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Abstract 

Purpose: The paper will outline and discuss the significant governance, data standardization, and ethical loopholes that do not 

allow AI-native HR products to deliver credible workforce intelligence and suggest a unified framework of responsible AI use 

in the field of human resource management. 

Design/Method/Approach: This conceptual review is a synthesis of 31 peer-reviewed articles using Scopus, Web of Science 

and EBSCOhost (2022-2025) and industry case studies on algorithmic hiring failure and regulatory action in the European 

Union, United States, and emerging economies. 

Findings: There are three underlying governance vulnerabilities that weaken AI-native HR efficacy: (1) fragmented data 

governance in the absence of standard skills ontology across enterprise systems, resulting in inconsistent workforce 

intelligence; (2) risks of algorithm bias and hallucinations without standardized validation frameworks, disproportionately 

affecting marginalized populations such as women, racial minorities and non-binary individuals; and (3) cross-system 

orchestration failures across enterprise platforms. 

Theoretical implications: Expands the existing theory of dynamic capabilities by showing that governance can be a meta-

capability that makes it possible to sense, seize, and transform workforce data in particular. Adds to sociotechnical systems 

theory by establishing AI-specific coordination mechanisms necessary when humans and algorithms work together in making 

decisions in high-stakes employment. 

Practical implications: Offers five-component framework of governance to enterprise leaders such as data standardization 

protocols, requirement bias audits based on statistical parity difference and disparate impact, human-in-the-loop validation 

points, cross-system integration architecture with standardized APIs and training on AI constraints and oversight, and ongoing 

training of HR professionals. 

Social implications: Resolves fairness and transparency in hiring, performance assessment, and promotion decisions made by 

AI, reducing risks of algorithmic discrimination that influence the workforce diversity, equal opportunity, and work justice of 

safeguarded populations. 

Originality/Value: A first attempt to systematically frame AI-native HR platform issues as a governance gap, but not as a 

technology adoption issue, providing an architectural framework plus an ethical framework that is tested on empirical instances 

of algorithmic hiring failures. 

Limitations of the research: It is based on the Western-published literature of 2022–2025; empirical verification of the 

offered framework is necessary, based on longitudinal case studies under different regulatory and cultural conditions. 
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1. Introduction 

The use of artificial intelligence technology in 

human resource management in business has spread 

rapidly in the past decade․ Businesses across the 

world use artificial intelligence to recruit, assess and 

manage staff in various countries. Initially 

developed as applicant tracking systems‚ modern 

ATS are increasingly integrated with predictive 

analytics‚ automatic applicant screening‚ and smart 

workforce planning (Albaroudi et al․‚ 2025)․ At the 

same time, however, the introduction of advanced 

technologies may create new challenges in 

governance which organizations are ill-prepared to 

handle. AI-driven HR technologies are widely 

adopted in the belief that they can improve 

workplace efficiency and generate objective and 

reliable decisions․ Yet, there is evidence that 

systematic failures occur in the implementation of 

these technologies. These center around three 

themes: decision bias‚ a lack of data governance‚ 

and a lack of transparency in algorithm design․ 

These issues are fundamentally at odds with the 

fairness that these technologies promise (Sony et al., 

2025) ․ In mass hiring, thousands of applications are 

processed daily by AI but with little human 

intervention; nonetheless, companies continue to 

adopt these technologies without governance 

(Chhatre, 2025) ․ 
STV Inc, USA 
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The main thesis of the paper is that even though AI-

native HR platforms hold the potential to introduce 

profound transformations to workforce intelligence, 

the effectiveness of this approach is inherently 

compromised by disjointed data management, the 

risks of algorithmic bias, and the lack of 

standardized skills ontologies, which leaves the 

achievement gap between the potentials of 

technology and strategic application. The rationale 

behind this argument is that businesses are 

implementing AI based workforce platforms 

without the requisite governance structures, ethical 

considerations, and cross-system integration 

structures to turn disjointed HR data into trustworthy 

strategic information. According to Bhivgade 

(2025) despite the high efficiency offered by AI in 

HR functions in terms of recruitment efficiency and 

cost reduction, the absence of technological 

flexibility in HR departments tends to create 

turbulence in the organization which negates the 

benefits of AI and incurs more costs on governance. 

Moreover, the process of replacing traditional with 

smart HRM involves not only the need to invest in 

technology but also to radically reorganize HR 

procedures and professional skills (Kambur & 

Yildirim, 2022). Based on this, three critical areas of 

governance gaps are identified in this paper: 

fragmented data governance and the lack of 

integrated skills ontologies that could ensure 

trustworthy workforce intelligence; algorithmic bias 

and hallucination risk of AI-based HR systems 

without proper validation systems; cross-system 

orchestration failures among HR systems and 

operational systems including enterprise resource 

planning and financial management systems. In this 

analysis, the paper proposes a governance 

framework that encompasses technical, ethical, and 

organizational aspects in the implementation of 

responsible AI in HRM. 

