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Abstract: The integration of Artificial Intelligence (AI) into Human Resource Management
(HRM) has emerged as a critical imperative for public hospitals facing unprecedented
workforce challenges, operational inefficiencies, and escalating demands for quality
healthcare delivery. Although the use of Al is increasingly evident in healthcare settings,
overall evidence to synthesize Al use in HRM functions unique to public hospital settings is
sparse, thereby generating knowledge gaps on strategies to implement Al, its effectiveness, and
organizational implications. This logical literature review fills this gap by focusing on Al use
and effects on fundamental HRM activities within state hospitals, the challenges of
implementation, and how it can impact Sustainable Development Goals. A systematic search
of the database libraries Scopus and Web of Science (Published 2020-2025) revealed 3,379
records, and 42 studies were included after a thorough screening and quality evaluation with
CASP and JBI aids. Results indicate that Al applications touch on recruitment and selection
(n=14 studies), training and development (n=12), performance management (n=10), and
workforce scheduling (n=18), which show significant enhancements in efficiency, accuracy, as
well as in the quality of decision-making. Nevertheless, some of the issues that are constantly
present are ethical and privacy considerations (n=28 studies), algorithmic bias (n=22),
employee resistance (n=24), infrastructure constraints (n=19), and insufficient training
(n=26). The review shows a direct correlation with SDG 3 (Good Health and Well-being)
because of increased patient safety and workforce optimization, SDG 4 (Quality Education)
due to the use of Al-enabled training systems, SDG 8 (Decent Work) due to better working
conditions, and SDG 9 (Innovation and Infrastructure) due to digital transformation.
Implications highlight the importance of ethical governance structures, thorough workforce
education, human-focused AI model, and balanced strategies that are sure to enrich but do not
eliminate human judgment in the healthcare landscape.
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1. Introduction

The world is facing the greatest challenges to its healthcare systems, such as aging
populations, labour shortages, the rising costs of running the healthcare system, and the
increasing demands of quality care provision (Kuwaiti et al., 2023). As the core of healthcare
facilities, the challenges facing the public hospitals are especially rough in terms of the resource
bottleneck in the face of growing patient care and employee welfare demanding. It is in this
regard that Artificial Intelligence (Al) became a revolutionary technology with potential
solutions that can be used to streamline the Human Resource Management (HRM) activities
that have a direct relationship with the quality of healthcare, its efficiency, and its performance.

The use of Al in healthcare has proven to be useful in clinical diagnosis, treatment
planning, and medical imaging (Kuwaiti et al., 2023). Nevertheless, the strategic connection
between Al and hospital management and especially HRM departments that control workforce
planning/recruiting, training, and performance asseslsment, along with employee relations, has
not been studied fully in spite of its ability to alleviate major organizational workforce
dilemmas. Human resource departments are crucial in supporting Al adoption by managing
workforce change, ethical adoption, hiring Al-literate employees, and training initiatives to
allow them to effectively implement technologies (Panda et al., 2025).

Digital transformation in healthcare has been fostered by the COVID-19 pandemic
which has not only exposed the opportunities and weaknesses of the existing HRM systems,
but also indicated the necessity of technologically empowered, flexible workforce management
strategies (Tohopi et al., 2025). To effectively navigate such change without betraying these
fundamental values of equitable, patient-centred and compassionate care, evidence-based
information about AI use in HRM is demanded by public hospitals that have resource
constraints and serve a wide range of populations.

Although the literature on Al in healthcare is on the rise in general terms, even when it
comes to applications of Al in the health care HRM functions of public hospitals, there are
numerous gaps in the literature. The existing studies have three main weaknesses. To begin
with, the available literature authoritatively focuses on clinical uses of Al and ignores
administrative and managerial aspects, which play a crucial role in the operation of the
healthcare system (Panda et al., 2025). Second, disjointed studies in recruitment, training,
performance management, and scheduling areas do not entail a synthesis of patterns, synergies
and systemic implications. Third, little has been done to focus on context-relevant issues that
the public hospitals suffer such as budget limitations, complexities related to regulations,
workforce diversity, and competing stakeholder interests.

Moreover, the majority of AI-HRM studies are based on the experiences of corporate,
or private sector settings with radically different goals, governance, and stakeholder/sharehold
arrangements than those of public hospitals (Selgas-Cors, 2025). The missions of public
hospitals that include universal access, health equity, and social value creation have distinct
needs of Al systems that balance efficiency improvements with the use of social responsibility.
The lack of technological capacity to develop and the lack of adequate application in the cases
of correct healthcare in society require a systematic research that would combine the existing
information and mark the evidence-based ways of the future.

Also, although the effects of Al on individual HRM functions are reported, no



systematic review brings together the evidence along across the various domains of HRM
within the setting of a public hospital, additionally, a systematic examination of the facilitators
and inhibitors of its implementation is reported, and a systematic evaluation of its alignment
with Sustainable Development Goals that guide global health policy. This review fills these
gaps with stringent systematic approach that offers full evidence synthesis that informs theory
and practice.

The proposed review aims to list and efficiently group Al applications to the core
functions of human resource management (HRM) within publicly funded hospitals, including
recruitment, training and performance management and workforce planning, and to summarize
the empirical results on how Al is affecting human resource management effectiveness and
workforce performance and organizational performance more broadly. It also seeks to explore
the issues of implementation, barriers, and facilitating factors that might affect adoption of Al
in HRM in hospitals, ethical issues, and governance issues that require responsible use of Al
in healthcare workforce management. To this end, the review will be informed by four research
questions that investigate the nature of Al applications implemented to public hospital HRM,
the reported impacts of such applications on HRM performance and outcomes, the situational
determinants of a successful or limited implementation of such applications, and the role of
Al-enabled HRM practices in the realization of Sustainable Development Goals and the
sustainability of healthcare delivery systems over time.

This review adds to the knowledge in three important ways. Theoretically, it integrates
piece-meal research with an overall body of evidence explaining AI-HRM links in healthcare
environments that further expands knowledge of technology-organization-environment
interferences in the realm of the public sector. As a methodological approach, it utilizes the
rigorous PRISMA 2020 standards that assure transparency and reproducibility and prove
systematic review methodologies of emerging technology topics. In practice, it gives evidence-
based advice to hospital administrators, HR workers, and policymakers trying to figure out how
to use Al in their business, what is effective, what obstacles should arise, and how to overcome
them.

The paper continues in the following manner: Section 2 presents the systematic review
methodology, such as search strategy, selection criteria and quality assessment procedures, in
accordance with PRISMA 2020. Section 3 is a synthesis of findings on Al applications in HRM
functions and impacts, challenges in implementation, and ethical implications. In Section 4,
theoretical and practical implications, SDG contributions, and future research directions are
discussed. Section 5 will give stakeholder evidence-based recommendations. Key insights and
limitations are found in the conclusion of Section 6.

2. Materials and Methods

2.1 Study Design and Protocol

This systematic literature review followed the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2020 guidelines to ensure methodological rigor,
transparency, and reproducibility (Darwisman et al., 2025). The review protocol established a
priori search strategies, inclusion/exclusion criteria, quality assessment procedures, and data
extraction frameworks, registered to maintain accountability and reduce bias. The systematic
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approach enabled comprehensive identification of relevant literature while maintaining
standards for evidence synthesis appropriate for informing policy and practice.

The review adopted an integrative synthesis approach enabling inclusion of diverse
study designs including quantitative, qualitative, and mixed-methods research to capture the
multifaceted nature of AI implementation in HRM contexts (Selgas-Cors, 2025). This
methodological pluralism recognizes that understanding complex socio-technical systems like
AI-HRM requires evidence from varied perspectives and methods, with synthesis focusing on
identifying patterns, relationships, and insights transcending individual study limitations.

2.2 Search Strategy and Information Sources

A comprehensive search strategy was developed in consultation with information specialists,
incorporating controlled vocabulary and free-text terms related to artificial intelligence, human
resource management, hospitals, and public healthcare sectors. The search focused exclusively
on two major academic databases recognized for comprehensive coverage of healthcare and
management literature: Scopus and Web of Science (Darwisman et al., 2025). These databases
were selected for their rigorous indexing standards, comprehensive coverage of peer-reviewed
literature, and advanced search functionalities enabling precise query formulation.

Table 1. The search string applied for review process.

Database Concept Group Keywords Used
Web of Science, Artificial Intelligence (Al)  “artificial intelligence” OR
Scopus “machine learning” OR “deep

learning” OR “neural network” OR
“natural language processing” OR
“predictive analytics” OR
“intelligent system”

“human resource*” OR “personnel

management” OR  “workforce
Human Resource management” OR “talent
Management (HRM) management” OR “recruitment” OR

“staffing” OR  “training” OR
“performance management”
Hospital Context “hospital*” OR “healthcare
institution®*” OR “medical center*”
OR “health facility”
Public Sector “public” OR “government” OR
“state-run” OR “non-profit”

Table 1 show search strings combined controlled keywords with Boolean operators. The search
string combined four concept groups using Boolean operators: (1) Al terms: ("artificial
intelligence" OR "machine learning" OR "deep learning" OR "neural network" OR "natural
language processing" OR "predictive analytics" OR "intelligent system"); (2) HRM terms:
("human resource*" OR "personnel management" OR "workforce management" OR "talent
management" OR "recruitment" OR "staffing" OR "training" OR "performance management");
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(3) Hospital terms: ("hospital*" OR "healthcare institution*" OR "medical center*" OR "health
facility"); and (4) Public sector terms: ("public" OR "government" OR "state-run" OR "non-
profit").

The search was developed to cover publications published between January 1, 2020,
and December 31, 2025 and included the recent advancements in AI-HRM and ensured up-to-
date and uprelevance. This period includes the COVID-19 pandemic when the digital
transformation gained impetus considerably, as well as follow-up recovery and adapting
periods. Last updated search was done on the 15 th of December 2025 making sure that the
latest evidence has been included.

2.3 Eligibility Criteria

Table 2 summarizes the studies to include all those that: (1) concentrated on the sphere
of Al, machine learning, or intelligent system application in HRM functions; (2) were related
to the field of public hospitals, government healthcare establishments, or similar non-profit
healthcare instances; (3) featured the field of recruitment, training, performance management,
scheduling, retention, or other areas of HRM business; (4) offered empirical data or informative
evidence on the application, impact, or challenge of Al, machine learning, or intelligent system
use; (5) were peer-reviewed or appeared in a high-quality conference proceeding; and (6) are
written in English language and available in full-text form.

Inclusion and exclusion criteria filtered out studies that: (1) only discussed clinical Al
applications devoid of dimensions of HRM; (2) addressed only a specific area; (3) were opinion
pieces or editorials or commentaries without empirical basis; (4) had a duplicate publication;
(5) were published before 2020 or after 2025; and (6) lacked English publications or abstracts
only. These criteria facilitated narrow synthesis that responded well to research objectives but
upheld quality standards.

Table 2. Criteria of including and excluding publication

Criterion Including Excluding
Literature type Research journal, Book, review paper, thesis, dissertation,
conference paper/ abstract only publication, preprints, articles
article published in non-international journals, and
articles without peer review
Language English Others
Year publication 2020 - 2024 Before January 1, 2020  AND after

December 31, 2025

2.4 Selection Process

The selection was done through PRISMA 2020 multi-stage screening (Tohopi et al.,
2025). Approximately 3,379 records (Scopus: 1,847; Web of Science: 1,532) were found in
initial database searches as reflected in Figure 1. After de-duplication which used reference
management software, 982 duplicate records were deleted, and 2,397 unique records were
retained. Primary screening filtered out 156 records which were evidently ineligible due to
publication type or language and left 2,241 records to title and abstract screening.

Title and abstract screening was performed by two independent reviewers, with the use
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of a systemic inclusion/exclusion criteria. Any disagreements were resolved either by
discussion or, when an independent review was needed, by a third reviewer. This phase
eliminated 1,856 records that did not fit the core criteria with 385 possible relevant reports
being found to have a full-text retrieval. Among them, 38 reports were not found because of
access restrictions or not being full-text conference proceedings, and 347 reports were to be
subjected to eligibility based on the presence of full-text content.

Full-text assessment used entailed a detailed analysis against all the eligibility criteria
by two independent reviewers with a record of individual exclusion reasons. This stringent
procedure left out 289 reports: 98 with inappropriate study design, 82 inadequate HRM
description, 61 non-public hospital environment, and 48 poor quality or unclear procedures.
The other 58 were evaluated on quality with 16 studies removed under their quality criteria and
the other 42 to be included in the eventual synthesis. Cohen Kappa value of 0.82 (inter rater
recurrence) showed high agreement in the screening process.

Scopus Web of Science
Database Database
IDENTIFICATION
- - Records removed before
Records Identifled from: screening:
Scopus (n = 1,847)
Web of Science (n = 1,532) Duplicate records (n = 982}
Total = 3,379 Records marked as
ineligible {n = 156}
( ) ( Records excluded: y
(n = 1,858)
Records screened: Reasons:
(n = 2,241) + Not focused on HRM (n=684)
* Not healthcare/hospitals (n=492)
= Not Al-related (n=418)
= Pre-2020 or non-English (n=262)
N ( Reports not retrigved:
Reports sought for (= 2&)
retrieval;
o Reasons: Full-text nat
{ni= 383} available, conference
proceedings only
ELIGIBILITY
Reports excluded (n = 280):
Reports assessed for Reasons:
eligibility: » Wrong study design (n=98)
(n = 347) = Insufficient HRM detail (n=82)
* Non-public hospital context (n=61)
* Low quality/unclear methods (n=48)
Studies assessed for Studies excluded due to
quality (CASP & JBI): low guality score:
{n=158) =
INCLUDED
Studies included in systematic review:
(n = 42)
Study types:
0 itative (n=24) * Q (n=8}
¢ Mixed {n=6) * reviews (n=4)
Thematic Categories Identified:
1. Al in Recruitment & Selection {n=14) » 2. Al in Training & Development {(n=12)
3. Al in Performance Management (n=10) * 4. Al in Workforce Scheduling (n=18)
5. Challenges & Barriers (n=28} « 6. Ethical Considerations (n=22)




Figure 1. PRISMA 2020 Flow Diagram showing the systematic selection process for studies
included in the review. The diagram illustrates the progression from initial database searches
(n=3,379) through screening, eligibility assessment, and quality appraisal to final inclusion

(n=42).

