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Abstract:  The rapid integration of artificial 

intelligence (AI) into human resource 

management (HRM) functions has generated 

both significant enthusiasm and substantial 

scholarly concern. Systems that screen 

candidates, detect disengagement, and 

model attrition risk have moved beyond pilot 

programmes. and are being widely deployed 

to the point that both practitioners and 

scholars have struggled to keep pace. It is 

not entirely technical, but conceptual. What 

do we in fact have in the way of structures to 

query the idea of whether these instruments 

are good on people not merely on quarterly 

hiring measurements? It is that supra-

nationality that the current paper dwells on, 

as the focal point of the overlap between AI-

driven HRM and sustainable human capital 

development (HCD) and the issue of how 

intelligent systems implemented in 

recruitment, performance management, 

learning and development, and workforce 

planning influence the end results in terms of 

equity, capability accumulation, employee 

wellbeing, and organisational resilience. It 

will be analysed based on a systematic 

review of peer-reviewed works published in 

2015-2023 and a synthesised conceptual 

framework based on the human capital 

theory (Becker, 1964), the Technology 

Acceptance Model (Davis, 1989), and the 

principles of responsible innovation (Owen 

et al., 2012). While these theoretical 

foundations have individually informed 

research on human capital formation, 

technology adoption, and innovation 

governance, they have rarely been 

integrated into a unified framework capable 

of evaluating AI-HRM through a 

sustainability lens Based on this, the paper 

will come up with five functional groups of 

AI-HRM tools and weigh the combined 

impact of the tools on the requirements of 

sustainable development as proposed in the 

United Nations 2030 Agenda. What is 

emerging is, literally, a good-and-bad mix: 

AI-HRM tools are demonstrably quicker in 

matching skills, cheaper to run in 

transactional HR, and can give rise to more 

specific and precise workforce analytics, yet 

are also associated with major and poorly 

recognised risks - algorithmic bias, digital 

exclusion, or a silence of employee choice 

amongst themselves. It turns out that 

whether these costs pay off more than the 

gains depends greatly on context 

organisational culture, the regulatory 

environment, and workforce digital literacy 

are all found in the empirical literature to be 

important moderating variables. The paper 

develops this evidence to develop an 

integrative conceptual framework that 

follows the pathways of adoption of AI-HRM 

tools to generate (or avoid) sustainable HCD 

outcomes based on four mediating paths that 

take into account the widely divergent 

situations of practitioners in both high-

income and lower-income country settings. 

By linking AI-HRM tool adoption to 

sustainable human capital development 

outcomes, the study offers both a theoretical 

bridge between HRM and sustainability 

scholarship and a practical evaluative 

framework for policymakers and 

organisational leaders.” The implication of 

the argument goes beyond the human capital 

theory, and to the governance discourse of 

responsible AI in employment, which 

remains in its early formation. 
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1.0 Introduction 

The integration of artificial intelligence into 

workplace management represents the latest 

phase in a long history of technological 

rationalisation of labour (Ugwo & Chikezie, 

2024; Ndibe, 2024; Sanni, 2024; Areghan, & 

Ndibe, 2024 & Okolo, 2021; Sanni, 2023).  

Machine Learning (ML) and Artificial 

Intelligence (AI) have entered the stage of 

revolutionising interdisciplinary sectors by 

offering reliable answers to problems in data 

interpretation, real-time decision-making, 

and self-navigating (Ufomba & Ndibe, 2023; 

Samakinde & Arohunmolase, 2024). Since 

Frederick Taylor systematised labour 

through time-and-motion studies in the early 

twentieth century, and since the first 

computerised payroll systems were deployed 

in the 1950s, organisations have 

continuously sought technological means to 

rationalise the management of human beings 

at work. What distinguishes the 

contemporary phase is not merely the speed 

of change, but the scale, autonomy, and 

algorithmic opacity of decision-making 

systems. Contemporary AI-HRM systems do 

not merely mechanise transactions; they 

render consequential decisions about 

individuals, including who is interviewed, 

whose performance is rewarded, who is a 

flight risk, and so forth, in ways both 

unnoticed by the individuals being assessed 

and only marginally understandable to the 

managers designating them (Cheng & 

Hackett, 2021). 
This momentum is clearly exhibited in the 

market. Investment in HR technology across 

the world was estimated at USD 17.6 billion 

in 2021 and is expected to go past USD 35 

billion by 2028 (Markets and Markets, 2022). 

Artificial intelligence-powered products 

have become an increasingly large and 

expanding part of that ecosystem - it includes 

NLP-based applicant tracking at one extreme 

and predictive machine learning that claims 

to tell who will leave the company in a year 

at the other extreme. Career Coach, a 

Watson-based career coach by IBM; video 

interview analytics by HireVue; and 

Workday and SAP SuccessFactors all 

incorporate predictive features that would 

have been considered inspiring, not to 

mention unrealistic, a decade ago. However, 

vendor claims regarding predictive accuracy 

and bias mitigation remain unevenly 

validated in peer-reviewed empirical 

research. Importantly, these systems are no 

longer confined to experimental pilots but 

are deployed at scale across diverse 

institutional contexts (Tambe et al., 2019). 
It is against this background that an 

analogous, and more urgent, set of debate is 

being pursued in both academic and policy 

corners: are AI-mediated HRM practices 

facilitative of - or in ways more 

immeasurable, silent -sustainable human 

capital development?  In classical economic 

theory, human capital refers to accumulated 

knowledge, skills, health, and competencies 

that enhance individual productivity and 

earnings potential. According to the 

definition, human capital, or the productive 

ability that human beings develop through 

education, training, and experience, has 

traditionally been at the heart of the 

microeconomic theory and organisational 

strategy. The sustainability perspective 

extends classical human capital theory by 

interrogating whether capability 

development today preserves long-term 

employee wellbeing, equity, and adaptive 

resilience (Schultz, 1961). In such a 

perspective, the AI-HRM tools should not be 

assessed only by the increase in productivity. 

It is also essential to enquire whether they 

create fair skill creation, safeguard staff 

dignity, strengthen psychological wellbeing, 

and create labour market resilience surviving 

through a technological cycle. 
Despite expanding research on AI adoption 

in HRM and a parallel body of literature on 

sustainable development, systematic 

integration between these domains remains 

limited. (Strohmeier, 2020), whereas another 
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stream of literature has analyzed sustainable 

development based on macro-economic and 

policy perspectives (United Nations, 2015). 