The literature has already discussed the applications 

of AI in recruitment, performance management, and 

employee engagement independently, but not many 

studies have correlated these results into a logical 

governance framework. Vogler et al. (2024) 

established that the lack of semantic, machine-

readable process representation of human resources 

qualifications poses a substantial obstacle to the 

successful integration of AI across institutional 

boundaries, especially in the context of information 

systems in higher education, where interoperability 

is currently still divided. Likewise, Chowdhury et al. 

(2023) introduced an AI capability framework, 

which features both technical and non-technical 

resources, but their framework did not explicitly 

cover the governance mechanisms to mitigate bias 

or orchestrate across systems. The current research 

is based on these premises, recognizing governance 

as the lacking meta-capability that allows 

organizations to feel, grasp, and capitalize on AI 

opportunities in addition to addressing the risks they 

might have. Yanan (2025) also points out that the 

matching and sequence forecasting based on 

ontology needs closed-loop optimization based on 

longitudinal employment results, but most 

organizations do not have the governance 

mechanisms that can support such feedback 

mechanisms. This paper fills these gaps by giving a 

comprehensive governance framework that 

organizations can adopt gradually as AI maturity 

advances. 

 

2. Research Question and Theoretical 

Framework 

The overriding research question that will govern 

this research is what are the key governance, data 

standardization, and architecture gaps that make AI-

native HR platforms fail to provide credible strategic 

workforce intelligence, and how can enterprises 

systematically overcome these gaps? This inquiry 

arises based on the fact that even with a significant 

amount of investment in AI-based HR technologies, 

many organizations struggle to realize the expected 

benefits, and most AI projects yield little business 

value because of the weaknesses in governance, as 

opposed to technical insufficiency (Chowdhury et 

al., 2023). To answer this question, the paper relies 

on the resource-based view of the firm and dynamic 

capabilities theory, which argue that the source of 

competitive advantage is not in the technological 

assets of the firm but in the organizational 

capabilities that have been generated to utilize the 

assets effectively. According to Perumal and Aithal 

(2024), the nexus between human resource 

management and enterprise resource planning 

should be thoroughly analyzed in terms of strategies, 

challenges, and integration dynamics, especially in 

the manufacturing sector where operational 

efficiency largely relies on the effective integration 

of HR and ERP. Their discussion shows that to be 

effectively integrated, the HR practices have to be 

strategically aligned with the ERP system potential, 

but most organizations assume that HR and ERP are 

their independent fields with little coordination. 
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Figure 1: Theoretical Framework for AI Governance in HRM 

 

The dynamic capabilities framework is of special 

use in interpreting AI governance gaps in HRM. 

Dynamic capabilities are the potential of an 

organization to combine, create and restructure 

internal and external capabilities to deal with the 

unstable environment. Three dynamic capabilities 

are vital in the context of AI-native HR systems, 

including sensing capabilities to detect opportunities 

and threats in workforce data, seizing capabilities to 

mobilize resources to implement AI, and 

transforming capabilities to constantly update and 

adapt HR processes (Vogler et al., 2024). 

Nonetheless, empirical studies indicate that the 

majority of organizations are lacking such 

capabilities, especially in the area of governance. 

According to Vogler and others, the lack of human 

resources qualification in semantic and machine-

readable format of the processes poses major 

obstacles to successful AI integration across 

institutional boundaries. Sharma, Jain, and 

Devarapalli (2025) also show that organizations 

trying to use Workday with legacy and cloud 

platforms without a standardized data model only 

saw a significant increase in data synchronization 

speed when they used evolutionary mating 

optimization algorithms to optimally map data, 

showing that governance has to come before and 

enable technical implementation. 

The dynamic capability framework of AI 

management in HRM shown in Equation 1 is based 

on the resources-based view literature: 

DCAI = f (Sensing, Seizing, Transforming) × 

Governance 

Where Sensing corresponds to the organizational 

capability of detecting patterns and trends in 

workforce data, Seizing corresponds to the 

organizational capability to implement AI solutions 

to particular HR tasks, and Transforming 

corresponds to the organizational capability to 

constantly revise the systems with the help of 

feedback loops. However, as discussed in the 

governance multiplier, in the absence of a 

governance mechanism that adheres to transparent, 

accountable and equitable processes, the above 

technical capabilities do not have a positive impact 

(Yanan, 2025). This framework is supported by Joo 

et al. (2022), whose research shows that gender 

diversity in middle management had a positive 

impact on HPWS enhancement only when the 

organization's performance metrics and evaluation 

criteria were explicitly established. Using multi-

wave panel data of 1,101 South Korean 

organizations, they found that the positive indirect 

relationship between middle management gender 

diversity and organizational performance via HPWS 

is meaningful only for organizations where the 
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middle management consists of more than one 

gender. 