2.5 Quality Assessment

Table 3. Quality assessment summary of included studies

Ass;ss(l:;ent Study Type Criteria Evaluated :st:e(:lsisd Dig:’lizl‘)lllltt)iron
CASP e Surveys e Research  design 24 studies High 16 (67%)
Quantitative e Experiments appropriateness Moderate 8

e Cohort e Sampling (33%)
studies methodology
e Measurement
validity
CASP e Interviews e Research design 8 studies High 5 (63%)
Qualitative e C(Case studies clarity Moderate 3
e Ethnography e Data collection (37%)
methods
e Researcher
reflexibility
MMAT Mixed-methods e Qualitative 6 studies High 4 (67%)
studies components Moderate 2
quality (33%)
e Quantitative
component quality
e Mixed-method
integration
AMSTAR-2 Systematic e Protocol 4 studies High 3 (75%)
reviews integration Moderate 1
e Search (25%)
comprehensiveness
e Study selection
process
Overall All study types Comprehensive 42  studies High 28 (67%)
Assessment (n=42) evaluation across (16 excluded Moderate 14
multiple quality for low (33%)
dimensions ensuring quality) Low 0
robust evidence based (excluded)

for synthesis

Inter-rater K =
0.82

Table 3 indicates that the included studies were quality appraised using the suitable
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tools in different study designs. Adapted Critical Appraisal Skills Programme (CASP)
checklists were used to determine the validity of study design, sampling methods, measurement
validity, statistical analysis rigor and interpretation of results in a quantitative study (n=24)
(Ismail & Amad, 2025). Qualitative studies (n=8) have used CASP qualitative research
checklist evaluating research design, data collection suitability, reflexivity and credibility of
the findings. Mixed-methods studies (n=6) employed Mixed Methods Appraisal Tool (MMAT)
rating of both qualitative and quantitative elements and quality of integration. The systematic
reviews (n=4) used AMSTAR-2 criteria of A Measurement Tool to Assess Systematic
Reviews.

A quality rating based on high (meeting 80% or more quality criterion), moderate (60-
79% or less quality) or low (Less than 60% quality) was provided to each study. Studies with
moderate to high-quality scores were only retained to be synthesized, and this will guarantee
that the evidence base is reliable. Quality measurement was used to inform interpretation and
better studies were given more weight in conclusion making whereas the shortcomings of
moderate-quality studies were clearly mentioned. The results of quality assessment revealed
that 28 (67 per cent) and 14 (33 per cent) high- and moderate-quality studies respectively have
strong evidence foundations.

Extracting and synthesizing data is also part of the process, as shown in 2.6.

Data extraction: using structured forms that captured: (1) study characteristics (authors,
year, country, setting, design); (2) description of Al technologies and applications used; (3)
description of HRM functions addressed; (4) description of implementation approaches and
settings; (5) description of reported outcomes and impacts; (6) identification of challenges and
barriers; (7) discussion of ethical considerations; and (8) recommendations. Data extraction
was done manually by two independent reviewers and cross-checked to make sure that the
information is accurate and complete.

They were used in synthesis to recognize thematic patterns across studies and group
evidence to key themes, such as Al applications, their effects on HRM effectiveness,
implementation issues, ethical issues, and their contribution to SDGs (Darwisman et al., 2025).
The theme revealed by initial coding were those explicitly mentioned in the studies and a
subsequent interpretive analysis identified latent themes and relationships. The synthesis
findings are in a narrative format with supporting tables and figures that integrate the evidence
to answer each research question systematically as well as highlight those areas of
convergence, divergence and uncertainty in literature.

3. Findings

3.1 Study Characteristics and Overview

Table 3. Summary of included studies - characteristics and key findings (n=42)
Study

Frequency Percentage

Characteristics Category )] (%)
Geographic China 9 214
distribution United States 7 16.7

Australia 5 11.9
Middle East (UAE, Jordan) 6 14.3



Study. . Category Frequency Percentage
Characteristics )] (%)
Southeast Asia (Indonesia, Malaysia) 5 11.9
Europe 4 9.5
Other regions 6 14.3
Study design Quantitative (surveys, experiments) 24 57.1
Qualitative (interviews, case studies) 8 19.0
Mixed methods 6 14.3
Systematic reviews 4 9.5
Quality assessment High quality (>80%) 28 66.7
Moderate quality (60-79%) 14 333
Low quality (<60%) — excluded 16 N/A
Publication year 2020 — 2021 8 19.0
2022 —2023 14 333
2024 - 2025 20 47.6
Hospital type Public tertiary hospitals 28 66.7
Regional/ district hospitals 10 23.8
Mixed/ comparative (public & private) 4 9.5

Geographically, as indicated in Table 3, the greatest number of studies was contributed
by the 18 countries, with the biggest share of the studies contributed by China (n=9), United
States (n=7), Australia (n=5), and emerging economies such as Pakistan, Indonesia, and the
Middle Eastern countries. Quantitative designs, qualitative studies, mixed method, and
systematic reviews were the most common (n=24, 57, 14, and 10). This variety is an indication
of the multidisciplinary application in the field covering information systems, organizational
behavior, healthcare management and the field of applied computer science.

In terms of time, it was discovered that the number of publications had grown
significantly during 2020 (n=4) to 2025 (n=15), which demonstrates the rapid growth of
interest in the research alongside the quicker pace of digital transformation after COVID-19
(Panda et al., 2025). Public hospital settings comprised of tertiary care facilities, regional
hospitals, specialty facilities, and integrated health systems, and some studies compared the
public and private settings and found differences by sector in how implementation was done,
and outcomes.

3.2 Al Applications in Recruitment and Selection

Applications in recruitment and selection became salient and 14 studies exploring
intelligent systems that transform talent acquisition processes in hospitals were found in the
study. Applicant tracking systems, implemented with Al, show high levels of screening a huge
number of applicants, pinpointing suitable candidates according to pre-established standards
and criteria, and decreasing time-to-hire to a considerable degree (Magsi et al., 2026). To make
data-driven selections, machine learning algorithms process resumes, applications, and profiles
of candidates to predict job performance and cultural fit and likelihood of retention.

NLP solutions analyze essays submitted by applicants such as cover letter and interview
answer, extracting skills, character, and organizational compatibility (Ismail and Amad, 2025).
This type of the systems facilitates the reduction of bias because the evaluation criteria becomes
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standardized, but fears that the pattern of bias will be transferred to the automated systems are
still eminent. Research documents that Al recruitment systems drop the time needed to hire by
30-50 percent and enhance the quality metrics of candidates although the effectiveness in Al
recruitment relies on training information quality and transparency of algorithms.

The chatbots are used in order to engage the candidates by responding to their questions
automatically, arranging interviews, and updating them about their application status, which
improves their experience and overloads the HR personnel less (Panda et al., 2025). The
advanced systems can include conversational Al that allows simulating naturalistic
conversations on candidate questions on positions, benefits, and organizational culture.
Nonetheless, research also points out that the human factor is still needed, especially when it
comes to the final revised selection, which may involve a personal touch and alignment with
the organization, which an artificial intelligence will have trouble deciding correctly.

The obstacles to Al recruitment are the risk of algorithmic bias when hiring is based on
historical data, privacy issues because of an efficient method of recruiting personnel; a lack of
opportunity to recruit soft skills and emotional intelligence essential to healthcare relational
settings, and opposition by the human resource (HR) personnel to job losses or the fear of
losing their jobs (Grigalashvili, 2025). These can only be implemented successfully through
transparent algorithms, human in the loop decision architectures, extensive training of HR
personnel and continuous monitoring of bias and fairness.

3.3 Al in Training and Development

The review of twelve studies focused on Al in healthcare workforce training and
development found transformative opportunities to create a personalized learning experience,
competency assessment, and ongoing career growth. Learning management systems powered
by AI will adjust both content, pacing, and difficulty to a specific learner profile and allow a
personalized educational process that meets the knowledge and learning preferences of various
learners at different levels (Ismail and Amad, 2025). Machine learning algorithms are applied
to learner performance data to gain insights into the knowledge gaps, their predictive learning
effects, advice on specific interventions to enhance the optimal utilization of the available
skills.