Empirical studies on AI-HRM have 

predominantly evaluated efficiency gains, 

predictive performance, or firm-level 

financial outcomes, often relying on cross-

sectional organisational data. Conversely, 

sustainability research has focused on 

macro-level development indicators without 

examining algorithmic management systems 

as micro-level mechanisms shaping human 

capital trajectories. Longitudinal evidence 

linking AI-HRM adoption to employee 

wellbeing, skill accumulation, or labour 

market resilience remains scarce, 

particularly in low- and middle-income 

economies. The major lack is the serious 

integration of the two. The evaluative 

instruments in gauging the benefits of 

operations against the costs of sustainability 

of human capital are absent to the 

practitioners. The regulators, as the stormy 

history of the EU Artificial Intelligence Act 

can testify to insufficient detail (Fraser and 

Bello y Villarino, 2023). The regulatory 

fragmentation across jurisdictions further 

complicates implementation, as 

organisations operating across multiple 

labour markets face inconsistent governance 

standards. And employees (especially those 

in low-and middle-income countries (LMIC) 

settings where digital infrastructure is 

uneven and labour standards are less strong) 

expose themselves to risks that may be 

manifested in the efficiency measure 

organisations are more focused on. 
The paper continues to build upon the 

assumption that the question of whether AI 

is making HR more effective is a question 

that is subordinate to a more difficult 

question that is: effective to whom, over 

what period of time and at what cost to 

human development?  Accordingly, the 

study pursues four objectives. First, it maps 

the functional landscape of AI-HRM tools 

across the employee lifecycle. Second, it 

synthesises empirical evidence regarding 

their effects on sustainable human capital 

indicators, including equity, skill 

development, wellbeing, and resilience. 

Third, it identifies organisational, regulatory, 

and contextual moderators shaping these 

outcomes. Fourth, it develops an integrative 

conceptual framework linking AI-HRM 

adoption pathways to sustainable HCD 

outcomes and derives actionable policy and 

managerial implications. 

This study contributes to HRM scholarship 

by extending human capital theory into the 

domain of algorithmic management and 

sustainability governance. It offers 

practitioners an evaluative lens for assessing 

AI-HRM investments beyond short-term 

productivity metrics. For policymakers, it 

provides conceptual guidance for designing 

responsible AI frameworks that balance 

innovation with workforce protection. By 

incorporating perspectives from both high-

income and lower-income contexts, the 

framework responds to global inequalities in 

digital capability and labour regulation. 
 

1.1 Theoretical Framework 

1.1.1 Human Capital Theory and Its 

Sustainability Extension 
 

 This section integrates five complementary 

theoretical lenses to construct a multi-level 

explanation of how AI-HRM systems 

influence sustainable human capital 

development (HCD). Human Capital Theory 

and the Capabilities Approach define 

outcome criteria; Technology Acceptance 

and Diffusion theories explain adoption 

dynamics; Responsible Innovation and 

Algorithmic Accountability provide 

normative governance parameters; and the 

United Nations Sustainable Development 

Goals (SDGs) supply macro-level 

sustainability benchmarks.  Gary Becker’s 

formulation of Human Capital Theory in the 

early 1960s established that investments in 

education, training, and health function 

economically in ways analogous to 

investments in physical capital: they 

generate returns, depreciate over time, and 

can be evaluated through rational cost–

benefit analysis.(Becker, 1964). Theodore 

Schultz further argued that cross-national 

differences in economic growth could 
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largely be explained by variations in human 

capital endowments rather than natural 

resource availability alone.(Schultz, 1961). 

What was useful about the framework was 

just how parsimonious it was: it was possible 

to explain individual incomes and the 

productivity of firms as well as the patterns 

of aggregate economic growth, with a single 

concept, as it characterized skill and 

knowledge as productive factors under the 

same investment logic as they are found in 

machinery or infrastructure. 
The following decades were marked by both 

theoretical improvements and severe critical 

discussion. At the elaboration dimension, 

organisational scholars made the distinction, 

which is relevant in terms of employment 

relations, between general human capital, 

which is mobile across firms, and firm-

specific human capital, which brings about a 

form of mutual lock-in between the 

employer and the worker (Becker, 1964). 

The critical reaction was retrospectively no 

less significant: feminist economists, 

institutionalists and development scholars 

began to reveal what the Beckerian model 

systematically overlooked, that is, power 

relations, the invisible labor of social 

reproduction, as well as dimensions of 

human capability that just cannot be 

converted into productivity measures. The 

Capabilities Approach developed by 

Amartya Sen reframed development as the 

expansion of substantive freedoms rather 

than mere output maximisation, arguing that 

evaluation should focus on what individuals 

are effectively able to be and do (Sen, 

1999).To the extent of this paper, normative 

expansion is not a choice, but forms part and 

parcel of what sustainable HCD entails, and 

requires AI-HRM systems to be judged not 

just in terms of productivity indices but in 

terms of equity, autonomy and long-term 

welfare standards. In this study, sustainable 

human capital development (HCD) therefore 

integrates productivity-based indicators 

(skill accumulation, retention, performance) 

with capability-based criteria (equity, 

autonomy, dignity, and long-term wellbeing). 

This dual evaluation lens forms the 

normative foundation for assessing AI-HRM 

systems. 
 

1.1.2 Theory of Technology Acceptance 

and Diffusion Theories 
 

Fred Davis’s Technology Acceptance Model 

(TAM) posits that technology adoption is 

primarily shaped by perceived usefulness 

and perceived ease of use (Davis, 1989). A 

technology acceptance model (TAM) was 

suggested by Davis in 1989, and it has 

remained a sustainable point of departure in 

this regard: it is believed that a personal 

decision to adopt a specific technology is 

influenced by two main perceptions, namely 

usefulness (whether the technology makes a 

positive contribution to job performance) 

and ease of use (Davis, 1989).  Viswanath 

Venkatesh and colleagues extended this 

model through the Unified Theory of 

Acceptance and Use of Technology 

(UTAUT), incorporating social influence 

and facilitating conditions as additional 

predictors (Venkatesh et al., 2003). 
These frameworks are viewed through a 

sustainability lens that reveals a second 

conflict the AI-HRM literature has been 

reluctant to directly address. A recruitment 

chatbot or an attrition prediction model can 

score highly on management usefulness 

scales - faster time-to-hire, higher quality-of-

candidates scores, actionable predictive 

results - and also score very low on the 

autonomy and dignity scales that are the ones 

that are the most important to the individuals 

under assessment. This asymmetry is vividly 

demonstrated by the surveillance features 

that are present in modern performance 

management AI, An employee subject to 

continuous algorithmic monitoring may 

experience diminished autonomy and 

psychological safety, regardless of 

managerial assessments of system 

performance. This divergence suggests that 

adoption metrics used by organisations may 

fail to capture employee-level experiential 

costs, thereby weakening the sustainability 

of human capital investments over time. It 

has a direct impact on worker engagement, 

organisational intention trust, and finally on 
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the sustainability of human capital 

investments that organisations postulate they 

are investing in (Tambe et al., 2019). 
 