Knowledge-based view theory is another theory that 

was used as part of its theoretical framework․ The 

view of Kokkaew‚ Peansupap and Jokkaw (2022) is 

that knowledge creation, sharing and evolution in 

organizations are key factors for creating sustainable 

competitive advantage. The authors conclude that 

the HRM practices considerably positively influence 

sustainable organizational performance only 

through the mediating effect of knowledge 

management and organizational learning. Their 

structural equation modeling analysis, which was 

founded on 194 Thai construction firms' responses, 

found that HRM had a direct impact on knowledge 

management (0.710, p<0.001), but there was no 

statistical significance of the path between 

knowledge management and organizational 

learning, which indicated that data governance 

fragmentation did not lead to effective knowledge 

transfer. This observation directly underscores the 

thesis that disjointed data management inhibits AI 

efficacy amid technical acumen. The theoretical 

framework, therefore, combines the resource-based 

view, dynamic capabilities, and knowledge-based 

view theories to present a multifaceted perspective 

of understanding the existence of governance gaps 

in AI-native HR systems, acknowledging that the 

technical infrastructure, organizational capabilities, 

and governance mechanisms simultaneously must 

be developed to achieve successful AI 

implementation (Chowdhury et al., 2023). 

 

3. Methodology 

The conceptual review methodology will be used 

based on the guidelines of literature reviews in 

management research. The methodology consists of 

three steps, including systematic literature search, 

quality assessment, and thematic synthesis. The 

search of the systematic literature was carried out in 

the Scopus, Web of Science, and EBSCOhost 

databases through the years 2022–2025 with search 

string combinations that included artificial 

intelligence, human resource management, 

governance, bias, and data quality. The search query 

used was ("AI-native" OR "artificial intelligence" 

OR "machine learning") AND (HR platform OR 

workforce system OR talent management OR skills 

graph) AND (governance OR bias OR data quality 

OR integration). The adoption of 2022–2025 as the 

search date is due to the fact that the literature 

regarding AI governance is rapidly evolving and 

most initial empirical studies on the topic of 

algorithmic bias in HRM were published within the 

past 2022–2025 (Sony et al., 2025; Albaroudi et al., 

2025; Chhatre, 2025 Peer-reviewed journal articles 

or conference proceedings in English were included 

under the inclusion criteria, specifically focusing on 

AI applications in HRM, and discussing 

governance, ethical, or integration issues. 

The first search led to 847 records in the three 

databases. Following the elimination of duplicates 

(n=124), the records were screened by title and 

abstract, with 723 records remaining to be assessed 

in full text. After full-text screening to include 

criteria, 31 articles were incorporated into the 

ultimate synthesis, which are the most rigorous and 

recent contributions to AI governance in the 

literature on HRM. Furthermore, industry reports 

published by Gartner, Deloitte, and McKinsey that 

are referenced in the articles included were also 

analyzed as practical insights but were not included 

in the list of the 31 peer-reviewed sources. The 

quality of assessment was determined based on the 

traditional conceptual and empirical research 

criteria, such as the methodological rigor, the 

applicability to research questions, and the clarity of 

the report. All the included studies were rated based 

on the criteria such as the appropriateness of the 

research design, sufficiency of the sampling, 

measurement validity, analysis strength, and 

coherence of the conclusions. Research with a 

lower-quality score than the quality threshold was 

not included in the ultimate synthesis, making sure 

that only methodologically sound studies informed 

the analysis (Bhivgade, 2025). 

Thematic synthesis used the three steps of open 

coding, axial coding and selective coding suggested 

by thematic synthesis in systematic literature 

reviews in management research. Open coding was 

used to identify preliminary concepts in each of the 

studies included and produced separate codes of the 

governance challenges, types of bias, and barriers to 

integration and solution strategies. These codes were 

organized in axial coding into categories depending 

on conceptual similarity and then synthesized into 

significant themes: data governance fragmentation, 

risks of algorithmic bias, failures of cross-system 

orchestration, factors of organizational readiness, 

and strategies of governance solutions. These 

themes were combined into an integrated system of 

governance that ties governance gaps with 

organizational capabilities and performance results 

(Kambur & Yildirim, 2022). The framework was 
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also refined through discussion amongst research 

team members to make sure that it captured the 

synthesized literature, yet was still practical to apply 

in organizations adopting AI-native HR systems. 

The scoring formula used to assess quality of the 

included studies is described in Equation 2: 

𝑄𝑖 =
1

5
∑

5

𝑗=1

𝑆𝑖𝑗 × 100 

Where Qi represents the overall quality score for 

study i, and Sij represents the score (0 or 1) for each 

of five quality criteria: research design 

appropriateness, sampling adequacy, measurement 

validity, analysis robustness, and conclusion 

coherence. Studies with Qi ≥ 60 were retained for 

synthesis. Assessment of quality was done by the 

two reviewers independently, and any differences 

were settled on consensus. Intraclass consistency 

was determined as 89 percent agreement, which 

means that there was agreement in applying quality 

criteria. Forward and backward citation searching 

was also used to locate the relevant studies missed 

by database searches, where forward citation 

searching was used to locate articles that cited the 

included studies, and backward citation searching 

reviewed reference lists of included studies 

(Madanchian et al., 2023). The sources included in 

this process through inclusion criteria were 31 peer-

reviewed articles that comprise the evidence base 

supporting this conceptual review. 

 

4. Results and Discussion – Gap 1: Fragmented 

Data Governance and Skills Ontology 

The systematic review found fragmented data 

governance as the most widespread obstacle to 

successful implementation of AI in HRM. 

Organizations do not have a common data format, 

similar job descriptions, and interoperable skills 

ontologies, which means that workforce intelligence 

and algorithm outputs cannot be relied upon to make 

strategic decisions (Yanan, 2025). The lack of 

semantic, machine-readable descriptions of human 

resources qualifications poses a major impediment 

to successful AI integration across institutional 

boundaries as illustrated in a study by Vogler et al. 

(2024) on the interoperability of information 

systems in higher education. When companies try to 

use AI-based talent matching without any standard 

skills taxonomy, algorithms created further 

reinforce discrepancies and generate 

recommendations that cannot be validated and 

compared between business units. This 

fragmentation becomes especially troublesome to 

multinational organizations that run in various 

regulatory settings, and in such cases, one should not 

expect homogeneous data governance rules between 

subsidiaries, which will not allow building a single 

workforce intelligence (Kambur & Yildirim, 2022). 

Sharma, Jain, and Devarapalli (2025) illustrate this 

difficulty with empirical results that show that 

organizations that tried to integrate Workday with 

legacy and cloud systems without standardized data 

models had a substantial increase in the speed of 

data synchronization only when they were using 

evolutionary mating optimization algorithms to 

optimize data mapping. Prior to optimization, 

fragmented data governance resulted in integration 

latency directly impacting the timeliness and 

reliability of workforce analytics. The scientists 

used a quantum deep neural network to intelligently 

fuse data across diverse systems, with significant 

enhancement in the predictive power of the 

workforce. These results highlight the fact that 

technical integration solutions cannot replace the 

lack of governance frameworks; instead, 

governance has to be put in place before technical 

implementation can take place. Similar results were 

also obtained by Perumal and Aithal (2024), who 

observed that organizations with integrated HR-

ERP systems could only see improvements in 

operational efficiency when HR managers were 

involved in the design and implementation of ERP 

systems and that cross-functional governance is the 

key to a successful integration. 

 

Table 1: Performance Metrics Before and After AI Integration Governance 

Metric Before Optimization After Optimization Improvement (%) 

Data synchronization speed 

(transactions/sec) 
Baseline Optimized +32% 

Integration latency (seconds per 

module) 

Finance: 12.5 Finance: 8.5 -32% 

Inventory: 10.2 Inventory: 7.4 -27% 

Production: 15.8 Production: 11.2 -29% 

HR: 8.9 HR: 6.5 -27% 
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Predictive accuracy for workforce 

forecasting 
89.2% 94.5% +5.9% 

Anomaly detection rate 92.5% 96.8% +4.7% 

 

 

Problem of data governance is especially acute in 

skills-based talent management, where 

organizations seek to move towards skills-based 

workforce strategies, replacing role-based 

workforce strategies. Such a shift would necessitate 

standardized skills ontologies, which would 

facilitate the consistency of employee skills in 

business units and geographical locations. 

Nevertheless, Joo et al. (2022) discovered that 

gender diversity in middle management could 

positively affect the high-performance work system 

improvement only in cases when the companies had 

developed clear performance measures and 

homogenized assessment tools. Without 

standardized skills ontologies, talent matching 

algorithms assisted by AI will not be capable of 

reliably determining the skill fit, causing 

inconsistent candidate ratings and reinforcing 

existing biases in historical hiring data. The authors 

examined data of 1,101 organizations in South 

Korea, where gender diversity in the middle 

management indirectly affected organizational 

performance by enhancing HPWS, but only when 

their subordinates were equally gender diverse, 

suggesting that governance structures should be 

inclusive to work. 

The analysis of the included studies based on the 

thematic synthesis provided the following data 

governance maturity model: 

Gscore=w1Sstd+w2Oalign+w3Iqual+w4Aaudit 

Where Gscore represents the overall governance score 

(0-100), Sstd represents data standardization 

completeness, Oalign represents ontology alignment 

across systems, Iqual represents information quality 

metrics, and Aaudit represents audit trail 

completeness. Weights w1 through w4 sum to 1 and 

are derived from factor analysis of included studies, 

with standardization receiving the highest weight 

(w1=0.35) followed by ontology alignment 

(w2=0.30), reflecting the primacy of these 

dimensions in the synthesized literature (Chowdhury 

et al., 2023; Vogler et al., 2024). Kokkaew, 

Peansupap, and Jokkaw (2022) offer empirical 

evidence on the performance implications of 

knowledge management practices in the 

construction firms by demonstrating that knowledge 

management and organizational learning were the 

sole mediating variables through which HRM 

practices led to the statistically significant positive 

effect on sustainable organizational performance. 

Their structural equation modeling analysis showed 

that HRM had a direct impact on knowledge 

management, and the relationship between 

knowledge management and organizational learning 

was not found to be significant, showing that the 

disintegration of data governance did not allow 

knowledge transfer. 

The real-life consequences of disjointed data 

governance are not limited to technical performance 

but also legal and compliance risks. However, 

organizations are unlikely to be able to contest the 

acceptability of AI-enabled employee decisions 

unless they are able to standardize data governance 

and conduct audits․ Li et al․ (2021) interviewed 15 

recruiters and HR professionals using AI-enabled 

recruitment tools․ Lack of confidence in the quality 

of data and not having any control of the algorithmic 

candidate matching were cited as the main 

impediments to intentional adoption of AI, even if it 

was recognized as making the process more 

efficient. Recruiters expressed concerns about the 

inability to question or explain algorithmic 

decisions‚ lack of transparency with data processing‚ 

and lack of governance documentation․ The scholars 

discovered that even those recruiters who had 

experience and confidence in their manual search 

potential were not able to audit or validate AI 

recommendations without clear data governance. 

This discovery directly helps to argue that the lack 

of coherent data governance can weaken the 

effectiveness of AI despite technical complexity 

because without governance infrastructure 

organizations cannot trust or verify the results of the 

algorithms. 

 

4. Results and Discussion – Gap 2: Algorithmic 

Bias and Hallucination Risks 

The second violation of critical governance gaps that 

reduce the effectiveness of AI-native HR systems is 

algorithmic bias. The AI models, which are trained 

based on past hiring information, are systematic in 

reproducing and magnifying the already existing 

discriminatory patterns especially among women, 

racial minorities, and non-binary individuals (Sony 
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et al., 2025). It is also worsened by the fact that most 

machine learning algorithms are black boxes in 

nature, and their complex neural network designs 

generate outputs that are not easily interpretable or 

explainable by HR professionals or affected 

candidates. This obscurity contravenes basic tenets 

of procedural justice and poses a major source of 

legal liability in anti-discrimination laws such as 

Title VII of the U.S. Civil Rights Act, the UK 

Equality Act 2010, and the EU General Data 

Protection Regulation (Okoro et al., 2025). The 

regulatory expectations around algorithmic bias are 

only getting worse as the laws evolve, with the EU 

AI Act considering hiring systems a high-risk 

category and requiring them to be transparent, of 

good quality and with human supervision, but there 

are still no effective enforcement mechanisms and 

limited collaboration across borders. 

The practical data on the existence of an algorithmic 

bias of HR systems is significant and alarming. 

Albaroudi et al. (2025) tested their HitHire fairness-

aware AI hiring system on 350 anonymized CVs in 

four job positions, discovering that the baseline 

models, which did not include any debiasing 

interventions, had Statistical Parity Difference in 

gender to show systematic preference towards male 

applicants. Worse still, Disparate Impact of 

nationality in the baseline model surpassed the 

acceptable range of 0.8 to 1.25, which implies 

discriminatory practices against foreign applicants. 

They were calculated by the toolkits AI Fairness 360 

and Fairlearn, and the statistical significance was 

validated by permutation testing of a thousand runs. 

The researchers showed that adversarial debiasing 

decreased SPD significantly, which is a considerable 

advance in gender fairness, while still keeping the 

predictive F1 score on a par with baseline. Similar 

findings were recorded by Chhatre (2025) when AI 

systems trained on historical hiring data were able to 

recreate existing biases, and the now-discontinued 

AI recruiting tool at Amazon decreased resumes 

with terms linked to women as a direct result of the 

training on historical male-dominated hiring data. 

 

Table 6. Fairness Metrics Comparison: Baseline vs. Debiased AI Hiring System 

Fairness Metric Protected Attribute 
Baseline 

Model 

HitHire 

(Debiased) 

Acceptable 

Range 
Improvement 

Statistical Parity 

Difference 

(SPD) 

Gender 0.0229 0.0156 Near 0 31.90% 

Disparate Impact 

(DI) 
Nationality 1.1473 1.2387 0.8 – 1.25 Within range 

Equal 

Opportunity 

Difference 

(EOD) 

Gender 0 0 Near 0 Maintained 

Disparate Impact 

(DI) 
Gender 0.9454 0.978 0.8 – 1.25 3.40% 

Intersectional DI 

Range 

Arab Female / Non-Arab 

Male 
0.85 – 1.18 0.89 – 1.12 0.8 – 1.25 Narrowed range 

 

The fairness measures used in the assessment of bias 

in the literature synthesized are displayed in 

equation 4: 

𝑆𝑃𝐷 = 𝑃(𝑌̂ = 1|𝐴 = 0)  − 𝑃(𝑌̂ = 1|𝐴 = 1)  

𝐷𝐼 =
𝑃(𝑌̂ = 1|𝐴 = 0)

𝑃(𝑌̂ = 1|𝐴 = 1)
 

𝐸𝑂𝐷 = |𝑃(𝑌̂ = 1|𝐴 = 0, 𝑌 = 1) − 𝑃(𝑌̂ = 1|𝐴

= 1, 𝑌 = 1)  | 

Where SPD is Statistical Parity Difference (values 

that are close to 0 are fair), DI is Disparate Impact 

(acceptable range 0.8-1.25), and EOD is Equal 

Opportunity Difference (values close to 0 are equal 

true positive rates across groups). The attribute A 

may be a protected one like gender, race, or 

nationality (Albaroudi et al., 2025; Sony et al., 

2025). The review by Bujold et al. (2023) of 107 

empirical studies on responsible AI in HRM 

revealed that 44 out of 107 studies explicitly 

implemented the principles of responsible AI, with 

the most popular principles being bias and 

discrimination and human role respectively. 

Remarkably, only six studies covered explainability 
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and transparency, which shows that there is a major 

gap between the perceived importance of 

algorithmic transparency and practical research of 

transparency mechanisms. The researchers 

recommended that future studies should diversify 

the research protocols beyond experimental designs 

to incorporate large amount of fieldwork and real 

life settings since most of the studies in their sample 

were based on laboratory experiments that are not 

necessarily applicable to the organizational setting. 

The issue of AI hallucination also creates more 

threat in the use of generative AI in HR. Resume 

summarization, candidating message, or interview 

question-generating large language models can 

generate factually wrong and contextually 

inappropriate outputs, posing legal and reputational 

risks. Madanchian, Taherdoost, and Mohamed 

(2023) conducted a systematic review of AI-based 

HRM tools and techniques and found that even 

though AI can enhance efficiency in the recruitment 

process by automating resume parsing and candidate 

matching, the technology is prone to errors in case 

training data is incomplete or unrepresentative. 

Their review of the chosen literature revealed that 

the organizational readiness, the perceived benefits, 

and the technology readiness had a considerable 

impact on the AI adoption, yet the ethical issues of 

algorithmic transparency and accountability were 

not sufficiently considered in the implementation 

frameworks. Alsubaie and Aleisa (2025) also 

showed that explainable AI methods such as SHAP 

values allowed establishing important features that 

led to the biased results, and their optimized models 

led to significant increases in demographic parity 

between 0.70 and 0.90. 

Algorithms are intersectional, which increases the 

risk of discrimination of people who are members of 

several groups that are under protection. Sony et al. 

(2025) note that AI systems unequally impact 

marginalized populations such as women, non-

binary people, and racial minorities, and training 

data and algorithms have biases, which result in the 

difficulties of hiring and career advancement. Their 

theoretical critique of legal and policy regimes 

showed that in most jurisdictions, binary 

understandings of identity continue to be employed, 

and that not all groups are covered by these 

measures, with the ILO Convention No. 111 

outlawing discrimination in employment but not 

directly considering how AI-based hiring 

technology may reinforce previous biases. The 

researchers suggested more stringent legal 

safeguards, integrative HRM practices, 

transparency, bias audits, and human supervision to 

achieve fairness in AI-based decision-making. 

Koponen (2025) analyzed the bias in AI-based 

healthcare decision-making and found that biased 

AI models may yield biased results that cause 

misdiagnosis and exacerbation of health 

inequalities, and the effects of such biases can be 

divided into misdiagnosis and inequitable results, 

loss of confidence in healthcare systems, resource 

misallocation, and ethical and regulatory issues. The 

conclusions can be directly applied to HRM settings 

where similarly biased AI can lead to unfair results, 

distrust, resource misallocation, and legal liability. 

 

4. Results and Discussion – Gap 3: Cross-System 

Orchestration Failures 

The third critical governance gap is cross-system 

orchestration failures, which arise due to the failure 

of AI-native HR platforms to effectively integrate 

with enterprise resource planning systems, financial 

management tools, project management platforms, 

and operational systems. Such failures of integration 

hinder organizations from attaining the single 

workforce intelligence that warrants AI investment 

because workforce data is still segregated in non-

compatible systems with varying data models, 

incompatible update rates, and uninteroperable APIs 

(Sharma et al., 2025). This issue is especially 

relevant in large organizations that span various 

geographic areas and have different regulatory 

needs and have outdated IT systems that are difficult 

to upgrade or disregard. Babashahi et al. (2024) have 

carried out a rapid review of the transformation of 

AI skills in industries and found that technical skill 

is not the only element necessary to successfully 

integrate AI, but other elements such as adaptability 

and systems thinking are also necessary, but most 

organizations lack governance frameworks to 

coordinate across functional lines. 

The empirical evidence of orchestration failures is 

strong. Sharma and others proved that traditional 

middleware-based integration systems led to delays 

in data synchronization, which may be insignificant 

in a single instance but which is multiplied by 

thousands of workforce decisions and operations 

each day, and causes a huge amount of latency 

between decisions by the workforce and operational 

execution. More importantly, without real-time 

synchronization, the workforce planning decisions 

were always made using outdated information, 

which caused the resources to be misallocated and 
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become inefficient. The evolutionary mating 

optimization algorithm proposed by the researchers 

decreased the integration latency significantly, but 

the inherent governance gap was still present: 

organizations did not have standardized protocols to 

validate data and handle errors and audit logs of 

integrated systems. In a study of the nexus between 

HRM and enterprise resource planning in 

manufacturing settings, Perumal and Aithal (2024) 

discovered that effective integration between HR 

and enterprise resource planning needs strategic 

alignment of HR practices and the enterprise 

resource planning system capabilities, but majority 

of organisations have their HR and ERP as two 

distinct areas with little integration, such that the 

workforce modules fail to support strategic talent 

management. 

The cross-system orchestration maturity model 

based on the analysis of integration failures can be 

found in Equation 5: 

𝑂𝑆𝑐𝑜𝑟𝑒 =
𝐼

𝑛
∑

𝑛

𝑖=1

(1 −
𝐿𝑖

𝐿𝑚𝑎𝑥

) ×
𝑆𝑖

𝑆𝑟𝑒𝑞𝑢𝑟𝑖𝑒𝑑

 

 

Where Oscore represents orchestration maturity (0-1), 

Li represents latency for system i, Lmax represents 

maximum acceptable latency, Si represents 

synchronization frequency for system i, and Srequired 

represents required synchronization frequency for 

effective decision-making. The equation shows that 

the effectiveness of orchestration is determined by 

both the technical performance (latency) and the 

governance design (synchronization requirements 

definition). Fakhouri et al. (2023) explored how 

machine learning can be used in 5G security, noting 

that the complexity of the network and bandwidth 

issues demand the strategic use of edge computing 

and distributed architecture to minimize latency, 

which can be directly applied to the HR system 

integration where real-time data synchronization is 

needed to make workforce planning effective. 

Organizational consequences of orchestration 

failures go beyond technical inefficiency to 

workforce strategy effectiveness. In the cases where 

HR systems do not have access to real-time 

operational data, AI-based workforce planning 

cannot take into consideration evolving production 

needs, project human resource needs, or budgetary 

limitations. Li et al. (2021) reported that with AI-

enabled sourcing software not coupled with project 

management systems, recruiters could not match 

candidates with particular project needs, which 

curtailed the strategic utility of AI suggestions. In 

one of their studies, a technical recruiter observed 

that AI tools are effective at identifying applicants 

who have the necessary programming languages, 

but in cases where the skills of applicants in the 

particular technologies involved in ongoing projects 

were required, the tools could not determine the 

applicants who had experience with those 

technologies since the AI could not access the data 

about the architecture of the project systems. This 

lack of integration meant that recruiters had to sift 

through candidate profiles manually and circumvent 

AI-based suggestions, which defeated the benefits of 

automation. A systematic review of AI applications 

in HRM by Khan et al. (2025) revealed that AI can 

greatly improve employee well-being and work-life 

balance by automating routine insights into 

workload, but the advantages of AI-based HR 

analytics rely on their integration with operational 

systems that deliver real-time workload information. 

