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Abstract 

This study examines how Artificial Intelligence (AI) is reshaping Human Resources (HR) with a specific lens on 

sustainability—people, planet, and profit—while addressing organisational realities such as declining cohesion, 

misallocation of human capital, weak performance oversight, role concentration, blurred professional boundaries, and 

the complexities of remote/hybrid work. A mixed-methods approach used (i) a survey (n=41) comprising 15 Likert-

type items across awareness, adoption, sustainability, and AI–sustainability integration; and (ii) qualitative inputs 

derived from an interview transcript focused on AI-enabled hiring at scale, bias, and explainability. The sample is 

predominantly 18–25 (83%), with female (59%) and sectors skewed to Education (32%) and Services (29%), 

indicating perspectives shaped more by awareness and aspiration than long tenure in large enterprises. 

Results show an awareness–adoption gap (Awareness agree=54% vs Adoption agree=39%). Despite moderate 

adoption, respondents express high confidence in benefits—AI reduces bias (74% agree) and improves 

productivity/engagement (68% agree). Sustainability appears valued—high perceived emphasis on inclusion and well-

being—yet measurement/reporting of sustainability metrics is underdeveloped. Respondents view AI as an enabler for 

tracking HR sustainability KPIs and aligning with ESG, but operational waste reduction and challenge-management 

are perceived as mixed due to implementation and governance barriers. 

We propose an AI-Powered Sustainable HR Model linking predictive analytics, NLP, ML, chatbots, and RPA to HR 

functions (talent acquisition, engagement, performance, L&D, and workforce planning), optimised across 

sustainability pillars (People–Planet–Profit) and measured via KPIs (satisfaction, diversity ratios, carbon reduction, 

retention, ESG scores). Practically, organisations should pair pilot-led adoption with robust governance (bias audits, 

explainability, privacy), capability building, and remote-work equity policies. Overall, AI in HR can deliver sustainable 

value when embedded within transparent, human-centred operating models. 

Motivation / Rationale 

Organisations report: 

 

● Declining cohesion & team synergy from limited cross-team rituals and bonding. 

● Underutilised human capital due to weak collaboration structures. 

● Deficient performance oversight, undermining strategic execution. 

● Role concentration—too many responsibilities with too few people. 

● Blurring of professional boundaries via personal influence on decisions. 

● Remote/hybrid frictions (fairness, culture, accountability without surveillance creep). 

 

AI offers a credible path to measure, standardise, and scale HR processes—particularly hiring, engagement, and 

performance—while enabling sustainability (reduced travel, paperless HR, efficient operations). The paper 

investigates how far current organisations have progressed and what it takes to close the gap. 

 

 



                        International Scientific Journal of Engineering and Management (ISJEM)                                               ISSN: 2583-6129 
                              Special Edition: Volume: 04 ESEH – 2025                                                                                                                  DOI: 10.55041/ISJEM.ESEH012                                                                                                                                         
                             An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata        
 

© 2025, ISJEM (All Rights Reserved)     | www.isjem.com                                                                          |        Page 71 
 

Introduction 

1) Background (Historical context, definitions, key terms) 

● AI in HR: use of ML/NLP/chatbots/RPA to support talent acquisition, performance management, 

engagement, L&D, and workforce planning. 

● Sustainability in HR: embedding People (well-being, DEI), Planet (eco-friendly processes), Profit 

(productivity, cost efficiency). 

● ESG: Environmental, Social, and Governance metrics guiding responsible operations. 

● Awareness–Adoption Gap: common in emerging tech where perceived benefits outpace real 

implementation. 

● Explainable AI (XAI) and Bias Audits: methods to detect and mitigate unfair outcomes, crucial for 

HR use-cases (hiring/promotion). 

 

2) Existing Evidence (brief literature posture) 

Industry experiences point to strong process efficiencies (e.g., parallelised interviews, automated screening), candidate 

convenience, and paperless workflows. Yet, concerns persist around algorithmic bias, black-box decisions, and 

fairness across regions and demographics. Adoption often leads to change perception, while governance and 

measurement lag. 

 

3) Research Gap 

● Limited measurement and consistent reporting of sustainability KPIs in HR. 

● Weak operationalisation of AI governance (bias audits, explainability, remote-work equity). 

● Sparse evidence translating optimism into institutionalized practices in Education/Services sectors. 

 

4) Objective 

1. Quantify awareness, adoption, and perceived benefits of AI in HR. 

2. Assess sustainability practices and the degree to which AI enables them. 

3. Identify gaps in measurement/reporting and governance. 

4. Propose an operational model and action plan to close the awareness–adoption gap responsibly. 

5) Scope 

● Population: 41 respondents; youth-majority, Education/Services heavy. 

● Focus: HR processes with sustainability implications; hiring as the anchor use-case. 

● Constraints: sample size, sector skew, self-reporting (perception bias), absence of raw respondent-level data. 

