plau-
sibility under governance-controlled deployment.

Together, these steps ensure methodological transparency,
internal coherence, and applied plausibility within a govern-
ance-bounded modelling environment.

3.1. Design and Data Sources

Design and data sources. This study employs an applied
conceptual-analytical design with secondary benchmarking.
Baseline workforce parameters and system constraints were
derived from OECD and EU health system datasets and offi-
cial health system reviews [7-9]. Regulatory calibration was
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conducted using the GDPR legal framework and EU Al Act
high-risk requirements [5, 6]. Evidence ranges for HR perfor-
mance uplift were triangulated from Al-enabled HR analytics
literature in regulated environments [10, 15].

3.2. Applied Relevance Validation

To enhance applied relevance, the model was benchmarked
against publicly available workforce indicators from Polish pub-
lic hospitals and aligned with OECD staffing ratios [7].

3.3. Analytical Calibration Logic

Scenario ranges were specified as conservative interval es-
timates rather than point forecasts. For each outcome variable
(recruitment cycle, turnover, overtime variability), baseline
ranges were anchored to OECD/EU benchmarks [7-9].

Improvement intervals were constrained by documented
Al-enabled HR performance effects reported in regulated-sec-
tor studies [10, 15]. The modelling approach therefore reflects
bounded plausibility under compliance and human oversight
conditions rather than unconstrained optimisation.

The improvement intervals adopted in the scenario model-
ling (e.g., 20-30% recruitment cycle reduction and 3—6 per-
centage point turnover reduction) were selected using a con-
servative benchmarking approach. Evidence from HR analyt-
ics literature reports efficiency improvements ranging be-
tween 20% and 40% in recruitment automation contexts.
However, given the governance constraints typical of public
healthcare systems and the high-risk classification of Al under
the EU AI Act, the model deliberately adopts lower-bound in-
tervals to ensure realistic and policy-consistent projections.

To account for modelling uncertainty, the framework ap-
plies conservative lower-bound intervals rather than optimis-
tic estimates. Under lower efficiency gains (e.g., 10-15% re-
cruitment improvement), operational benefits would remain
positive but slower to materialize, reinforcing the importance
of governance-controlled Al deployment rather than purely
technological optimisation.

Baseline-to-scenario adjustment followed an interval rule:

Outcome Al = Outcome Baseline x (1 —r),

where r represents the conservative improvement interval
(e.g., 0.20-0.30 for recruitment cycle reduction).

The interval-based transformation mechanism underlying
the modelling structure is illustrated in Figure 1.

Figure 1 illustrates how governance constraints interact
with baseline workforce indicators to produce bounded Al-ad-
justed outcomes. The parameter r represents the conservative
efficiency interval applied to baseline indicators under regula-
tory oversight conditions.
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Figure 1. Scenario calibration logic illustrating the transformation of OECD-based baseline workforce indicators into Al-adjusted outcomes

through conservative interval parameter r under governance constraints.

3.4. OECD Baseline Workforce Indicators

Baseline values include physician density (3.4 per 1,000) [7], turnover range (12—16%) [8, 9], recruitment cycle duration (50—

60 days), and overtime variability above EU average [7].

4. Applied AI Governance Model (P-AIHR)

Figure 2. Public AI-HR governance architecture framework illustrating the structured relationship between Al systems, workforce analytics,

governance controls, and organisational outcomes.

The structural configuration of the Public AI-HR Governance Framework is presented in Figure 2.

4.1. Scenario-Based Results

Recruitment cycle reduction: 50-60 — 35-42 days. Turnover reduction: 12-16% — 8-12%. Overtime reduction: 10—18%.

Table 1. Scenario-based workforce projections under governance-controlled Al implementation calibrated against OECD baseline indicators.

Indicator Baseline (B) Improvement Interval (r) Projected Outcome (B % (1 —r)) Estimated Effect
Recruitment Cycle (days)  50-60 0.20-0.30 35-42 —20% to —30%
Turnover Rate (%) 12-16% 0.03-0.06 8-12% -3 to —6 pp
Overtime Variability (%) Above EU avg.  0.10-0.18 Moderate stabilisation 10-18% reduction

4.2. Assumptions Underlying Scenario
Modelling

1. Baseline indicators reflect OECD staffing ratios [7-9].

2. Efficiency improvements align with Al-enabled HR
gains [10, 15].

3. Deployment remains governance-controlled.

4.3. Illustrative 300-Bed Hospital Simulation

A hypothetical 300-bed regional hospital (85 physicians,
220 nurses, 60 administrative staff, 14% turnover, 55-day re-
cruitment cycle) shows recruitment cycle reduced to 40 days,
turnover reduced to 10%, and overtime reduced by 12%. This
simulation demonstrates operational plausibility without rep-
resenting empirical pilot data.