AR systems, combined with Al, make it possible to achieve the idea of virtual reality
and augmented reality as an immersive simulation environment to train clinical skills, where
healthcare workers can simulate procedures, make decisions, and respond to a crisis in a safe,
controlled environment with smart feedback (Khoirun et al., 2025). These systems come in
especially when the on dysfamiliarisation is to be conducted on rare conditions or high risk
procedures where practising them in real life is scanty. Research indicates that the engagement
rates of learners, knowledge retention and acquisition of skills has greatly been enhanced with
respect to traditional training approaches.

The development of Al literacy and competence became one of the important training
priorities, and it was revealed that health practitioners need to have much training to work in
an Al-enabled environment (EI-Banna et al., 2025). Studies show that the presence of moderate
levels of AI awareness among healthcare personnel and positive attitudes does not correlate
with Al-related skills implementation, which is extremely uneven, in particular, in low-
resource environments. Specific training programs significantly enhance Al knowledge and are
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retained to a large extent in the long term in terms of leadership support and incremental
implementation strategies.

Difficulties in Al-enabled training are technical infrastructure needs to access
technology, high cost of quality Al training materials, lack of digital literacy among some
groups of staff, and technology-mediated education resistance (Mirakhori and Niazi, 2025).
Moreover, the swift evolution of Al poses a problem of training up-to-date, as training needs
to be updated regularly. Effective programs focus on practical experiences, experiential
learning processes, and correlation with current systems of professional development, and
strong demonstration of the significance of training to day-to-day practice.

3.4 Al in Performance Management and Evaluation

Ten articles responded to the question of Al used in performance management, and they
uncovered systems that reform the processes of how healthcare organizations evaluate, track
and optimize workforce performance. Predictive analytics tools combine various types of data,
such as performance metrics, quality indicators, patient feedback, and peer-assessments to offer
an integrated performance evaluation (Woo, 2025). Machine learning models define
performance trends, forecast future development trends, and suggest custom development
interferences to respond to particular capability gaps.

Al-based tools allow monitoring performance in real time instead of conducting regular
periodic reviews, ensuring that interventions can be implemented when performance problems
are identified promptly and not in the past (Suarni et al., 2025). With automated dashboards,
managers and employees can access performance data easily, facilitating performance
conversations and goal-setting based on data. Research shows that Al-increased performance
management leads to an increase in objectivity as the subjectivity will be minimised during
evaluations, but issues with surveillance and employee autonomy will have to be managed.

The concept of integrating the emotional intelligence factor with the performance
evaluation by Al becomes significant to the healthcare setting where soft skills and caring care
become critical yet cannot be measured by Al-based systems in an objective setting (Magsi et
al., 2026). The studies show that AI-HRM and emotional intelligence are important factors in
leadership effectiveness and employee performance, and leadership appears to be a key
mediator to convert technological and emotional capabilities into better organizational
performance. This discovery underscores the fact that best outcomes will be achieved through
the integration of Al with human abilities and awareness of emotions instead of using
technology per se.

Performance management of Al systems has difficulties with employee fears of
surveillance and privacy, gaming Al systems by acting strategically, failure to measure key
aspects of performances such as compassion and teamwork, and the risk of unwarranted
overreliance on quantitative measures (Grigalashvili, 2025). This must be implemented
through clear performance standards, employee participation in the design of the system,
balanced scorecards integrating Al metrics and qualitative measurements, and high ethical
standards to uphold the rights of employees.

3.5 Al in Workforce Scheduling and Resource Optimization

Workforce scheduling and resource allocation was the most widely studied application
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of AI-HRM that included 18 studies that investigated intelligent systems in efficiently
deploying staff, assigning shifts and workloads. To create optimized work schedules that match
the need of an organisation with the interests of its staff and regulatory demands, machine
learning algorithms examine previous demand trends, patient acuity, seasonal, and staffing
needs (Pauluzzo et al., 2024). These systems show significant enhancements compared to the
manual scheduling, cutting the scheduling time by 60-75 percent and enhancing the quality of
coverage and decreasing overtime expenses.

The predictive staffing models predict the number of patients to admit, surge events,
and the workload needed so that workforce planning is proactive instead of responsive (EI-
Banna et al., 2025). Analysis records that Al-driven efficiency improvements represent
significant optimization of bed occupancy per cent and patients care indicators, and public
hospitals are likely to gain more than Al-driven enhancements than the private ones. According
to the differential effect, inefficiencies are more likely to contribute to the improvement of
public hospitals whose inefficiencies and the lack of resources are at a higher level.

Complex applications combine several optimization goals such as minimized costs,
satisfaction of staff preferences, skill-mix considerations, and fatigue optimization with the
help of multi-objective algorithms yielding the optimum scheduling solutions (Panda et al.,
2025). Autonomous systems bring on board adaptive features that can make real-time changes
based on dynamic situations. Intelligent orchestration improves response times, patient waiting
times and resource throughput significantly due to simulations.

Limiting factors to implementation are however health care scheduling complexity,
staff opposition to algorithm-selected schedules, and the inability to account for all the
conditions of scheduling in algorithms and risks of optimization focusing on efficiency to the
detriment of staff health (Grigalashvili, 2025). Effective implementation must include
engaging employees in the design of algorithms, ensuring that it has a human override
mechanism, transparent scheduling logic, and balanced goals such that the employee
preference is given due weight together with organizational efficiency goals.

3.6 Organizational and Operational Impacts

The synthesis discloses that Al implementation in HRM creates various organizational
effects in terms of efficiency, quality, and the strategic aspect. The benefits of increased
operational efficiency include less work on the administration side, quicker processing time,
fewer mistakes, and efficient use of resources (El-Banna et al., 2025). Research shows that
administrative errors can be reduced significantly and resource allocation can be optimised
with the proper use of Al systems. Such efficiency gains can help human resource professionals
spend more time on strategic efforts such as talent development, organizational culture creation
and change management as opposed to routine administration.

The benefits include quality improvements when it comes to more accurate decision-
making, less bias in HR practices, higher rates of employee development, and compliance with
regulations and standards (Chen et al., 2025). The quality of data, validation of the algorithm
and its adaptation to organizational processes is critical in quality impacts.

Strategic implications involve strategizing the transformation of HR, by shifting it to
more of a strategic ally than an administrative partner, to organization goals, and by strategizing
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workforce planning that can be aligned with organizational service delivery goals,
organizational capacity to be built to keep up with continued change and innovation (Panda et
al., 2025). Research suggests that Al implementation radically changes the leadership models
that rely on hierarchical control to agile, data-driven and socially responsible models that focus
on strategic vision and governance rather than operational control.

Nonetheless, a contradictory conclusion arises in which Al support can develop
complicated trade-offs toward quality and efficiency in some situations. Evaluation of different
implementations has shown that quality of decisions can be improved with adjustments in
processing speeds, and depending on the design and integration of systems results in differing
outcomes. This paradox states that effectiveness is relative to the design and implementations
of Al in that bad design implementations lead to a lack of efficiency despite quality application
enhancements.

3.7 Implementation Challenges and Barriers

The review identified persistent challenges impeding successful Al implementation in hospital
HRM, synthesized into seven primary categories based on frequency of mention across studies.
Figure 2 illustrates the relative prominence of each challenge category.

Data Quality
Issues

Lack of
Training

High
Implementation
Costs

Infrastructure | n=19
Limitations

Staff | n=24
Resistance

Algorithmic
Bias

n=22

Ethical &

. n=28
Privacy Concerns

10 15 20 25 30
Frequency of Mention in Studies (n=42)

o
Wi

Figure 2. The most frequently mentioned challenges and Al barriers considered in
hospital HRM in the 42 reviewed studies. The most commonly mentioned challenge was
ethical and privacy challenges, then lack of training and staff resistance.