 

1.1.3 Responsible Innovation/Sustainable 

Development 
 

 The United Nations 2030 Agenda for 

Sustainable Development provides a macro-

normative benchmark for evaluating AI-

HRM governance (United Nations, 2015).  

There are three goals that are directly 

applicable, namely SDG 4 on quality 

education and lifelong learning, SDG 8 on 

decent work and economic growth, and SDG 

10 on reduced inequalities.  Together, these 

goals operationalise sustainability through 

measurable indicators related to lifelong 

learning access, decent work conditions, and 

inequality reduction. AI-HRM tools overlap 

with each of the three in no insignificant 

manner. Artificial intelligence-based career 

pathing tools and algorithmic learning 

platforms directly affect access to the 

development opportunities within 

organisations and the lack thereof. What we 

intend to refer to as performance 

management AI determines our everyday 

idea of what decent work, so to speak, is in 

reality. And recruitment and promotion 

algorithms have been shown in documented 

instances to have both the ability to reduce or 

enlarge current disparities in labour markets 

in terms of race, gender, educational 

attainment, and geography. 
 The Responsible Innovation framework 

articulated by Richard Owen and colleagues 

(2012) introduces procedural governance 

principles requiring technological systems to 

be anticipatory, reflexive, inclusive, and 

responsive. When applied to AI-HRM, this 

framework requires organisations not just to 

answer whether their intelligent systems are 

working as they are meant to work but to ask 

whether those systems have been designed in 

consideration of the interests of the affected 

stakeholders, whether their downstream 

social impacts have been properly modelled, 

and whether they have a mechanism to fine-

tune or cancel systems that generate negative 

impacts. 
 

1.1.4 Algorithmic Accountability and AI 

Ethics 
 

The algorithm decision-making ethics in the 

employment sector have received long-term 

attention since in 2018, in 2018, a 

recruitment algorithm developed by Amazon 

was found to systematically disadvantage 

resumes associated with women, illustrating 

the risks of bias embedded in historical 

training data (Dastin, 2018). This episode 

brought together the theorisation of Barocas 

and Moritz in their groundbreaking research 

on fairness in machine learning: that 

algorithms trained on historical data will 

reproduce, and potentially exacerbate, the 

biases contained in historical training data 

(Barocas & Moritz, 2017). Diakopoulos 

(2016) applied this analysis to the 

accountability dimension and stated that the 

limited transparency, contestability, and 

auditability obligations of the organisations 

implementing consequential algorithms are 

rarely fulfilled in practice. 

Fraser &Bello y Villarino (2023) observed 

that the EU AI Act establishes stringent 

regulatory requirements for high-risk AI 

systems, mandating comprehensive risk 

management, accountability mechanisms, 

and stakeholder-centred oversight.  The EU 

AI Act represents one of the most 

comprehensive regulatory efforts to date, 

imposing stringent requirements for high-

risk AI systems (Fraser & Bello y Villarino, 

2023). The responses are critical towards the 

practical connotations of the analysis 

provided in this paper. 
 

 

1.1.5 The Integrative Framework 
 

The integrative framework (Fig. 1) 

conceptualises AI-HRM tool clusters as 

independent variables influencing 

sustainable HCD outcomes through four 

mediating pathways: capability development, 

equity and inclusion, wellbeing and 

autonomy, and organisational resilience. 

These relationships are moderated by 

organisational culture and leadership, 

regulatory environment, and workforce 

digital readiness. Feedback loops link HCD 

outcomes to future AI investment decisions, 



 
 
 

Communication in Physical Sciences, 2024, 11(4) :1157-1175 1162 
 

 

potentially generating virtuous or vicious 

cycles depending on governance quality. The 

intensity and orientation of these pathways 

are conditional upon three moderating 

factors i.e. the organisational culture and 

leadership, the regulatory environment, and 

the workforce digital readiness. The HCD 

outcomes are linked to the organisational 

capacity, through feedback, to invest in the 

AI-HRM systems which in turn results in the 

creation of either the virtuous or vicious 

cycles depending on how well the 

institutional governance is organised. The 

contributions of the theory and its 

application in this framework are 

summarised in Table 1. 

 

 
Fig. 1: Integrative Theoretical Framework: AI-HRM Adoption, Mediating Pathways, 

and Sustainable Human Capital Development Outcomes 

 

1.1.6 A Taxonomy of AI-HRM Tools 
 

The synthesis produced 5 functional clusters 

of AI-HRM tools that took a separate 

position in the employee lifecycle. This 

taxonomy is schematically stated in Fig. 3. 

The initial cluster, which is the most densely 

populated, is the AI-based talent acquisition: 

it includes automated resume screening, 

conversational AI chatbots used during the 

initial stages of communication with a 

candidate, video interview data analytics, 

which analyzes facial expressions and vocal 

patterns, and predictive scoring models 

based on the history of previous performance. 

It is also, not incidentally, represented by 38 

per cent of the empirical studies in the 

synthesis corpus, as it is both common in 

practice and has incurred a long-standing 

critical attention.  

The second category, learning and 

development AI, unites the adaptive 

platforms that adjust the complexity of the 

content and its sequence according to the 

current performance of learners, AI-curated 

pathway, and, more and more, VR 

simulations reinforced by the AI-guided 

scenario creation. The third category, 

performance management AI, includes a 

continuous feedback system and NLP tools, 

which are, based on employee 

correspondence, able to determine the degree 

of engagement, an application which, as 

discussed later in this paper, occupies an 

uneasy position between performance 

improvement and surveillance of the 
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workplace. The fourth cluster is workforce 

planning AI, which includes prediction 

engine of attrition, skills gap engines, and 

succession engine assisted with AI. The fifth 

cluster employee wellbeing AI is the least 

developed: they consist of mental health 

chatbots like Wysa and Woebot applications 

implemented within corporate programmes, 

burnout prediction systems, and sentiment 

analysis tools that have a scanty evidence 

base. 

Table 1: Summary of Underpinning Theoretical Lenses Applied in the Integrative 

Framework 
 

Theory / 

Framework 

Key Proponents Core Proposition Application in This 

Study 

Human Capital 

Theory 

Becker (1964); 

Schultz (1961) 

Skills and knowledge 

are productive when 

invested in, and they 

cannot be replenished. 

Defines the HCD 

outcome 

indicators (skill 

accumulation, 

productivity, 

retention) 

used to evaluate AI-

HRM impacts. 

Capabilities 

Approach 

Sen (1999); 

Nussbaum (2011) 

Development is the 

expansion of 

substantive human 

freedoms, not merely 

output maximisation. 

Extends HCD beyond 

productivity to include 

autonomy, dignity, 

and 

wellbeing as 

evaluative criteria. 

TAM / UTAUT Davis (1989); 

Venkatesh et al. 

(2003) 

Perceived usefulness, 

ease of use, social 

influence and 

facilitating conditions 

influence the adoption 

intentions. 

Explains differential 

The adoption of AI-

HRM by workforce 

groups; the digital 

preparedness 

moderator. 
 

Responsible 

Innovation 

Owen et al. (2012) Technology 

development should be 

anticipatory, reflexive, 

inclusive, and 

responsive to societal 

values. 

Provides the 

normative scaffolding 

for evaluating AI-

HRM governance 

practices and ESG 

compliance. 

Algorithmic 

Accountability 

Diakopoulos 

(2016); Barocas & 

Moritz 

(2017) 

Consequential 

algorithms require 

transparency, 

auditability, and 

contestability 

mechanisms. 

Grounds the analysis 

of AI bias risks and 

the paper’s 

recommendations for 

organisational AI 

ethics infrastructure. 
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UN Sustainable 

Development Goals 

United Nations 

(2015) 

SDGs 4, 8, and 10 

establish universal 

standards for quality 

education, decent 

work, and reduced 

inequalities. 

Provides the macro-

normative benchmark 

against which AI-

HRM sustainability 

performance is 

assessed. 

 

Fig. 

3: Taxonomy of AI-Driven HRM Tools Organised by Employee Lifecycle Stage and 

Sustainability Risk Profile. 

 

1.1.7 AI-HRM and Human Capital 

Outcomes: Evidence Synthesis 
 

 The empirical relationship between AI-

HRM adoption and sustainable human 

capital outcomes is complex and context-

dependent. Table 3 maps the five tool 

clusters against four sustainable HCD 

outcome dimensions skill development, 

workforce equity, employee wellbeing, and 

organisational resilience summarising the 

direction and strength of the available 

evidence.  

The data on talent acquisition AI is educative 

exactly because it demonstrates the 

difference between the system-level benefits 

of efficiency and the human-level 

sustainability expenses. A study by Dastin 

(2018) and one by Raghavan et al. (2020) 

lists famous examples of racial and gender 

discrimination in commercial recruitment 

algorithms, and a study by Tambe et al. 

(2019) shows that AI-aided screening saves 

an average of 27 percent of time-to-hire and 

the quality score at the initial stage of the 

selection. These findings demonstrate the 

coexistence of operational efficiency gains 
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and distributional harms within the same 

system. What is worrying is that evidence, 

discussed by Kochling and Wehner (2021), 

that organisations very seldom subject their 

recruitment AI to systematic audit on 

discriminatory trends, in part due to the 

obligation of commercial secrecy imposed 

by the vendors, and in part due to the fact that 

the measures of success that organisations 

monitor (speed, cost, quality-of-hire) are 

themselves not sensitive to the violation of 

equity. 
 

Table 1: Impact of AI–HRM Tools Across Organisational Clusters 

AI–HRM Tool Skill 

Development 

Workforce 

Equity 

Employee 

Wellbeing 

Organisational 

Resilience 

Evidence 

Strength 

Talent 

Acquisition AI 

Neutral / Mixed Predominantly 

negative (bias 

risk) 

Negative 

(dehuman- 

isation) 

Positive (quality-of-    

hire metrics) 

Moderate–

High 

Learning & 

Development 

AI 

Positive Positive (if 

accessible) 

Positive 

(autonomy,     

self-efficacy) 

Strongly positive Moderate 

Performance 

Management 

AI 

Mixed Negative 

(surveillance, 

opacity) 

Negative 

(anxiety, 

mistrust) 

Mixed Low–

Moderate 

Workforce 

Planning AI 

Positive 

(strategic 

upskilling) 

Mixed Neutral Strongly positive Moderate 

Wellbeing AI Neutral Neutral Mixed (early 

evidence) 

Uncertain Low 

In the synthesis corpus, learning and 

development AI is the most stable with the 

most positive picture. Adaptive learning 

systems, based on research in the field of 

cognitive psychology in terms of spacing 

effects, interleaving and retrieval practice, 

have been demonstrated to be faster to learn 

skills and enhance knowledge retention as 

compared to traditional instructor-led 

delivery (VanLehn, 2011). And the 

democratising potential is real and should be 

taken seriously: AI-mediated learning 

instructions can, at least in theory, reveal 

development opportunities to historically 

overlooked employees in the topic of 

succession because they just do not have the 

informal social capital or visibility to be 

heard. The Skills Gateway of IBM is a high-

profile example: it cross-maps the current 

competency profiles of the employees with 

the vacant positions at the organisation and 

creates individualised learning paths, which 

IBM has claimed has resulted in higher rates 

of internal mobility by about 15% (Bersin, 

2021). The question the literature has not yet 

answered, however, is whether any of these 

are applicable to less-resourced organisations 

- specifically those in LMIC settings that are 

working on limited training budgets and have 

less reliable digital infrastructure in which 

the disjuncture between the promise of the 

technology and how it functions is rather 

larger. 

The sustainability calculus of performance 

management AI is much more troubling of 

picture than the proponents are inclined to 

admit. Continuous, AI-mediated feedback is 

not merely an upgrade of the periodical 

system of appraisal; it is a change in the form 

of the employment relationship that has 

implications that extend far beyond the 

efficiency factor. A study conducted by Buell 

and co-authors (2022) discovered that 

workers who experienced algorithmic 
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performance management had an increased 

level of anxiety, a lowered feeling of 

autonomy, and a lack of trust in managers -

and these outcomes were observed even 

when the AI judgements outperformed 

human judgements, according to traditional 

measures of accuracy. The most graphic real-

life example is the warehouse management 

systems developed by Amazon, which have 

now attracted long-term regulatory attention 

in both the UK and the EU: productivity 

goals established and managed in real-time 

by algorithm systems have been attributed 

with credible blame of high injury rates, 

workforce turnover, and the systematic 

oppression of worker voice (Delfanti and 

Frey, 2021). These outcomes should not be 

dismissed as unintended side effects; rather, 

they represent material costs to human capital 

sustainability. They are expenditures to 

human capital sustainability, expenses that 

reverse, and which in some circumstances 

completely eliminate, the efficiencies that the 

system was supposedly meant to generate. 

 Collectively, the theoretical lenses and 

empirical synthesis demonstrate that AI-

HRM systems generate heterogeneous 

sustainability outcomes shaped by design 

choices, governance quality, and contextual 

moderators. The integrative framework 

therefore, serves not merely as a descriptive 

model but as an evaluative architecture for 

guiding responsible AI-HRM adoption 

across diverse institutional environments. 
 

2.0  Methodology               
 

 This methodology section outlines the 

review design, search strategy, inclusion and 

exclusion criteria, data extraction procedures, 

quality assessment standards, and analytical 

approach used to synthesise evidence on AI-

HRM and sustainable human capital 

development. This study adopts an 

integrative systematic review design in 

accordance with the PRISMA 2020 

statement (Page et al., 2021), supplemented 

by narrative synthesis to accommodate 

methodological heterogeneity across studies 

(Page et al., 2021), supplemented by 

narrative synthesis to accommodate the 

heterogeneity of methodological approaches 

across the retrieved literature.  A meta-

analytic approach was deemed inappropriate 

due to substantial heterogeneity in study 

designs, outcome measures, contexts, and 

operational definitions of AI-HRM across 

the retrieved literature. A systematic review 

with narrative synthesis allows the breadth of 

this evidence to be captured and compared 

while remaining epistemically honest about 

the limits of cross-study aggregation. 

 The literature search was conducted across 

Scopus, Web of Science, Google Scholar, 

and the ACM Digital Library to ensure 

multidisciplinary coverage spanning 

management, economics, computer science, 

and policy research.  

Search strings combined controlled 

vocabulary and free-text terms using 

Boolean operators: 

(“artificial intelligence” OR “machine 

learning” OR “AI”) AND 

(“human resource management” OR “HRM” 

OR “talent management”) AND 

(“human capital” OR “workforce 

sustainability” OR “sustainable development” 

OR “employee wellbeing”). The search was 

bounded by publication year (2015–2023) to 

capture the period of meaningful AI-HRM 

deployment at scale.  This temporal 

boundary reflects the period during which 

AI-enabled HR tools transitioned from 

experimental deployment to widespread 

commercial implementation, particularly 

following advances in deep learning and 

natural language processing (Bersin, 2021). 

Language was restricted to English. After 

title and abstract screening, 247 records were 

retrieved; after full-text review against 

inclusion and exclusion criteria detailed in 

Fig. 2, 89 studies formed the final synthesis 

corpus. 

Table 2 summarises the inclusion and 

exclusion criteria applied at full-text review. 

Studies were included if they reported 

primary empirical data or developed original 

theoretical/conceptual frameworks 

addressing AI-HRM tools in relation to at 

least one measurable human capital outcome. 

Conference proceedings were included only 
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where they had been peer reviewed and 

subsequently cited in journal literature. 

 Inclusion and exclusion criteria were 

designed to ensure conceptual relevance to 

AI-specific HRM applications and 

measurable human capital outcomes, while 

maintaining methodological quality 

standards.

 
 

Fig. 2: PRISMA 2020 Flow Diagram for Systematic Literature Search and Screening. 
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Table 2: Inclusion and Exclusion Criteria Applied at Full-Text Screening 

 

Criterion Category Inclusion Exclusion 

Publication type Peer-reviewed journal 

articles; peer-reviewed 

conference proceedings; 

working papers from 

established research 

institutions (ILO, World 

Bank, 

OECD) 

Opinion pieces, editorials, 

trade press articles, vendor 

white papers without peer 

review 

Year 2015–2023 Pre-2015 

Language English Non-English 

Content Primary empirical studies; 

original 

conceptual/theoretical 

frameworks; systematic or 

structured literature reviews 

on 

AI-HRM 

Studies addressing generic 

HR technology without AI-

specific components; studies 

with no discernible link to 

human capital 

outcomes 

Outcome measures At least one of: skill 

development, labour 

productivity, hiring equity, 

employee wellbeing, 

retention, workforce 

resilience 

Studies measuring only 

firm-level financial 

performance 

without human capital 

disaggregation 

Quality indicator Cited at least once in 

subsequent peer-reviewed 

literature (for studies 

published before 2022) 

Uncited pre-2022 

publications; studies with no 

stated methodology 

 

 Data extraction was conducted using a 

standardised coding template capturing 

study design, AI-HRM tool classification, 

measured human capital outcomes, reported 

direction and magnitude of effects, and 

identified contextual moderators. Thematic 

synthesis followed the approach proposed by 

Thomas & Harden (2008), involving (1) 

line-by-line coding of extracted findings, (2) 

generation of descriptive themes, and (3) 

development of higher-order analytical 

themes. Inter-rater reliability was assessed 

using Cohen’s kappa coefficient on a random 

subsample of 25 articles, yielding κ = 0.81, 

which indicates substantial agreement 

according to the benchmark proposed by 

Landis and Koch (1977).(Landis & Koch, 

1977) 

Several methodological limitations should 

be acknowledged. First, restriction to 

English-language publications may exclude 

regionally relevant scholarship, particularly 

from LMIC contexts. Second, the narrative 

synthesis approach does not permit formal 

effect size aggregation. Third, rapid 

technological evolution may render some 

findings temporally sensitive. These 

limitations were mitigated through cross-

database searches, dual-reviewer screening, 

and transparent coding procedures. 
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3.0 Results and Discussion 

3.1 Mediating and Moderating Factors 
 

 This section presents the principal findings 

of the thematic synthesis, structured around 

(1) moderating and mediating mechanisms 

shaping AI-HRM outcomes, (2) risk 

dimensions affecting sustainable human 

capital development (HCD), and (3) 

validation of the proposed integrative 

framework with policy implications. The 

synthesis corpus demonstrates that the 

sustainability effects of AI-HRM tools are 

rarely attributable to technological 

deployment alone; rather, outcomes are 

contingent upon organisational and 

regulatory conditions. 

 
 

Fig. 4: Moderation–Mediation Path Diagram: Contextual Factors Shaping the AI-

HRM to Sustainable HCD Relationship 

 

Organisational culture and leadership style 

emerged as the most influential moderator. 

Organisations characterised by 

transformational leadership and high levels 

of psychological safety reported 

significantly stronger outcomes across all 

HCD dimensions when deploying AI-HRM 

tools (Hmoud and Laszlo, 2019). Trust 
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functions as a corrective mechanism: where 

employees perceive managerial intentions as 

legitimate and feel secure in questioning AI-

generated decisions, risks of algorithmic bias 

and error are more likely to be identified and 

addressed. Conversely, in authoritarian 

organisational cultures, AI-HRM tools may 

amplify existing power asymmetries by 

expanding managerial surveillance capacity 

while constraining employee contestability. 
The regulatory environment operates as a 

structural moderator, shaping both the 

permissible and normative use of AI-HRM 

technologies. Comparative studies indicate 

that jurisdictions with robust data protection 

regimes, such as the General Data Protection 

Regulation in the European Union and the 

Personal Information Protection and 

Electronic Documents Act, demonstrate 

higher levels of algorithmic transparency 

and stronger employee safeguards relative to 

less regulated contexts (Kochling and 

Wehner, 2021). The empirical trend in this 

respect is rather obvious: comparative 

research of AI-HRM practices in 

jurisdictions with well-established data 

protection laws, which include the GDPR in 

the EU and the PIPEDA in Canada as the 

most common, discovered systematically 

better levels of algorithmic transparency and 

more substantive employee protections 

against the less regulated counterparts 

(Kochling and Wehner, 2021). Within 

African jurisdictions, regulatory 

fragmentation remains pronounced. Statutes 

such as the Nigeria Data Protection Act 2023, 

the Kenya Data Protection Act 2019, and 

South Africa’s Protection of Personal 

Information Act represent significant 

legislative advances. However, enforcement 

capacity and explicit regulation of automated 

employment decision-making remain 

comparatively underdeveloped relative to 

the EU model (Greenleaf, 2021). In the case 

of organisations that implement AI-HRM 

tools in these jurisdictions, the regulatory 

floor is reduced significantly. 
 Workforce digital readiness functions as a 

capability-based moderator influencing the 

impact of AI-HRM through learning, 

development, and workforce planning 

channels. Empirical evidence suggests that 

AI-HRM investments yield stronger positive 

effects in organisations where employees 

possess baseline digital literacy—defined as 

the ability to interact with AI interfaces, 

interpret data-driven feedback, and engage 

with AI-enabled learning systems 

(Venkatesh et al., 2003). In low-readiness 

contexts, AI-HRM deployment risks 

generating exclusionary effects, deepening 

labour market stratification and contributing 

to digital polarisation. (Venkatesh et al., 

2003). As with low levels of digital 

preparedness, AI-HRM technology runs the 

risk of generating exclusionary impacts, 

further stratifying already disadvantaged 

employees in skill markets and increasing a 

trend towards digital polarisation that is 

specifically the goal of the SDG 10 agenda 

to counter. 
 The adoption of AI-HRM introduces a 

multidimensional risk environment. Three 

risk categories warrant particular attention 

due to their direct implications for 

sustainable human capital development. A 

structured risk register is presented in Table 

4. The risk environment of the adoption of 

AI-HRM is wide-ranged, yet three risks 

should be considered in more detail due to its 

direct consequences of developing human 

capital in a sustainable manner. A systematic 

risk register is given in Table 4. 

Algorithmic bias is the most frequently 

documented risk in the synthesis corpus. 

Bias enters recruitment algorithms through 

multiple, compounding channels: historical 

training data reflecting past discrimination; 

feature engineering decisions that proxy 

protected characteristics; and optimisation 

functions privileging similarity to existing 

high performers rather than diversity of 

capability (Barocas & Selbst, 2016; 

Raghavan et al., 2020).  

he resulting paradox is that tools introduced 

under the banner of meritocracy may 

systematically reproduce structural 

inequality. Where algorithmic systems 

operate with limited transparency, the ability 

of affected employees to challenge adverse 
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outcomes is correspondingly reduced. The 

erosion of employee autonomy through AI-

mediated surveillance constitutes a 

sustainability risk in its own right. 

Motivational theory demonstrates that 

autonomy, competence, and relatedness are 

foundational predictors of intrinsic 

motivation and long-term skill acquisition 

(Deci and Ryan, 2000). 

 

Table 4: Risk Register: Key AI-HRM Risks to Sustainable Human Capital Development 
 

Risk Category Likelihood HCD Impact Mitigation Strategy 

Algorithmic bias in 

recruitment and 

promotion 

High Perpetuates 

structural 

inequalities; violates 

SDG 10; reduces 

diversity of human 

capital pipeline 

Mandatory pre-deployment 

fairness audits using 

disaggregated demographic 

data; third-party algorithmic 

auditing; disclosure obligations 

Workforce 

displacement and 

skills polarisation 

Medium– 

High 

Deskills mid-tier 

roles; concentrates 

HCD investment in 

high-skill workers; 

widens inequality 

Active reskilling investment as 

contractual obligation; portable 

skills accounts funded by 

automation-benefit levy 

Erosion of employee 

autonomy and 

psychological safety 

High Reduces intrinsic 

motivation, 

creativity, and 

organisational trust; 

elevates turnover 

intent 

Explainable AI (XAI) 

requirements; algorithmic 

contestability rights; human-in-

the-loop safeguards for 

consequential HR decisions 

Digital exclusion 

and LMIC 

vulnerability 

Medium Excludes workers 

with low digital 

literacy; exports 

extractive AI models 

to underregulated 

markets 

Public investment in digital 

literacy; open-source AI-HRM 

alternatives; international 

regulatory cooperation 

Vendor lock-in and 

opacity 

Medium Reduces 

organisational 

capacity to audit or 

correct AI systems; 

creates dependency 

on proprietary 

models 

Open procurement standards; 

contractual audit rights; 

investment in internal AI 

literacy within HR functions 

TWhen AI systems prioritise metric 

optimisation over developmental feedback, 

employees may adapt behaviour toward 

algorithmic compliance rather than genuine 

capability enhancement. Although short-

term efficiency gains may be observed, long-

term human capital quality may deteriorate 

through reduced engagement, superficial 

learning, and increased turnover intention. 
Intensive performance management AI with 

surveillance steals this very thing. Replacing 

metric compliance with actual capability 

development as the criterion by which 

employee accomplishments are determined 
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makes it generate workers who are adept at 

handling their algorithm scores, but not 

adept at their occupation. It is not a status 

quo that would offset the efficiency benefits. 

It is an actual decline in the quality of 

organisational human capital - one that can 

be unseen in quarterly performance reports 

and builds up quietly in the shape of lack of 

engagement, superficial learning and, 

ultimately talent leakage. 
 

3.2 Framework Validation and Policy 

Implications 
 

 The synthesis findings provide substantial 

empirical support for the integrative 

framework developed in Section 2. The four 

mediating pathways include the capability 

development, equity and inclusion, 

wellbeing and autonomy, and organisational 

resilience - all these are each verified 

individually within a number of empirical 

studies, and the moderating variables are 

found to be fairly consistent both between 

organisations and geographical locations, 

which otherwise differ fundamentally. The 

addition that the framework makes to these 

findings is a systems-level explanation of the 

interaction between the pathways, and, more 

importantly, of how they may result in 

dynamics that enforce themselves in either a 

positive or negative fashion. The framework 

contributes a systems-level explanation of 

how mediating pathways interact 

dynamically. In high-readiness, ethically 

governed contexts, responsible AI-HRM 

adoption may generate virtuous cycles: 

strengthened digital capability supports 

better oversight, which in turn enhances trust 

and facilitates further responsible investment. 

Conversely, in low-readiness and weak-

governance environments, short-term 

efficiency gains may mask accumulating 

human capital deficits, which later manifest 

in elevated turnover, talent pipeline erosion, 

or regulatory intervention. With precisely the 

same instruments deployed in an 

environment of low digital preparedness, 

poor governance, and a management culture 

that views surveillance as an alternative to 

trust, an organisation may generate 

efficiency measures that are reassuring in a 

year or two - as human capital deficits build 

up beneath the surface, only to be manifested 

when turnover skyrockets, talent pipelines 

run dry, or regulators come in. 
 For policymakers, the implications are 

structural rather than cosmetic. Voluntary 

codes of practice, currently dominant outside 

the EU, appear insufficient to mitigate 

systemic risks of the magnitude identified in 

this review. Mandatory algorithmic impact 

assessments—analogous to environmental 

impact assessments in infrastructure 

development—should be considered a 

minimum safeguard for high-stakes in LMIC 

contexts, priority should be given to 

workforce digital literacy as a prerequisite 

for equitable AI-HRM adoption. Emerging 

regional data protection regimes should be 

treated not as procedural obstacles but as 

substantive governance frameworks capable 

of shaping sustainable technological 

trajectories. 

4.0 Conclusion 

The main point that this paper makes is that 

assessing AI-driven human resource 

management based on the concept of 

operational efficiency is not analytically thin, 

not to mention that it is, in light of the current 

evidence regarding distributional 

consequences, ethically unsound. In 89 

empirical and conceptual studies, a 

disturbing and systematic trend is evident: 

AI-HRM solutions come with consequences 

of sustainable human capital development 

that have been underestimated by 

practitioners, authorities, and technology 

creation teams. Indeed, the learning and 

development AI and strategic workforce 

planning tools do exhibit potential promise 

to accumulate skills and organisational 

resiliency under enabling conditions. 

However, talent acquisition and performance 

management AI pose higher and less 

discussed risks of algorithmic bias, 

autonomy erosion, and digital exclusion 

risks whose magnitude proves to be 

organised around the organisational culture, 

regulatory quality, and the minimum digital 

preparedness of the respective workforce. 

The integrative framework developed in this 
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paper—grounded in human capital theory, 

responsible innovation principles, and the 

normative benchmarks of the United Nations 

Sustainable Development Goals—provides a 

structured approach for evaluating the 

sustainability implications of AI-HRM 

investments. The questions that this paper 

poses them of who benefits, over what period, 

and at what price to human flourishing will 

only become more pressing as AI systems 

become more competent and extensively 

integrated into the fabric of working life. 

5.0 References 

Barocas, S., and Moritz, H. (2017). 

Fairness in machine learning. NIPS 

Tutorial, 1, 1, pp. 1–20. 

Becker, G. S. (1964). Human Capital: A 

Theoretical and Empirical Analysis, 

with Special Reference to Education. 

University of Chicago Press. 

https://doi.org/10.7208/chicago/97802

26041223.001.0001 

Bersin, J. (2021). The future of talent 

management: Radical adaptability. 

The Josh Bersin Company Research 

Report. 

Buell, R. W., Choi, M., and Dholakia, U. 

(2022). The psychological costs of 

algorithmic management. Harvard 

Business School Working Paper, 22–

090. https://doi.org/10.2139/ssrn. 

4116369 

Cheng, M. M., and Hackett, R. D. (2021). 

A critical review of algorithms in HRM: 

Definition, theory, and practice. 

Human Resource Management Review, 

31, 1, pp. 100698. https://doi.org/ 

10.1016/j .hrmr.2019.100698 

Dastin, J. (2018, October 10). Amazon 

scraps secret AI recruiting tool that 

showed bias against women. Reuters. 

Davis, F. D. (1989). Perceived usefulness, 

perceived ease of use, and user 

acceptance of information technology. 

MIS Quarterly, 13, 3, pp. 319–340. 

https://doi.org/10.2307/249008 

Deci, E. L., and Ryan, R. M. (2000). The 

“what” and “why” of goal pursuits: 

Human needs and the self-

determination of behavior. 

Psychological Inquiry, 11, 4, pp. 227–

268. https://doi.org/10.1207/S15327 

965PLI1104_01 

Delfanti, A., and Frey, B. (2021). Humanly 

extended automation or the future of 

work seen through Amazon patents. 

Science, Technology, & Human Values, 

46, 3, pp. 595–617. https://doi.org/10. 

1177/0162243920943665 

Diakopoulos, N. (2016). Accountability in 

algorithmic decision making. 

Communications of the ACM, 59, 2, pp. 

56–62. https://doi.org/10.1145/  

Fraser, H. L., and Bello y Villarino, J.-M. 

(2023). Acceptable risks in Europe’s 

proposed AI Act: Reasonableness and 

other principles for deciding how much 

risk management is enough. European 

Journal of Risk Regulation. 

https://doi.org/10.2139/ssrn.4516917 

Greenleaf, G. (2021). Global data privacy 

laws 2021: Despite COVID delays, 145 

laws show GDPR dominance. Privacy 

Laws & Business International Report, 

171, 1, pp. 1–5. https://doi.org/ 

10.2139/ssrn.3836348 

Hmoud, B., and Laszlo, V. (2019). Will 

artificial intelligence take over human 

resources recruitment and selection? 

Network Intelligence Studies, 7, 13, pp. 

21–30. 

Kochling, A., and Wehner, M. C. (2021). 

Discriminated by an algorithm: A 

systematic review of discrimination 

and fairness by algorithmic decision-

making in the context of HR 

recruitment and HR development. 

Business Research, 14, 3, pp. 795–848. 

https://doi.org/10.1007/s40685-021-

00134-w 

Landis, J. R., and Koch, G. G. (1977). The 

measurement of observer agreement 

for categorical data. Biometrics, 33, 1, 

pp. 159–174. https://doi.org/10.2307/ 

2529310 

Nussbaum, M. C. (2011). Creating 

Capabilities: The Human Development 

Approach. Harvard University Press. 

https://doi.org/10.4159/harvard.97806

74061200 

https://doi.org/10.7208/chicago/9780226041223.001.0001
https://doi.org/10.7208/chicago/9780226041223.001.0001
https://doi.org/10.2139/ssrn.%204116369
https://doi.org/10.2139/ssrn.%204116369
https://doi.org/%2010.1016/j%20.hrmr.2019.100698
https://doi.org/%2010.1016/j%20.hrmr.2019.100698
https://doi.org/10.2307/249008
https://doi.org/10.1207/S15327%20965PLI1104_01
https://doi.org/10.1207/S15327%20965PLI1104_01
https://doi.org/10.%201177/0162243920943665
https://doi.org/10.%201177/0162243920943665
https://doi.org/10.1145/2844110
https://doi.org/10.2139/ssrn.4516917
https://doi.org/%2010.2139/ssrn.3836348
https://doi.org/%2010.2139/ssrn.3836348
https://doi.org/10.2307/%202529310
https://doi.org/10.2307/%202529310
https://doi.org/10.4159/harvard.9780674061200
https://doi.org/10.4159/harvard.9780674061200


 
 
 

Communication in Physical Sciences, 2024, 11(4) :1157-1175 1174 
 

 

Owen, R., Macnaghten, P., and Stilgoe, J. 

(2012). Responsible research and 

innovation: From science in society to 

science for society, with society. 

Science and Public Policy, 39, 6, pp. 

751–760. https://doi.org/10.1093/s 

cipol/scs093 

Page, M. J., McKenzie, J. E., Bossuyt, P. 

M., Boutron, I., Hoffmann, T. C., 

Mulrow, C. D., … and Moher, D. 

(2021). The PRISMA 2020 statement: 

An updated guideline for reporting 

systematic reviews. BMJ, 372, n71. 

https://doi.org/10.1136/bmj.n71 

Raghavan, M., Barocas, S., Kleinberg, J., 

and Levy, K. (2020). Mitigating bias in 

algorithmic hiring: Evaluating claims 

and practices. Proceedings of the 2020 

Conference on Fairness, 

Accountability, and Transparency, pp. 

469–481. https://doi.org/10.1145/335 

1095.3372828 

Schultz, T. W. (1961). Investment in 

human capital. The American 

Economic Review, 51, 1, pp. 1–17. 

https://www.jstor.org/stable/1818907 

Sen, A. (1999). Development as Freedom. 

Oxford University Press. 

Strohmeier, S. (2020). Digital human 

resource management: A conceptual 

clarification. German Journal of 

Human Resource Management, 34, 3, 

pp. 345–365. https://doi.org/10.1177/2 

397002220921135 

Tambe, P., Cappelli, P., and Yakubovich, 

V. (2019). Artificial intelligence in 

human resources management: 

Challenges and a path forward. 

California Management Review, 61, 4, 

pp. 15–42. https://doi.org/10.1177/00 

08125619867910 

Thomas, J., and Harden, A. (2008). 

Methods for the thematic synthesis of 

qualitative research in systematic 

reviews. BMC Medical Research 

Methodology, 8, 1, pp. 45. 

https://doi.org/10.1186/1471-2288-8-

45 

United Nations. (2015). Transforming Our 

World: The 2030 Agenda for 

Sustainable Development. United 

Nations. 

VanLehn, K. (2011). The relative 

effectiveness of human tutoring, 

intelligent tutoring systems, and other 

tutoring systems. Educational 

Psychologist, 46, 4, pp. 197–221. 

https://doi.org/10.1080/00461520.201

1.611369 

Venkatesh, V., Morris, M. G., Davis, G. B., 

and Davis, F. D. (2003). User 

acceptance of information technology: 

Toward a unified view. MIS Quarterly, 

27, 3, pp. 425–478. https://doi.org/10.2 

307/30036540 

Ndibe, O. S. (2024). National Cyber 

Resilience Index: A Data-Driven 

Framework for Measuring 

Preparedness. Journal of 

Computational Analysis and 

Application, 33, 1A, pp. 729–750. 

Areghan, E., and Ndibe, O. S. (2024). 

Explainable AI for Autonomous Threat 

Detection in Critical Infrastructure 

Systems. Journal of Computational 

Analysis and Application, 33, 8, pp. 

6841–6857. 

Okolo, J. N. (2021). A systematic analysis 

of artificial intelligence and data 

science integration for proactive cyber 

defense. Communication in Physical 

Sciences, 7, 4, pp. 681–696. 

Sanni, S. (2024). A review on machine 

learning and artificial intelligence in 

procurement: Building resilient supply 

chains for climate and economic 

priorities. Communication in Physical 

Sciences, 11, 4, pp. 1099–1111. 

Sanni, S. (2023). A conceptual framework 

for integrating sustainability metrics 

into procurement and vendor 

management. International Journal of 

Multidisciplinary Research and 

Growth Evaluation, 4, 6, pp. 1312–

1321. https://doi.org/10.54660/IJMR 

GE.2023.4.6.1312-1321 

Ugwo, P., and Chikezie, C. (2024). 

Personalization and explainability in 

fintech products: Understanding how 

interface choices influence user 

https://doi.org/10.1093/s%20cipol/scs093
https://doi.org/10.1093/s%20cipol/scs093
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1145/335%201095.3372828
https://doi.org/10.1145/335%201095.3372828
https://www.jstor.org/stable/1818907
https://doi.org/10.1177/2%20397002220921135
https://doi.org/10.1177/2%20397002220921135
https://doi.org/10.1177/00%2008125619867910
https://doi.org/10.1177/00%2008125619867910
https://doi.org/10.1186/1471-2288-8-45
https://doi.org/10.1186/1471-2288-8-45
https://doi.org/10.1080/00461520.2011.611369
https://doi.org/10.1080/00461520.2011.611369
https://doi.org/10.2%20307/30036540
https://doi.org/10.2%20307/30036540
https://doi.org/10.54660/IJMR%20GE.2023.4.6.1312-1321
https://doi.org/10.54660/IJMR%20GE.2023.4.6.1312-1321


 
 
 

Communication in Physical Sciences, 2024, 11(4) :1157-1175 1175 
 

 

decisions. International Journal of 

Research in Management (IJRM), 6, 1, 

pp. 556–567. https://doi.org/10.33545/ 

26648792.2024.v6.i1f.568 

Ufomba, P. O., and Ndibe, O. S. (2023). 

IoT and network security: Researching 

network intrusion and security 

challenges in smart devices. 

Communication in Physical Sciences, 9, 

4, pp. 784–800. 

Samakinde, A. S., and Arohunmolase, V. B. 

(2024). A review of machine learning-

based geochemical signature analysis 

for mineral prospectivity mapping. 

Communication in Physical Sciences, 

13, 1, pp. 36–59. https://doi.org/10. 

4314/cps.v13i1.4 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Declaration 

Consent for publication  

Not Applicable  

Availability of data   

The publisher has the right to 

make the data public  

Ethical Considerations  

Not applicable 

Competing interest  

The authors report no conflict 

or competing interest  

Funding  

The authors declared no source 

of funding 

Author Contributions 

All components of the 

manuscript were handled by the 

author 

 

 

https://doi.org/10.33545/%2026648792.2024.v6.i1f.568
https://doi.org/10.33545/%2026648792.2024.v6.i1f.568
https://doi.org/10.%204314/cps.v13i1.4
https://doi.org/10.%204314/cps.v13i1.4