This illustrative simulation functions as a calibration check
to verify that projected intervals produce realistic annualised
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operational effects (e.g., vacancy-days and staffing churn) un-
der governance-controlled implementation.

The simulation parameters were selected to approximate
the organisational scale of a medium-sized Polish regional
hospital based on publicly available OECD and EU health sys-
tem indicators. While not representing a specific institution,
the parameters reflect typical staffing structures observed in
Central European public hospitals.

4.4. Ethical Governance and Compliance

Al integration incorporates explainable Al, bias audits, au-

dit trails, GDPR safeguards [5], and EU Al Act compliance [6].

4.5. EU Al Act High-Risk Alignment

Under Regulation (EU) 2024/1689 [6], Al systems used in
employment are classified as high-risk. The framework em-
beds risk management documentation, data governance con-
trols, human oversight mechanisms, and transparency require-
ments.

5. Discussion

The findings of this study extend the conceptual governance
architecture previously proposed in [16] by operationalising
its structural components within a regulated public healthcare
environment. While prior AI-HR literature has predominantly
focused on private-sector automation and efficiency optimisa-
tion [10, 15], the present framework emphasises institutional
legitimacy, regulatory embedding, and hybrid decision control
as primary determinants of sustainable Al adoption.

From an Institutional Theory perspective [1, 2], public hos-
pitals operate under coercive regulatory pressures and norma-
tive accountability expectations that fundamentally shape in-
novation trajectories. Al implementation in this context can-
not be framed purely as technological enhancement; it must
be structured as governance-mediated transformation. The in-
tegration of human oversight, explainable Al (XAI), and audit
mechanisms therefore becomes not an ethical add-on, but a
structural legitimacy requirement.

From a Resource-Based View standpoint [11], Al-enabled
workforce analytics may function as a strategic capability only
when embedded within organisational routines that ensure
compliance stability and decision transparency. The scenario
modelling results suggest that moderate but structurally con-
trolled efficiency gains—rather than radical automation—rep-
resent the most plausible pathway in high-risk regulatory en-
vironments.

The 300-bed hospital simulation further illustrates how
governance-bounded Al implementation can generate opera-
tional improvements without disrupting professional authority
or institutional trust. This supports a hybrid governance model
in which Al operates as decision support rather than autono-
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mous authority. Such positioning mitigates risks of algorith-
mic opacity identified in algorithmic governance scholarship
[3, 4].

Human-in-the-loop implementation in P-AIHR is opera-
tionalised through tiered oversight across the recruitment
pipeline. Al outputs are restricted to decision-support func-
tions (e.g., workforce forecasting, triage and ranking sugges-
tions, and bias-monitoring alerts), while accountable human
decision-makers retain authority over shortlisting and final
hiring decisions. Oversight responsibilities are distributed
across HR leadership (process ownership), clinical manage-
ment (workforce risk acceptance), and compliance functions
(GDPR/EU AI Act documentation, audit trails, and incident
response).

Policy implications are particularly relevant for Central and
Eastern European healthcare systems, where workforce short-
ages and fiscal constraints intersect with tightening EU regu-
latory oversight. Embedding Al within compliance architec-
ture from the outset may prevent legitimacy backlash and im-
plementation failure.

Overall, this study contributes by shifting the debate from
Al adoption feasibility to governance design architecture,
demonstrating that regulatory alignment and institutional le-
gitimacy are not constraints to innovation, but enabling con-
ditions for sustainable Al integration in public healthcare HR
systems.

Similar tensions between efficiency gains and trust preser-
vation have been observed in regulated sectors such as Euro-
pean banking, where hybrid Al-human recruitment models
emerged as best practice.

6. Limitations and Research Design
Transparency

This study is conceptual-analytical and does not include pri-
mary empirical data collection. Scenario modelling and hos-
pital simulation are calibrated using secondary benchmarks
[7-9]. Future research should empirically validate the model
through pilot implementation.

7. Conclusion

Al adoption in Polish public healthcare HR must be gov-
ernance-centered, ethically embedded, and strategically
aligned. Building on prior conceptual architecture [16], this
study operationalises Al-enabled workforce governance
within European regulatory constraints.

Abbreviations

Al
EU
GDPR

Artificial Intelligence
European Union
General Data Protection Regulation


https://www.sciencepg.com/journal/sdai

Science Discovery Atrtificial Intelligence

https://www.sciencepg.com/journal/sdai

HR Human Resources

HRM Human Resource Management

OECD Organisation for Economic Co-operation and
Development

RBV Resource-Based View

TAM Technology Acceptance Model

P-AIHR  Public Artificial Intelligence Human
Resources Governance Framework
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