The most noticeable problem here is ethical and privacy (mentioned in 28 studies, 67),
which includes issues like the risk of data privacy infringement through collecting and

13



processing sensitive data about employees, algorithmic unfairness and bias, the lack of
transparency when utilizing Al systems, and accountability (when they create negative
outcomes) (El-Banna et al., 2025). Medical settings further enhance worries because of the
sensitivity of health information and government regulations that give tight privacy provisions.

A shortage of training and digital literacy (n=26, 62%) turns out to be one of the most
essential barriers, as most of the healthcare workers do not possess the skills required to operate
in the Al system (Grigalashvili, 2025). Studies show that healthcare workers have a mixed Al
literacy and that there are significant training gaps among the older staff and the areas with
fewer resources. Poor training results in poor use of Al features, systems are bypassed, and
resistance to change.

Staff resistance and anxiety (n=24, 57) occurs through fears of being laid off, no trust
in automated systems, worry of deskilling and professional autonomy, and psychological
anxiety about working with new technology (Mohamad et al., 2025). The studies indicate
intricate correlations of anxiety with attitude, and ambivalence suggests that additional change
management should be implemented.

Infrastructure and technological constraints (n=19, 45) comprise the lack of adequate
IT infrastructure and connectivity (particularly, rural facilities), out-of-date legacy systems,
that cannot be used with Al applications; lack of computing resources and data storage
capacity; and interoperability issues that do not allow data to be combined across systems
(Bagader, 2025). There is some evidence of significant infrastructure lapses, and the adoption
has been more focused on application specific projects instead of overall integration of HRM.

High costs of implementation (n=17, 40%) are a hurdle especially in hospitals with
limited resources, especially in terms of the initial cost of the Al systems and the infrastructure,
the maintenance and updating cost, the cost of training and change management, and the
opportunity cost of the time spent on implementation (Suarni et al., 2025). Budget allocation
turns out to be a key indicator of effective adoption of technology.

The concerns about algorithmic bias and fairness (n=22, 52) mean that Al systems can
become a source of perpetration of already existing inequalities within existing HR processes:
such as different types of discrimination in the hiring algorithms and performance predictions
(Ismail and Amad, 2025). Researchers focus on the fact that Al models developed based on
past data usually internalize the discriminative trends of history and need artificial bias
reduction and detection measures. Many Al models are black-box and it is difficult to diagnose
and rectify bias.

The challenges faced by Al effectiveness are data quality and availability (n=15, 36),
incomplete or inconsistent HR data, unstandardized data formats across the systems,
incomplete historical data to train an algorithm, and silos that cannot be effectively integrated
(Suarni et al., 2025). Most healthcare organizations have the tendency to have disjointed data
systems in their various departments, thus posing integration problems as well as restricting Al
implementation that may need access to extensive data datasets. Table 4 provides an overview
of critical challenges, the barriers and mitigation advices.

Table 4. Key challenges, barriers, and recommended mitigation strategies
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Specific Issues Mitigation
Challenge Category Identified Frequency (n=42) Strategies
Ethical & Privacy e Data privacy and 28 (67%) Develop
Concerns security risks comprehensive
¢ Informed consent ethical
challenges frameworks
e Algorithm Implement
transparency privacy by design
deficits principles
Ensure
explainable Al
systems
Algorithm Bias & e Historical bias 22 (52%) Use diverse

Fairness

Staff Resistance &
Anxiety

Lack of Training &
Digital Literacy

Infrastructure
Limitations

High

perpetuation
Gender and racial
discrimination
Socioeconomic
disparities

Fear of job 24 (57%)
displacement

Technology

distrust

Loss of
autonomy

concerns

Insufficient Al 26 (62%)
literacy

Limited technical

skills

Generational

digital divides

Inadequate  IT 19 (45%)
infrastructure

Poor

connectivity

(rural areas)

Legacy system
incompatibility

Initial investment 17 (40%)

training datasets
Implement bias
detection
algorithms
Regular fairness
audits
Comprehensive
change
management
Involving staff in
design process
Emphasize
augmentation not
replacement
Mandatory Al
literacy programs
Role specific
technical training
Continuous
learning
opportunities
Strategic
infrastructure
investment
Cloud-based
solutions

Phased
technology
upgrades

Phased
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Specific Issues

Mitigation

Challenge Category Identified Frequency (n=42) Strategies
Implementation barriers implementation
Costs e Ongoing approach
maintenance Cost-benefit
expenses analysis
e Training cost Shared  service
burdens models
Data Quality Issues e Incomplete data 15 (36%) Establish  data
records quality standards
e Inconsistent data Implement
formats master data
e Data silos across management
systems Data integration
e Poor data platforms
governance e Regular data
audits

e Standardization
protocols

3.8 Ethical Considerations and Governance Requirements

In hospital HRM, 32 studies found each of the ethical aspects of Al to be one of the
primary questions (76%), which suggests that many researchers have already learned the reality
that the abilities of technology need to be harmonized with ethical obligations. The most
important ethical factors are transparency and explainability that would guarantee the
stakeholders that the decisions impacting their employment, careers, and livelihoods are made
by the Al system (Chamola et al., 2023). The black-box algorithms that generate the
recommendations with inadequate explanation result in a lack of trust and handle meaningful
contestation or appeal.

The use of human oversight and accountability procedures became a perfect
requirement of governance, and research studies continuously contend that Al needs to
supplement, rather than dispel, human judgment in the practice of HRM decisions (El-Banna
et al., 2025). Artificial intelligence, nurses and healthcare personnel highlighted in numerous
studies that Al system should not substitute human sympathy, professionalism, and one-on-one
care but support them. This augmentation view puts Al in the role of decision support, but not
autonomous decision-maker, with human accountability exploiting Al capabilities.

Informed consent and involvement of employees in the design and implementation of
Al systems are significant elements of ethical considerations in Al systems that are not taken
into consideration in practice (Grigalashvili, 2025). Employees have a right to know how data
on them are gathered and used, have a say in the decision-making process regarding Al
implementation that impacts their working time, and have access to the means of challenging
the use of Al-generated decisions that they feel are not right or correct. Employee involvement

16



in the participatory design process, which brings the employees into the system development
process, increases the ethical legitimacy and expediency in practice by including the knowledge
base of the workers and their concerns are proactively tackled.

Standards and regulations governing Al in HRM are not yet developed, and the existing
regulations are frequently not sufficient to handle Al-related issues (Chamola et al., 2023).
Research recommends that more explicit governance strategies should be established in place
of accountability of Al decisions, as well as bias audit and mitigation procedures, employee
grievances protocols about Al systems, and demands transparency and explainability in
employment-related algorithms. The cross-border differences in regulation systems pose
problems to the multinational health systems that need harmonized regulations across borders.

3.9 Impacts on Healthcare Workforce Wellbeing

Effects on employee wellbeing achieved high scores on the significance but under-
investigated theme, as 11 studies were on the impact of Al on work experience, job satisfaction,
burnout, and stress. Mixed evidence gives varied results based on the quality of implementation
and organizational situation. The positive effects are the lessening workload through the
automatization of routine activities, providing extra time to practice sensual care and grow
professionally (Khoirun et al., 2025). The automated scheduling, documentation and
administrative processes managed by Al have a quantifiable impact on reducing nurse burnout
and increasing job satisfaction, which is evident in the implementation of such systems in a
thoughtful way.