 

 

Materials and Methods 

1) Materials 

● Survey instrument with 15 items (Q1–Q15) across: 

 

○ Section 1: AI Awareness & Adoption (Q1–Q5) 
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○ Section 2: Sustainability in HR (Q6–Q10) 

○ Section 3: AI–Sustainability Integration (Q11–Q15) 

 

● Qualitative source: Interview transcript focusing on AI-mediated hiring, scale, cost/time compression, 

and bias/explainability realities. 

 

 

2) Procedure 

● Administered a structured survey (5-point Likert). 

● Collated demographics (age, gender, sector). 

● Computed aggregate % distributions by response band for key items where available. 

● Interpreted qualitative statements to contextualise survey trends (e.g., bias in cross-regional hiring). 

 

3) Tools and Analysis Reliability 

● Descriptive analysis implemented via Python (pandas/matplotlib). 

● Given only aggregated percentages (no raw responses), inferential tests and reliability indices (e.g., 

Cronbach’s alpha) were out of scope. 

● Credibility strengthened through method triangulation (survey + interview). 

● Visualisations prepared for clarity and reproducibility. 

 

 

The data/figures: 

 

● Demographics & results charts: 

 

 

○ Figure 1 – Age 
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○ Figure 2 – Gender 

 

 

 

○ Figure 3 – Sector 
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○ Figure 4 – Section 1 stacked bars 

 

○ Figure 5 – Awareness vs Adoption vs Benefits 

 

 

● Summary CSV 

 

 

Results & Discussion 

 

1) Sample Demographics 

● Age: 18–25 (83%), 26–35 (2%), 36–45 (2%), 46–55 (12%) (Fig. 1). 
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○ Interpretation: Responses likely reflect awareness and aspiration more than decades of organisational 

tenure. 

 

● Gender: Female 59%, Male 41% (Fig. 2). 

 

○ Interpretation: Slight female majority may favour well-being and inclusion priorities in perceptions. 

 

● Sector: Education (32%), Services (29%), IT/Tech (17%), Manufacturing (7%), Other 

(15%) (Fig. 3). 

 

○ Interpretation: Education/Services dominance may emphasise policy/perception over heavy enterprise 

AI deployments; IT subgroup likely more adoption-aware. 

 

2) Section 1 – AI Awareness & Adoption (Q1–Q5) 

● Q1 Awareness: 54% agree; Q2 Adoption: 39% agree. 

 

● Q4 Bias Reduction: 74% agree; Q5 Productivity/Engagement: 68% agree. 

 

● Q3 Decision-making: not reported. 

Discussion: 

A clear awareness–adoption gap persists (Fig. 4 & 5). Despite moderate adoption, perceived benefits are high—

especially on fairness (bias reduction) and productivity/engagement. The large neutral bands (e.g., 37% neutral for 

adoption) suggest uncertainty and training needs among early-career respondents and sectors with limited hands-on AI 

use. 

 

3) Section 2 – Sustainability in HR (Q6–Q10) 

● Integration of sustainability goals (Q6): Mixed—policies exist but execution varies. 

 

● Environmental contribution (Q7): Mostly high—paperless and digital-first processes perceived. 

 

● D&I (Q8) and Well-being (Q9): Consistently high—strong people pillar. 

 

● Sustainability metrics (Q10): Lower—monitoring/reporting gap. 

 

 

Discussion: 

Organisations value sustainability but struggle with instrumentation—turning intent into measurable KPIs and 

recurring dashboards. This limits accountability and continuous improvement. 

 

4) Section 3 – AI–Sustainability Integration (Q11–Q15) 

● AI tracking KPIs (Q11): High confidence. 

 

● Operational waste reduction (Q12): Mixed—benefits likely context-dependent (e.g., travel reduction vs. 
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compute energy). 

 

● Retention & ESG alignment (Q13): Mostly positive. 

 

● AI vs traditional methods (Q14): High confidence in superiority. 

 

● Challenge management (Q15): Moderate—respondents anticipate barriers in change management, governance, 

and skills. 

 

Discussion: 

Respondents view AI as an enabler for sustainable HR, but success depends on governance (bias audits, explainability, 

data privacy/security) and capability building (analytics literacy, process redesign). Without these, benefits are uneven 

and adoption stalls. 

 

5) Cross-Sectional Insights (Synthesising survey + interview) 

● Scale & Efficiency: AI compresses multi-month hiring cycles into parallelised assessments, improving 

candidate convenience. 

 

● Bias & Explainability: Real risk of algorithmic bias (e.g., cross-regional preferences) and black-box decisions; 

requires structured audits and transparent rationales for acceptability. 

 

● Sustainability: Reduced travel/logistics in hiring and HR ops supports planet outcomes; people outcomes 

depend on equitable, human-centred policies. 

 

● Remote/Hybrid: Need productivity tracking without surveillance creep, cultural cohesion mechanisms, and 

promotion fairness for remote workers. 

 

● Organisational Health: AI can expose and mitigate role concentration, weak oversight, and boundary blurring 

by standardising process, visibility, and accountability—provided governance is sound. 

 

 

 

Conclusion 

1) Restated Objective 

Assess AI awareness/adoption, sustainability posture, and AI–sustainability integration in HR; identify gaps; 

propose an operational model. 

 

2) