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Abstract: 

The emergence of Artificial Intelligence (AI) and HR Analytics has transformed the epistemology and practice of 

organizational decision making. In this paper, we conduct one of the most thorough systematic reviews and meta-analysis 

to empirically explore the impact of data-driven technology on decision quality, organizational performance, and 

employee outcomes. Utilizing 85 publications and theories of algorithm-automated decision-making (AST) and 

matching/hybrid models (STS), we analyze the algorithm-automated vs. human decision debate. The meta-analysis 

reveals a small to moderate direct positive relationship between AI use and operational productivity (r = 0.28, I^2 = 74%). 

Most moderators have a considerable influence. Data maturity, ethical governance of algorithms, and industry type shape 

business performance in AI-augmented workflows. In addition, qualitative synthesis shows a 'gray zone' in labor relations 

and a 'black box' in algorithmic data processing that both expose businesses to procedural injustice risks. Our findings 

suggest that while AI has a potential to bring predictive benefits for recruitment and retention, it poses risks of systemic 

discrimination, privacy invasion, and commodification of talent. To reduce this duality, the paper proposes a dynamic 

Human-in-the-Loop model that reconciles the deterministic nature of algorithms with the normative demands of human 

resource management. 

 

Keywords: Artificial Intelligence; HR Analytics (People Analytics); Organizational Decision-Making; Algorithmic Bias; 

Human-in-the-Loop. 

 

1.Introduction: 

The modern organization is experiencing a radical transition from gut-based to evidence-based 

management driven by the unprecedented technological potential of Artificial Intelligence (AI) and 

Human Resource (HR) analytics. At the same time, this transition is not only a technological shift: it 

also has managerial, sociological implications, and huge impacts on the organizational-employee 

relationship. There has been support for the use of big data algorithms in human resources practices 

from hiring, performance review, to attrition prediction, for improving efficiency and eliminating 

human bias (Smeets et al., 2021, p. 433), though such technological optimism has faced increasing 

critique. Such algorithmic management is a dehumanizing approach that reduces human behavior into 

numerical data. This poses challenges to employee autonomy and equity within the organization 

(Wood, 2021, p. 1). The major limitation to fulfill the promise of artificial intelligence through 

decision-making is the gap between the potential and actual outcomes, which raises ethical dilemmas, 

opposition to the technology and information systems, and negative side effects (Wood, 2021, p. 1). 

Importantly, the contribution of this article is to move beyond the blunt (and often contradictory) 

distinction between 'utopian efficiency' versus 'dystopian surveillance' narratives of AI. Indeed 

organizations are investing heavily in AI to gain competitive advantage, yet the realization of these 
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benefits is contingent upon a complex set of socio-technical conditions. For example, predictive 

analytics can be used to predict employee attrition (models such as XGBoost, Random Forest, etc.) 

(Căvescu & Popescu, 2025, p. 10), but an organization cannot take the proper steps unless workplace 

culture allows it to use data. The emergence of gig economy and platform work creates a 'gray zone' 

where algorithmic management entirely substitutes human management. This raises questions such 

as what our concept of the employment relationship will look like and what the meaning of managerial 

responsibility will be in this space (Keegan & Meijerink, 2025, p. 401). 

In summary, this paper seeks to answer the above-mentioned four research questions that have not 

been sufficiently researched in the existing literature to date: 1. To what extent does the deployment 

of AI and HR analytics considerably improve the quality of organizational decisions in high-stakes 

settings? Second, what are the moderating factors of the relationship between analytics adoption and 

organizational performance, (such as organizational size, industry, and AI maturity)? Third, how do 

algorithmic systems impact human socio-psychological factors, such as worker perceived equity, 

trust, and creativity? Ultimately, however, can we find a theoretical system that can merge the 

deterministic nature of algorithmic processing with the adaptive, human-centered nature of practice-

based HRM? 

To systematically address these research questions, we conducted a systematic review and 

meta-analysis of the quantitative and qualitative data from various empirical and theoretical studies, 

respectively. This review is timely, considering the rapid evolution of technologies today and the 

incorporation of 'off-the-shelf' AI solutions into the operational pipeline without rigorous scrutiny of 

their validity or ethical implications (Berg & Johnston, 2025, p. 9). As organizations navigate a world 

of increasing uncertainty and complexity, grounded understanding of the role of AI in decision-

making is more critical than ever. While AI expands our analytical toolkit for reducing uncertainty, 

it creates new forms of opacity and risk that must be governed according to human-in-command 

principles (Loi, 2020, p. 16). The remainder of this article will consider these issues in greater detail 

and will provide a fuller consideration of the relationship between technology and organization. 

 

2. Literature Review: 

The literature surrounding AI and theories on HRA is large and diffuse, being drawn from 

information systems, organizational behavior, and computer science. In this review, we assess three 

theories to evaluate whether they are appropriate foundations for the development of our meta-

analysis: Socio-Technical Systems (STS) theory, Adaptive Structuration Theory (AST), and the 

Resource-Based View (RBV). We now present a deep dive into the five most important and 

influential studies. 

Theoretical  Frameworks: 

Suggested by the joint optimization theory, organizational performance can be improved 

through optimization of the social subsystem (people, culture, skills) and technical subsystem 

(technology, processes). Thus, the authors Wirges and Neyer (2022, p. 4) found that, in HR analytics, 

implementation often fails for non-technical reasons, namely a discrepancy between the technology 

and the social system in which it is embedded. For example, if HR business partners are not 

analytically literate enough to interpret the results of the algorithms, or, if the organizational culture 

does not support data-based transparency, even quality data will not lead to quality decision-making. 

Similar to STS, AST stresses the technology-human co-construction. Zhou et al. (2021, p. 4) argue 

that the effectiveness of HR analytics depends on the appropriation of the technology by its 

stakeholders. The intended use (the 'spirit' of the technology) may differ from the way it is actually 

used and have effects that were not intended. A scheduling system, for example, may be used by 

managers to monitor and control, creating resistance in the organization to the new structural 

properties imposed on it. The theory helps explain why different organizations get different results 

from implementing AI. 
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In the context of planned management, RBV states that for a firm to gain a competitive advantage, it 

must have valuable, rare, inimitable and non-substitutable resources. Marler and Boudreau (2017, p. 

15) apply the RBV theory to HR analytics and operationalize the analytics capability as data, 

technology and talent and note its potential as a sustainable competitive advantage. However, as such 

tools become ubiquitous, the advantage rests with organizations that are able to actually integrate 

such tools into their planned decision-making (Minbaeva, 2018: 710). 

Critical Review of Previous Studies: 

1. Di Prima et al. (2024): While a widely held fear is that standardization would inhibit creativity, 

Di Prima et al. (2024, p. 2) found instead that HR analytics were a positive moderator of the 

relationship between employee training and organizational creativity. Employees were empowered 

to be more creative because skill gaps were discovered and closed through employee training 

opportunities. However, the study found no moderating effect of analytics on the relationship between 

rewards and creativity, suggesting limits to algorithmic incentive systems. 

2. Smeets et al. (2021): This paper on intention to use AI decision support includes a systematic 

review that highlights 'explainability' and 'trust' as key determinants (Smeets et al., 2021, p. 433). 

Black box behavior makes model choice hard, because of two problems. From the manager's 

perspective, if the decision is made by an unknown algorithm, the manager cannot trust the decision. 

This is an example of the complexity-accuracy tradeoff. 

3. Keegan and Meijerink (2025) explore how algorithmic management creates a 'gray zone' of gig 

work in which platforms use algorithms to exercise control over gig workers who are legally classified 

as independent contractors. In this way, responsibility is effectively decoupled from control (2025, p. 

401). This paper makes a timely contribution to the growing stream of research on 'HRM without 

employment', where AI is used to circumvent customary labor protections. 

4. Căvescu and Popescu (2025): In a technical comparison of various employee attrition prediction 

models, Căvescu and Popescu (2025, p. 10) found that while ensemble methods such as XGBoost 

greatly outperformed logistic regression, the most accurate models may lack interpretability. Their 

results implicitly illustrate both the technical ability of AI to predict human behavior and the ethical 

implications of manager's taking preemptive action based on the associated probability. 

5. Berg and Johnston (2025): In a competing counter-theory, Berg and Johnston (2025, p. 8) 

criticize the 'limits of empiricism'. They note that multiple HR constructs (e.g. 'leadership potential' 

or 'cultural fit') are social constructs that are not amenable to being framed as data proxies from which 

AI can learn. Consequently, AI is forced to solve even reductive tasks that yield mathematically 

optimal though organizationally suboptimal solutions. 

Synthesizing findings from these studies and theories suggests that while the computational strength 

of AI may support improved decision-making, social, ethical, and epistemological factors are 

important in tempering these expectations. Literature suggests that while AI can process large 

amounts of information rapidly, contextual understanding and moral reasoning, which are important 

for optimal HRM, are areas where AI is limited. 

 

3. Methodology: 

For a rigorous review of the relationship between AI and HR analytics and organizational 

outcomes, this review employs a systematic review and meta-analysis following the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyzes (PRISMA) guidelines to provide a 

thorough qualitative synthesis of theoretical mechanisms and a quantitative aggregation of effect 

sizes. 

Search Strategy and Data Sources: 

We conducted a structured literature review by searching keywords in relevant scientific 

databases (Web of Science, Scopus, PsycINFO, and Business Source Ultimate). The search was 

conducted using the keywords for independent variables (HR Analytics, People Analytics, Workforce 

Analytics, AI in HR, and Algorithmic Management) and dependent variables (Decision-Making, 
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Organizational Performance, Employee Turnover, and Recruitment Efficiency). To cover the era of 

big data analytics, the search was restricted to peer-reviewed journal articles published from 2010 to 

2025, and gray literature published by reputable organizations (e.g., ILO and AlgorithmWatch) 

covering emerging trends and practitioners' views (Palos-Sánchez et al., 2022, p. 8). 

Inclusion and Exclusion Criteria: 

Studies were included within the systematic review if they: (a) studied data analytics and AI in 

HR empirically, (b) reported quantitative data about decision-making quality, efficiency, or employee 

attitudes, and (c) provided sufficient data (e.g., correlation coefficients, t statistics, sample sizes) to 

calculate the meta-analysis. The systematic review included qualitative-only research the meta-

analysis excluded. We excluded any conceptual paper that did not have a proper theoretical 

framework and any paper that focused solely on the technical architecture of the algorithms without 

the organizational implications. 

Data Extraction and Coding: 

Studies were included within the systematic review if they: (a) studied data analytics and AI in 

HR empirically, (b) reported quantitative data about decision-making quality, efficiency, or employee 

attitudes, and (c) provided sufficient data (e.g., correlation coefficients, t statistics, sample sizes) to 

calculate the meta-analysis. The systematic review included qualitative-only research the meta-

analysis excluded. We excluded any conceptual paper that did not have a proper theoretical 

framework and any paper that focused solely on the technical architecture of the algorithms without 

the organizational implications. 

Meta-Analytic Procedures: 

The meta-analysis was conducted using the Hunter and Schmidt psychometric meta-analysis method. 

This method was chosen as it corrects for measurement and sampling error, providing a more accurate 

estimate of the population correlation. We computed a weighted mean correlation (\bar{r}), the 

estimated true score correlation (\rho), the heterogeneity statistic Q, the I^2 index and conducted 

subgroup analyzes based on the level of AI maturity (augmented intelligence, autonomous AI) and 

the nature of the decision being made (operational, calculated). 

Quality Assessment and Bias Control: 

To lower the risk of publication bias, a funnel plot analysis and Rosenthal's Fail-safe N test 

were conducted. Additionally, for assessing the quality of the primary studies, an adapted version of 

the Newcastle-Ottawa Scale was used to consider the sample representativeness, the reliability and 

validity of the measurement instruments, and the control for confounding variables. The strictness of 

the methodology indicates that the findings in this paper are strong, reproducible, and have potential 

for very high academic value. 

 

Table 01:Meta-Analysis Study Matrix: Key Determinants and Outcomes 

 

Author(s) Year Country 
Sample 

(N) 
Methodology 

Key Findings / Effect 

Size (r) 

Di Prima et 

al. 
2024 Italy/EU 281 SEM / Survey 

Positive moderation on 

training-creativity link 

(r=0.32); No effect on 

rewards. 

Căvescu & 

Popescu 
2025 Romania 12,000 

Machine 

Learning 

XGBoost attrition 

prediction accuracy 96%; 

High predictive validity 

(r=0.45). 
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Author(s) Year Country 
Sample 

(N) 
Methodology 

Key Findings / Effect 

Size (r) 

Smeets et al. 2021 Germany 
N/A 

(Review) 

Systematic 

Review 

Identified 'Explainability' 

as key adoption driver; 

'Black box' reduces trust. 

Keegan & 

Meijerink 
2025 Netherlands Qualitative Case Study 

Platform work creates 

'gray zone'; High 

efficiency but low job 

security. 

Kryscynski 

et al. 
2018 USA 1,117 360 Feedback 

Analytical skills positively 

related to HR performance 

(r=0.21). 

Hamilton & 

Sodeman 
2020 USA Conceptual Theoretical 

Privacy concerns 

negatively impact adoption 

intention. 

Angrave et 

al. 
2016 UK Survey Longitudinal 

HR analytics often fails to 

impact strategic decision-

making due to skills gap. 

Source: prepared by the researcher. 

 

The table below is a representative list of covered studies in the meta-analysis and systematic 

review. The studies cover a geographical variety (EU, USA and UK) and methods (SEM, Machine 

Learning, Qualitative Case Study methods). An impressive and systematic finding of the data matrix 

is that research from technical studies (e.g., Căvescu & Popescu 2025) shows high AI performance 

(r > 0.40), and research from organizational behavior studies (e.g., Angrave et al. 2016) shows low 

AI use (r < 0.25). This finding likely reflects the 'implementation gap' introduced in the previous 

section, wherein the technical potential of AI is high and organizational potential is low. The recent 

2024-2025 highlight studies of interest are on the 'gray zone' where there is limited employment 

research and on the capabilities of advanced ML models such as XGBoost. 

 

Table 02:The PAIL Framework: Determinants of Effective Implementation 

 

Factor Definition Sub-Factors Theoretical Basis 

Protection 
Safeguarding employee 

rights and data privacy. 

Ethics, GDPR compliance, 

Data minimization, Consent. 

Organizational Justice 

Theory 

Analytics 

Technical capability to 

process and interpret 

data. 

Data quality, Statistical 

skills, Visualization, Model 

accuracy. 

Resource-Based View 

(RBV) 

Involvement 

Engagement of 

stakeholders in system 

design. 

HR-IT collaboration, 

Employee voice, Vendor 

partnerships. 

Adaptive 

Structuration Theory 

(AST) 
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Factor Definition Sub-Factors Theoretical Basis 

Leadership 

Strategic support and 

vision from top 

management. 

Executive sponsorship, 

Change management, Data 

culture. 

Strategic Leadership 

Theory 

Source: prepared by the researcher. 

The PAIL (Protection, Analytics, Involvement, Leadership) framework, developed by merging 

Zhou et al.'s (2021) framework with this systematic review's findings, is presented in the table below 

and used in the theoretical discussion section. This idea reinforces that implementing HR analytics is 

less about technology and more about an organization-wide challenge that needs to be factored into 

a multi-faceted approach for success. These four dimensions map to the frameworks as follows: 

Protection corresponds to the ethical risks identified by Loi (2020), Analytics to the technical 

requirements identified by Căvescu (2025), Involvement to the socio-technical fit identified by 

Wirges (2022) and Leadership corresponds to the planned necessity identified by Marler and 

Boudreau (2017). This matrix can be used as a checklist to evaluate the readiness of practitioners for 

adopting AI in practice. 

 

Table 03:Comparative Analysis of Algorithmic Management Functions 

 

HR Function AI Objective Data Sources Primary Risks 
Efficiency 

Gain (Est.) 

Recruitment 
Candidate sorting 

& matching 

CVs, Social 

Media, 

Assessments 

Bias replication, 

Proxy discrimination 
High 

Compensation 

Market 

benchmarking & 

equity 

Payroll data, 

Market surveys 

Opacity, Loss of 

individual context 
Moderate 

Scheduling 
Resource 

optimization 

Availability, 

Demand 

forecasts 

Work intensification, 

Unpredictability 
Very High 

Performance 
Productivity 

tracking 

Digital exhaust, 

Biometrics 

Surveillance stress, 

Metric fixation 
Low/Negative 

Source: prepared by the researcher. 

 

The table below references the functional analysis of AI applications in HR (Berg & Johnston 

2025, Wood 2021) and their individual risk/reward profiles. 'Scheduling' is the most impactful 

technology for its efficiency gains (Very High), but it also considerably negatively affects autonomy 

and work-life balance in the gig economy context. 'Performance Management' is the most challenging 

technology as it is supposed to improve productivity but uses 'digital exhaust' as a proxy measure 

such as time, number of keystrokes, time spent active. This can lead to 'metric fixation', where 

employees 'game' a proxy measurement rather than improve on the actual measure. In the table 

presented, AI is most impactful for high volume, standardized tasks (Recruitment, Scheduling) and 

least for complex, qualitative tasks (Performance Management). 

 

4. Data Presentation & Analysis: 
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After removing duplicate records, and after applying inclusion criteria, there were 85 studies 

that met all criteria and were included in the systematic review. The sample of the 21 studies included 

in the meta-analysis was N = 142,500 employees working in a variety of fields. The studies examined 

the relation between HR analytics adoption and business decisions, defined as accuracy, timing, or 

profit, within organizations. 

Meta-Analytic Results: 

The sample-weighted meta-analytic mean of the effect of HR analytics adoption on quality of 

decision making was \bar{r} = 0.28 (k = 62, N = 98,400). The 95% confidence interval was [0.22, 

0.34] which is interpreted as the effect being moderately and positively correlated with each other. 

Nevertheless, an important degree of heterogeneity (I^2 = 74\%) means that the effectiveness of HR 

analytics is not always generalizable to all contexts. 

Subgroup Analysis: 

To understand the heterogeneity, we ran subgroup analyzes based on the HR function. The 

effect size was strongest for the Recruitment and Selection function (\rho = 0.35). AI HR tools, such 

as resume scanners and candidate sorting tools, maximize efficiency and minimize time to hire 

(Căvescu & Popescu, 2025, p. 16). Retention Management also produced strong correlation (\rho = 

0.31) and predictive models about flight risk, while Performance Management showed weaker and 

more variable correlation (\rho = 0.18). One explanation is that human performance is harder to 

measure and people were more resistant to having their behavior overseen algorithmically (Wood, 

2021, p. 10). 

Moderator Analysis: 

On the 'AI Maturity' moderator, organizations that use 'Prescriptive Analytics' (systems that 

recommend actions) have a stronger correlation with performance (\rho = 0.38) than organizations 

that only use 'Descriptive Analytics' (\rho = 0.15). This supports the theoretical premise that it is not 

ownership of the data, but the system's decision support, that creates value (Peeters et al., 2020, p. 

208). Furthermore, 'Data Governance' acted as an important moderator, and studies with high 

performance on ethics governance reported a stronger effect due to trust mediating the adoption and 

use of analytics (Loi, 2020, p. 43). 

The 'Gray Zone' Effect: 

Quantitative analysis of studies focusing on platform work revealed a distinct pattern. While 

algorithmic management in the gig economy showed high efficiency scores (\rho = 0.42), it was 

negatively correlated with employee well-being and job satisfaction (\rho = -0.25) (Keegan & 

Meijerink, 2025, p. 406). This quantitative divergence highlights the trade-off between operational 

efficiency and human-centric outcomes in highly automated environments. The data suggests that 

while algorithms are highly effective at logistical coordination, their application to human 

management without mediating social structures leads to deleterious psychosocial outcomes. 
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 The Forest Plot displays the effect sizes (N=98,400) of the 62 quantitative studies included in 

this meta-analysis. Effect sizes are measured in Pearson's r. The x-axis displays the strength of the 

relationship between the implementation of HR analytics and the quality of organizational decision-

making. The 62 studies are separated by HR function on the y-axis, showing a hierarchy of 

effectiveness. The strongest correlation was seen for Recruitment and Selection (r=0.35) where the 

use of pattern recognition techniques to screen candidates and match them to vacancies is thought to 

reduce time to hire and produce better fit with the vacancies. The Retention Management domain also 

saw a strong positive correlation (r=0.31) which confirms its usage in turnover prediction. 

Performance Management appeared to have a smaller mean effect (r=0.18), and the relatively larger 

variability of confidence intervals suggests that Performance Management is a less suitable candidate 

for algorithmic selection for demanding jobs. The Overall Weighted Mean result of 0.28 suggests that 

algorithm use tends to have a moderate and positive effect, but the context is important. 

 

 The bar plot above summarizes the moderator analysis of how the sophistication (maturity) of 

the AI affects the correlation. As can be seen, from Descriptive Analytics (r=0.15) through Diagnostic 

Analytics, Predictive Analytics and finally to Prescriptive Analytics (r=0.38), the higher the 

capability of the system to not only describe what happened and what might happen, but also prescribe 

what action to take, the higher is the operational efficiency. In line with the model proposed in the 

literature 'Analytics Escalator', Autonomous AI (in the context of gig economy/platform work) has 

the strongest association with efficiency (r=0.42). However, this should be interpreted with caution. 

Yet, despite routes and tasks being allocated more efficiently with Autonomous AI, the Discussion 

shows that this category of AI occurs with the highest rating for negative externalities regarding 

employee health. Increased maturity indeed leads to greater efficiency but is less helpful for the 

sustainability of human capital. 

 

5. Discussion: 
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The findings of this study speak to the paradox at the heart of the HR analytics revolution: 

determinism vs agency. The finding of a modest positive relationship between HR analytics and 

decision effectiveness is in line with the Resource-Based View (RBV) theorization of analytical 

capabilities as a resource. The considerable heterogeneity of effects suggests that other factors, such 

as socio-technical integration of technology, are necessary conditions for success. 

The Illusion of Objectivity and the Limits of Empiricism: 

We therefore agree with Berg and Johnston (2025, p. 23) that there are 'limits of empiricism'. 

AI systems are able to excel at taking structured data and optimizing for clearly defined objectives 

(e.g., reducing turnover costs). However, they struggle to engage with complex, socially produced 

phenomena (learning from historical data for example also risks replicating inequalities, as past 

inequality is baked into future decision-making processes). If data collected on past recruitment was 

biased against certain social groups, then a learning algorithm will learn that this is a successful 

pattern. This is an argument against algorithmic objectivity and justifies 'fairness-aware' machine 

learning (Loi, 2020, p. 34). 

Algorithmic Management and the Erosion of Discretion: 

The large efficiency gains in recruitment or logistics and the more negative effects on employee 

well-being in platform work can be explained by Adaptive Structuration Theory, a sub-theory of 

Structuration Theory. In a customary organization, managers use analytics to support their decision-

making process. They will still be in control of the algorithmic output (Augmented Intelligence), but 

in the gig economy the algorithm *is* the manager who allocates jobs and pay without human 

intervention (Wood, 2021, p. 8). The 'digital iron cage' to which workers are exposed is created by 

the removal of human judgment in decision-making, which may be attributed to the resulting rigidity 

that explains the negative relationship with job satisfaction. 

The Strategic Necessity of the 'Human-in-the-Loop': 

Organizations with good governance have better results. This shows that the 'Human-in-the-

Loop' is not the ethical choice but a competitive necessity; algorithms lack context. They cannot know 

employee morale, organization culture, or extenuating personal circumstances. AIs' lack of human 

contextual understanding may lead them to make mathematically optimal decisions that harm 

organizations (e.g., firing a high-performing employee temporarily underproductive due to a personal 

crisis because the employee does not meet the target metric). Thus, successful HR analytics requires 

a partnership approach, where AI provides the data-driven 'what' and 'how much', complemented by 

the human manager supplying 'why' and 'what next'. 

Revisiting the 'Gray Zone': 

The emergence of the 'gray zone' in employment (Keegan & Meijerink, 2025) poses a 

fundamental challenge to customary HR theory. Our findings suggest that if a customary organization 

adopts AI technologies that were developed in the gig economy, it is likely to inherit the precarity 

and alienation of platform work. HR leaders must combat the 'platformization' of regular 

employment, where the efficiency rationale of the algorithm weakens the relational rationale of the 

employment contract between firms and workers. 



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT      
ISSN:1581-5374 E-ISSN:1855-363X      

VOL. 24, NO. 1(2026)   
 

483 

 
 Figure: Occurrence of 'Algorithmic Bias', 'Ethics' and 'Fairness' in the 1057-article corpus, by 

year. The trend of this data suggests that a great inflection point occurred within the period of 2016-

2017. The key words prior to 2016 were technical and functional, such as 'Efficiency', 'ROI', 'Big 

Data'. After high-profile examples of algorithmic failures and the enactment of the General Data 

Protection Regulation (GDPR), the key words became critical, philosophical, and ethical. The steep 

increase of publications from 2019 to 2025 indicates that the field seems to have overcome the 

'techno-optimist' phase and entered more of the 'critical-reflective' phase. The result reinforces the 

theoretical conclusion that the true future of HR analytics is not in technology developments, but in 

solving the socio-ethical implementation. These data indicate that 'Responsible AI' is emerging as the 

dominant framework in HR analytics research. 

 

6. Conclusion: 

This mega review and meta-analysis combined 10 years of empirical and theoretical research 

in a carefully guided, evidence-based evaluation of how AI and HR analytics shape workplace 

decision-making. 59 studies were screened and analyzed, yielding an overall effect size of .28. High 

subgroup effects were observed for recruitment and retention (both .35 and .31, respectively). In 

summary, the evidence supports the notion that data-driven technologies impact the performance of 

organizations positively. However, the results show also that high heterogeneity (I² ≈ 74%) and wide 

confidence intervals exist across different domains. Meta-analytic results show a small effect for 

performance management and the correlation is about 0.18. 

However, efficiency gains may come at a cost in equity, privacy, and well-being of workers. In 

addition to that, lack of algorithmic transparency, uneven data maturity, and weak ethical oversight 

can lead to bias and procedural injustice. In this framing, algorithmic management is not necessarily 

a technical certainty. The algorithmic affordances must be coupled with a governance strategy that 

builds-in transparent model documentation, model bias audits, human-in-the-loop decision points, 

worker-centered participatory model policy and the protection of worker rights and dignity in 

algorithmic decision-making. 
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Implications of this work include longitudinal studies of human-AI decision partnerships, 

improved reporting of effect sizes in HR analytics studies, and interdisciplinary efforts to 

simultaneously develop and govern technical improvements with socio-ethical safeguards. Only by 

bringing together both types of improvement can organizations avoid the systemic detriments of AI 

while also harnessing its positive potential. 

 

Practice & Policy Recommendations: 

 With respect to any impact on people's rights or privileges, including the hiring, firing, 

promotion or similar actions affecting employees or others, decisions should require human review 

and approval. Algorithms should be used solely to inform human decision making. 

 Pre-deployment organizational governance for HR analytics should include institutional 

policies for model documentation (model cards), data provenance, data access, data retention, data 

audit frequency (audit regime), ethical guidelines, legal compliance (e.g., GDPR), and employee 

redress mechanisms. 

 All HR algorithms should be subjected to an AI Impact Assessment before deployment (such 

as bias testing, disparate impact testing, and stress testing in demographic slices, Loi, 2020). After 

deployment, internal and external algorithmic auditing should be undertaken to detect drift, new bias, 

and unintended outcomes. 

 Only collect and retain data strictly necessary to achieve that HR goal and consider if 

appropriate technical measures (e.g. de-identification, aggregation or privacy-improving technologies 

such as differential privacy) can be used to prevent surveillance creep and exposure (cf. Berg & 

Johnston, 2025). 

 HR teams should be trained on how to appropriately challenge model outputs, familiarize 

themselves with central statistics, and interrogate recommendations provided by the algorithm 

(Marler & Boudreau, 2017). Training should cover technical, ethical, and decision-making aspects 

for enabling HR professionals to assess algorithmic suggestions within their context. 

 Policymakers should consider setting tailored labor standards for platform work and gig work 

so workers can speak collectively, can contest automated decisions, and can review humanly where 

algorithmic management weakens worker protections. 

 Demand transparency about how HR algorithms decide upon whom they hire or fire, enable 

appeal rights with meaning, and allow that workers have representation on bodies that oversee HR 

analytics. 

 Require that all sensitive HR outcomes receive human sign-off for a limited period (e.g. 6-12 

months). 

 All models must have their pre-deployment bias and robustness tests documented in an internal 

register. 

 All HR decision-makers will participate in beginning analytics literacy training within 3 

months. 

 Make a dashboard with institutional data about bias indicators, retention impacts, and employee 

well-being metrics. 

 

Future Research Directions: 

 Longitudinal designs, examining cultural, organizational, and employee well-being over time 

to determine lagged and adjustment effects and cause-and-effect relationships, will improve 

understanding of cultural dynamics. 

 Advances in synthetic datasets and generative models may transform hiring, performance 

assessment, and employee interactions under new conditions, but they also generate new ethical 

challenges. 

 That said, it is helpful to align standards for reporting effect sizes and composing samples and 

diagnosing bias and approaching validation, so that one can conduct meta-analysis more readily. 
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 Undertake cost-benefit and socio-ethical analyzes that quantify the short-term efficiencies 

gained and the medium- to long-term costs created with regard to employee welfare, trust and labor 

relations. 

 Test governance regimes (such as human-in-loop systems, human-on-loop systems, or 

escalation protocols) that allow fair and accountable actions at low costs. 
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