Negative effects develop, on the other hand, where Al adoption promotes surveillance
perceptions, diminishes professional autonomy, sets forth new professional skills that involve
using Al or instills anxiety over job security (Mohamad et al., 2025). Research on the attitude
and opinions of healthcare workers demonstrates that there are intricate interconnections
between the perceived high empowerment and the lower anxiety levels on one hand and the
greater criticality of the implications of Al on the other. This implies that empowerment has
not only influence on levels of anxiety but also on anxiety focus wherein employees who are
empowered will be critically concerned with Al implications.

Effects of mediation by workloads prove that the Al performance effects are mediated
significantly by workload mechanisms (Panda et al., 2025). Although AI can decrease
workloads to allow improved performance, poor system design can cause more cognitive load,
introduce new administrative burdens, or cause technical issues that occupy staff time. The
overall outcome varies by the quality of the implementation, where successful implementations
exhibit workload reduction and performance improvement and problematic implementations
exhibit opposite trends.

The quality of human-Al collaboration turns out to be a vital factor of wellbeing results,
and successful collaboration demands that roles are clear, tasks divided so that both humans
and Al can utilize their strengths and weaknesses, open communication on the capability and
limitations of AI, and organizational cultures endorse experimentation and learning
(Grigalashvili, 2025). Research highlights that workforce wellbeing is related not to the
presence/absence of Al but to the inquiry of the human-AlI collaboration in terms of the design
and management of human-Al integration with the implementation quality being the key
success factor.
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3.10 Facilitating Factors for Successful Implementation

In addition to barriers, research found facilitating factors that allowed successful
implementation of Al in hospital HRM. This revealed leadership dedication and vision as core
pillars, and the executive support offered the resources to support and indicate significance, as
well as maintain the implementation process through unavoidable obstacles (Vaya-Arboledas
etal., 2025). The research findings consistently record that endorsement of leadership enhances
preparedness and acceptance and lack of leadership endorsement forecasts failure in
implementation irrespective of the quality of the technical aspect.

The readiness measured through organizational digital maturity, the ability to manage
change, and the cultural readiness to be open to innovation play a significant role in the success
of implementation (Popa, 2024). Information System Ambidexterity the capability to explore
new technologies and explore existing systems concurrently becomes strategic capability and
makes it possible to integrate Al. Companies have the challenge to juggle between innovation
and consistency, trying out Al applications but staying reliable in operations.

Staged, progressive rollout strategies that commence with pilot deployments, receive
user feedback and refine with experience and slow scale-up of successful applications are more
successful than massive, immediate deployments (Darwisman et al., 2025). This gradual
strategy facilitates learning, generates confidence, makes it possible to manage issues before
they impact on whole organizations and value building proving valuable as a support to further
investment.

When stakeholders (particularly, employees, managers, IT professionals, and patients)
participate in the design, selection, and evaluation of Al systems, it positively contributes to
technical effectiveness and social acceptance (Delgado et al., 2023). Participatory methods tap
the spread of knowledge, resolve issues before they occur, create ownership and align the
systems with the reality of working practice and requirements instead of hypothetical technical
specifications.

Existence partnerships with technology companies, educational establishments, and
other health organizations will provide access to experience, share implementation prices and
risks, learn the experience of others, and speed up the development of capabilities (Pauluzzo et
al., 2024). The organizations that are successful build networks of partners with complementary
capabilities as opposed to trying to develop all their requisite capabilities on their own.

4. Discussion

4.1 Synthesis of AI-HRM Applications and Impacts

The systematic review has shown that Al uses in hospital HRM encompass recruitment,
training, performance management, and scheduling areas, and that they have a real-life impact
in the form of the better efficiency levels, making better decisions, and resource optimization.
Figure 3 provides the artificial intelligence applications and adoption rates of Al in each of the
HRM functions.
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Figure 3. Al use in HRM functions in one public hospital per number of studies
covering each functionality and rate of adoption reported in the literature were synthesized.

Nevertheless, the effectiveness depends largely on the quality of implementation, the
organizational setting, as well as the predictability between the capacities of technology and
the true needs (El-Banna et al., 2025). The evidence objects to technological determinism
which indicates that Al will only positively contribute to the results, but sets out examples that
effects are determined by the configuration of socio-technical systems in which technology is
incorporated into organizational processes, human capacity and institutional settings. The
observation is consistent with the socio-technical systems theory that highlights that the
effective application of technology involves considering both the technical and social aspects
at the same time.

High-level applications have advanced features of optimizing resources.
Autonomous systems present adaptive decision-making that allows adjusting to dynamically
changing circumstances in real-time, and researchers have reported significant gains to
operational responsiveness and the use of resources (Panda et al., 2025). Such results give
valuable information regarding the quality of implementation and system design as key
variables of effectiveness.

Differences in sectors between public and private hospitals imply that the situation
provides a significant influence on Al effects, and public hospitals show more significant
efficiency gains in adopting Al but experience greater implementation challenges (EI-Banna et
al., 2025). This trend is probably a manifestation of the greater baseline inefficiency in the case
of public hospitals that generates greater improvement opportunities, resource scarcity, more
complex governance needs, and more stringent regulatory regulation that poses
implementation challenges. Knowing these contextual differences is critical in coming up with
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proper implementation strategies as opposed to the belief that general practices apply.

4.2 Theoretical Implications and Framework Development

The results have a contribution to theory development in various areas. On the aspect
of technology acceptance theory, the fact is that the traditional Technology Acceptance Model
constructs of perceived usefulness and ease of use are salient but not enough to inform Al
adoption in healthcare HRM situations (Tohopi et al., 2025). Other dimensions such as self-
efficacy, digital literacy, facilitating conditions, ethical issues, and trust are also found to be
equally significant and in that way extended models that include the dimensions are more likely
to account for adoption patterns. The synthesis justifies the development of evolution to overall
constructs that acknowledge Al adoption as an intricate socio-technical procedure that goes
beyond individual decisions on acceptance.

The Resource-Based View and Dynamic Capabilities Theory are backed up by the
results that the Al capability may act as a strategic resource producing competitive advantages
in case it is used in combination with other organizational capabilities (Chen et al., 2025). Al
capability is not the solution, but effective work requires human resources that can work with
Al, organizational procedures that allow adapting Al, and dynamic capabilities that would
allow it to be adapted to technological changes and different contexts as they change. This
observation underscores the point that sustainable competitive advantage has unique mixes of
both technological and organizational resources and not only the acquisition of technology.

The evidence contributes to the knowledge about the collaboration of humans and Al
in professional workplaces, as it shows that the successful collaboration involves the role
division, distributing tasks complementarily, clear communication, and organizational cultures
that encourage the experiments (Grigalashvili, 2025). Team work effectiveness is more
valuable than AI sophistication and simple Al systems deployed sensitively are more
successful than complex systems deployed ineffectively. This understanding is a paradigm shift
that places less focus on technological advancement and more focus on innovation as a major
determinant of success in organizations and managing change.

Findings offered to nuance the application of the Stakeholder Theory include the fact
that employees, managers, patients, regulators are the legitimate stakeholders of AI-HRM
systems, but in most cases, they have conflicting interests (Magsi et al., 2026). To achieve a
balance between efficiency, equity, privacy and effectiveness, it must be governed with
governance mechanisms that provides an effective method of having stakeholder voice without
incurring the tensions that come along the way. The above observation that human-Al
integration and efficiency improvement are stronger predictors of adoption intentions than
technological sophistication alone underscores the fact that value demonstration rather than
technical attributes are significant.

4.3 Practical Implications for Hospital Administrators

The synthesis produces practical knowledge to hospital administrators and HR
professionals who usher in Al systems. First, pursue incremental implementation plans that
would start with articulate, high-value applications that can prove distinct benefits with
successes accruing progressively bearing a learning curve before scaling (Ismail and Amad,
2025). This risk mitigation strategy makes it possible to build capacity, create an evidence base
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to justify further investment and prevent expensive overall failures.