Governance of AI orchestration failures should 

involve data governance committees comprising 

representatives from HR‚ IT‚ finance‚ and 

operations․ Data committees should define standard 

data models‚ common data integration standards‚ 

and auditing and monitoring requirements before 

deciding on an AI platform and middleware between 

existing legacy systems and new systems․ 

Chowdhury et al․ (2023) found governance-first 

organizations were considerably more likely to be 

successful at AI implementation than organizations 

that make technology decisions before their designs․ 

The researchers described a set of AI capabilities, 

comprising technical resources (data infrastructure, 

algorithms, etc.) and non-technical resources 

(human skills, leadership, culture, and innovation 

mindset). They argued organizations should develop 

both sets of resources, not treat them separately. A 

systematic review of 142 studies by Bouzerda et al. 

(2025) in accordance with the PRISMA guidelines 

found AI tools systematically improved the quality 

of selection and open science practices greater 

transparency and knowledge sharing; although 

integration across systems was a challenge in 66 

studies. These findings support the assertion that 

governance mechanisms should be able to respond 

to technical integration and organizational 

coordination in order to achieve successful cross-

system orchestration․ 
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5. Conclusions 

The paper has methodically examined three key 

governance blind spots that hinder AI-native HR 

systems from providing credible strategic workforce 

intelligence: fragmented data governance and lack 

of unified skills ontologies, risk of algorithmic bias 

and hallucinations in the absence of proper 

validation frameworks, and cross-system 

orchestration between HR and operational systems. 

The analysis, which is synthesized on the basis of 31 

peer-reviewed sources published between 2022 and 

2025, shows that these gaps are not only technical 

issues that can be resolved with improved 

algorithms or faster processors but are more 

governance issues that need organizational, ethical, 

and regulatory solutions. To address these gaps, 

enterprises will not be able to buy their way out by 

getting more advanced AI platforms, but they should 

establish the governance capacity to handle AI 

systems responsibly throughout their lifecycle. The 

theoretical contribution builds on the dynamic 

capabilities theory showing how governance can be 

a meta-capability that facilitates AI sensing, seizing, 

and transforming. Companies with robust 

governance structures build sensing functions to 

detect bias and quality data problems before they 

can inflict damage, capture the ability to implement 

AI systems that can support organizational 

principles and regulatory standards, and evolve the 

ability to continuously upgrade systems in response 

to audit outcomes and stakeholder input. The 

proposed integrated governance framework, i.e., 

data standardization, mitigating bias, cross-system 

orchestration, and organizational capability 

development, offers a systematic basis of 

responsible AI application in HRM, considering the 

original argument that governance gaps are the key 

factors undermining the effectiveness of AI-native 

HR. 

To practitioners, the findings have practical 

implications. Organizations can implement 

enterprise-wide data governance councils to set data 

standards, job architectures, and skills ontologies 

across business units. Fairness audits of the data 

should be performed regularly. using common 

measures such as Statistical Parity Difference 

Disparate Impact, and Equal Opportunity Difference 

and should be reported on and reviewed by a legal 

department. Systems with direct impacts on 

workers‚ like human resource systems that select‚ 

promote‚ or terminate employees‚ should adopt 

human-in-the-loop mechanisms‚ allowing human 

oversight and review of algorithmic 

recommendations prior to final decisions․ 

Regulatory involvement‚ including the development 

of common application programming interfaces 

(APIs)‚ interoperable data models‚ and automated 

validation specifications‚ should be undertaken prior 

to the deployment of AI systems․ Coordination is 

required between HR and the other functions of IT‚ 

finance and operations.  HR professionals need to be 

continuously trained on AI constraints, bias 

detection, and the process of overriding to establish 

the organizational capabilities to ensure proper 

oversight. Future studies must provide longitudinal 

case studies of enterprises using this framework of 

governance to determine the effectiveness in 

practice, cross-cultural differences in governance 

needs in various regulatory contexts, and the long-

term sustainability of AI governance processes as 

technology changes. With AI further reshaping 

workforce management, organizations that build 

strong governance capabilities will be in a position 

to unlock the strategic value of AI-native systems 

and avoid the legal, ethical and operational risks that 

have wrecked first mover efforts. The evidence 

compiled in this paper highly substantiates the initial 

thesis that the key to unlocking the strategic value of 

AI-native workforce systems is bridging the 

governance gaps. 
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