Second, focus on ethical governance that provides clear accountability arrangements,
auditing bias process, staff grieving systems, and transparency in algorithm-based decision-
making (Chamola et al., 2023). It must not be created in a reactive fashion, it must be created
as part of the system design and it must be reviewed on a regular basis as technologies and
situations change. In governance, there is a need to use innovation and responsibility to balance
in order to create an advantageous application of Al and avoid causing harm.

Third, commit to making holistic investments in workforce development such as
training on Al literacy at all levels of staff, technical, and specialized training of HR specialists
in managing Al systems, training on change management in leaders leading transitions, and
ongoing learning systems facilitating adaptation to new technologies (El-Banna et al., 2025).
During the European Union, investment training is essential to the fulfilment of Al benefits,
where insufficient preparation foretells the crash of implementation in spite of the quality of
the technical training.

Fourth, create human-centered systems based on human needs and human workflows,
and engage employees in system design and testing, ensuring that human factors are present
and services follow human-centred principles, such as usability, transparency, and respect of
autonomy (Delgado et al., 2023). Technology must be adjusted to work, not work to
technology, which demands customization of design solutions towards users typical with
consumer applications but frequently forgotten in enterprise applications.

Fifth, institute infrastructure and data governance bases such as investing in IT
infrastructure and connectivity, formulating data quality and integration, deploying
cybersecurity safeguards, and building data governance frameworks striking a balance between
accessibility and privacy (Bagader, 2025). The Al applications are often limited by
infrastructure so investing in infrastructure must be considered a precondition of successful
implementation, not an option.

4.4 Contributions to Sustainable Development Goals

The synthesis proves that Al HRM in hospitals can aid many Sustainable Development Goals
and aligns effectively with four priority goals. The strength of alignment of the AI-HRM
applications with the corresponding SDGs is depicted in Figure 4. Table 5 shows the summary
of Al in hospital HRM - Sustainable Development Goals alignment analysis

Table 5. Al in hospital HRM - Sustainable Development Goals alignment analysis

SDG G‘Tal, Impact Pathways Alignment Evidence Base
Description Strength
SDG 3 Good Health & e Reduced 95% Very Strong evidence
Well-being medical errors Hight from 18 studies
(22% showing direct
decrease) patient safety
e Optimized
staffing
improving

patient safety

21



SDG Description Impact Pathways ASl:f:;Igl::t Evidence Base
e Reduced
healthcare
worker
burnout
SDG 4 e Personalized  72% High Moderate
Education Al learning evidence from
platforms 12 studies on
e Improved Al-enabled
training training
accessibility
(rural areas)
e Enhanced skill
development
effectiveness
SDG 5 e Potential to 58% Moderate  Limited
reduce hiring evidence with
bias findings; 7
e Standardized studies showing
evaluation
criteria
e Risk of
encoding
gender
discrimination
SDG 8 Decent Work & e  Improved 81% High Strong evidence
Economics working from 16 studies
conditions on work quality
e Reduced and
workload productivity
through
automation
e Enhanced job
satisfaction
SDG 9 e Healthcare 88% Very High Strong evidence

Innovation
Infrastructure

digital
transformation
e Innovation
capacity
building
e Technology
infrastructure

from 20 studies
documenting
innovation and
digital
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SDG Des?r(;:ltion Impact Pathways A;:f:;;::t Evidence Base
development
SDG 10 Reduced Potential bias 64% Moderate  Mixed evidence
Inequalities reduction from 14 studies
through highlighting
standardization both equity
e Access opportunities
disparities and  disparity
(urban vs rural) risks
e Need for
deliberate
equity
strategies

Al in Hospital HRM: Alignment with Sustainable Development Goals
(Based on Thematic Analysis)

95%

64%

Alignment Strength (%)

Equal access,
reduced bias

SDG 3:
Good Health
& Well-being

SDG 4:

Quality
Education

T
SDG 10:
Reduced

Inequalities

SDG 5:
Gender
Equality

SDG 8:
Decent Work
& Economic

Growth

SDG 9:
Industry,
Innovation &
Infrastructure

Figure 4. Al in Hospital HRM alignment with Sustainable Development Goals showing

alignment strength percentages based on thematic analysis of contribution pathways identified
in the literature.

The SDG 3 (Good Health and Well-being) has a good fit with Al contributions to
patient safety, quality of healthcare, and worker health (El-Banna et al., 2025). Staffing through
Als 1s aimed at enhancing safety and quality. The indicative data between AI-HRM and patient
outcomes create distinct lines of connection between administrative uses to the overall health
system functionality.

The SDG 4 (Quality Education) relates to the Al-based training and development
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systems that offer personalised, accessible, and efficient professional education (Mohamad et
al., 2025). By demystifying access to quality training, Al learning solutions help to democratize
access to quality education, which becomes essential specifically to healthcare professionals
who work in a remote area or under-resourced facility, and were historically not provided with
opportunities to develop professionally. The Al-enabled continuous learning facilitates lifelong
learning that healthcare professionals require to stay competent in their field, which progresses
at a rapid pace.

SDG 8 (Decent Work and Economic Growth) is related with the impacts of Al on job
quality, conditions and productivity (Panda et al., 2025). There is evidence that well-considered
Al could result in better work-life balance, higher job satisfaction, and higher productivity,
which in turn will help achieve decent work goals. But this demands conscious concern about
the effect of work on people, not a focus without an efficiency goal, and governance that
productivity gains are addressed to better working conditions, and not soaring work pressure.

SDG 9 (Industry, Innovation and Infrastructure) is relevant as Al contributes to digital
transformation and innovation skills of healthcare (Panda et al., 2025). The implementation of
Al necessitates and drives infrastructural growth, creates technological capacities, and creates
bases to engage in unceasing innovation. Public Al usage in hospitals allows these institutions
to act as leaders in terms of innovation, which can be transferred to other social services,
building innovation capacity in society on a more global scale.

SDG 10 (Reduced Inequalities) has a moderate match with contradictions a potential of
Al in bias reduction; standardization versus the dangers of introducing and worsening current
inequalities; the use of algorithms using biases (Ismail and Amad, 2025). Appreciating the
potential of inequality reduction would entail strategic mitigation of biases, designing
inclusivity and sustained monitoring of the discriminatory consequences. In the absence of
such protection, Al could increase and not decrease discrepancies in healthcare workforce
opportunities and results.

4.5 Research Gaps and Future Directions

There are a number of research gaps that the systematic review points out. To begin
with, there is a lack of longitudinal studies that explore the effects of Al over a long period,
with most data arising in the cross-sectional design or short-term reviews insufficient to gauge
sustainability and unintended effects, as well as long-term organizational adjustment (El-Banna
et al., 2025). The study in the future must utilize longitudinal designs in the paths of Al
implementation, its dynamics, and the learning processes throughout several years.

Second, studies are highly geographically concentrated in high-income nations with
little evidence of relatively burdensome and middle-income states where state-run hospitals
have unique situations and their activities are limited by other resources and institutional factors
(Tohopi et al., 2025). Comparative studies with a variety of economic and healthcare system
conditions would help to understand the moderating role of contextual factors on Al
effectiveness and develop implementation plans that are suitable in resource-limited
environments. Also, analysis is scarce over rural and remote hospital setting even though these
hospitals encounter special issues when it comes to infrastructure, labour force, and technology.

Third, the scientific investigation of the algorithms bias detection, measurement, and
mitigation issues in healthcare HRM settings needs to be expanded significantly (Ismail and
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Amad, 2025). Although the bias issues are generally recognized, there are few empirical studies
aimed at systematically measuring bias in deployed systems, at assessing mitigation
approaches, as well as the results of bias in the long-term on fairness. Research ought to create
verified techniques to audit bias in HRM algorithms and weigh the efficiency of different
strategies to debias in multiple applications of Al and company.

Fouth, there is a complete lack of studies that investigate patient attitudes towards Al
in managing the healthcare workforce, although patients are key stakeholders who would be
influenced by Al in determining the build and characteristics of a healthcare workforce and
their placement (Tohopi et al., 2025). Scalable patient-centered research would help to
understand what the Al-driven HRM changes involve patient experiences, satisfaction, trust
and outcomes, which would give invaluable insights into the area at present and are not
represented in the evidence base.

Fifth, comparative research on the cost-effectiveness of the Al-powered HRM
strategies versus traditional ones is surprisingly less frequent considering the sheer investments
needed to implement Al (Pauluzzo et al., 2024). The intensive economic analysis would make
resource allocation decisions, which would be instrumental in case of tight-fisted budgetary
management of the hospitals of the populace. Further studies must utilize multi-faceted cost-
benefit models that reflect direct economic effects and encompass more value chains such as
quality gains and equity aspect.

5. Recommendations

5.1 For Hospital Administrators and Healthcare Leaders

According to the evidence synthesized, hospital administrators were advised to adopt Al in
HRM by both launching applications that required a high level of value and that offered a clear
perspective at first, which includes workforce scheduling optimization before scaling to a
complex feature like recruitment and performance management (Pauluzzo et al., 2024). Create
cross-functional implementation teams whereby the HR skills, IT capabilities, clinical skills,
as well as change management skills are combined, in order to be able to cover all the technical,
organizational and human factors. Establish explicit governance systems that stipulate the
responsibility toward Al decisions, develop bias auditing protocols, incorporate employee
complaint systems, and make transparency in algorithm actions (Vaya-Arboledas et al., 2025).

Make significant investments in workforce development such as Al literacy training of
all employees, technical training of HR to be more digital, leadership to change things digitally,
and lifelong learning systems (El-Banna et al., 2025). Ensure ethical concerns are considered
during early planning stages through to deployment and continued usage by enforcing the
principles of human-oriented design that ensures that Al is an augmentation of human
judgment, rather than its replacement, especially when making decisions that have career and
livelihood consequences to staff (Grigalashvili, 2025). Assess the results of implementation in
a systematic manner through the lenses of balanced measures of efficiency, quality, equity and
employee wellbeing, and respond to evidence-based modifications of strategies as opposed to
assumption-driven ones.
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5.2 For Policymakers and Regulatory Bodies

The policymakers are advised to establish effective regulatory frameworks concerning Al in
healthcare HRM to take care of the transparency provisions, accountability processes and the
prevention of bias and the protection of the employees (Chamola et al., 2023). Digitise national
or regional Al regulation criteria where there is an expectation but flexibility in method of
implementation. Invest in online infrastructure specifically serving underserved facilities,
closing connectivity gaps, supporting the technical work, and minimizing the inequalities in
the application of technology, which may lead to the development of two level healthcare
management systems.

Develop incentive models to facilitate responsible Al adoption such as alternatives of
funding to public hospitals introducing ethical Al frameworks, awards to recognize best
practices, and technical engineering aid to resource-constrained hospitals aid Al adoption
(Popa, 2024). Compel disclosure of algorithms in decision-making processes has an impact on
employment in that high-explainability AI methodologies must be introduced so that
employees can know the decisions which affect their careers. Create autonomous control
systems tracking the effects of Al on healthcare workforce equity, quality and wellbeing to
have the power to probe issues and prescribe corrective measures.

5.3 For Researchers and Academics

Monitoring the longitudinal process of implementing Al and its effects should be prioritized
by researchers over long periods of time to be conducted through rigorous quasi-experimental
or experimental designs, and causation of effects should be drawn when feasible (El-Banna et
al., 2025). Compare and contrast the research in a variety of settings such as high- and low-
resource settings, urban and rural facilities, and various healthcare systems models to find out
problem-specific and universal implementation principles. Create and test measures of Al
influences on workforce outcomes such as job satisfaction, burnout, professional growth, and
career progression to provide consistency in the evaluation of studies.

Systematically study algorithmic bias by conducting empirical research on the bias in
deployed systems, mitigation approaches, and long-term fairness outcomes by demographic
factors (Ismail and Amad, 2025). Engage healthcare workers, patients, and communities in
participatory research to help determine research priorities, interpretation, and translation of
research findings into actionable recommendations. Forge multidisciplinary research alliances
that combine information systems, organizational behavior, healthcare management, ethical
and applied computer science expertise to the multimerit nature of AI-HRM implementation.

5.4 For Technology Vendors and Developers

Vendors of technologies are expected to implement human-oriented design principles that
require end-users during the development cycles, carrying out a usability testing in the real
healthcare setting, and should make iterations as they understand their feedback (Delgado et
al., 2023). Explainable Al systems Empower users to comprehend the logic and reasoning
behind algorithms and get rid of the black box approaches which lead to lack of trust and
meaningful control. Introduce bias detection and mitigation as normal development practices,
routine algorithmic audits, training on diverse data, and disclose information on the possible
biases and limitations.
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Develop customizable systems that can be adapted to various organizational situations,
workflows, and needs as opposed to a one-size-fits-all approach (Chen et al., 2025). Offer
extensive implementation services consisting of training programs, technical support, and
maintenance as opposed to mere delivery of the software products. Engage healthcare
organizations in studies assessing system effectiveness, lessons learned, and adding to the
evidence-base that informs best practices. Anticipate and establish ethical considerations in the
AI-HRM product development that relate to privacy, fairness, transparency, and accountability.

6. Conclusion

The synthesis of 42 studies on Al usage and effects in HRM in public hospitals in this
systematic literature review showed that AI can revolutionize numerous processes and
potentially affect a company, but Implementing Al in the human resource department poses
numerous challenges. The Al has shown abilities to increase the efficiency of recruitment,
training custom made, performance control and workforce scheduling, and measurable
organizational effectivenesses and operational efficiencyes. To fully attain these advantages,
though, it is important to consider overcoming longstanding obstacles such as ethical and
privacy issues, risks of being misdirected by algorithms, employee resistance, infrastructure
constraints, insufficient training, and excessive implementation expenses.

The data highlights that the success of Al resides in an underlying social-technical system
design that incorporates technology, and organizational processes, human capacities, and
institutional contexts as opposed to technological sophistication. Effective implementation
would involve a system of ethical governance, the extensive training of the workforce, human-
centered design methods and scalable strategies that would ensure that AI does not substitute
but instead complement human judgment in a medical setting. Review shows that it has a
substantial contribution to Sustainable Development Goals, especially SDG 3, 4, 8 and 9 and
that it brings about tension that needs to be addressed proactively so that Al will not widen
inequalities.

Research gaps such as scanty longitudinal evidence, geographical bias in high-income
nations, deficient bias research, absence of patient viewpoints, as well as shortage of cost-
effectiveness studies are considered to be critical. By filling these gaps with rigorous, diverse
and context-driven research, the evidence base underpining the policy and practice will be
reinforced. With the increasing development of Al and its growing use, it is crucial to continue
to keep human-centered values, ethical responsibility, and equal results as a priority to ensure
that technological innovation truly fulfills the role of public hospitals delivering high-quality,
accessible, and caring care to all populations.
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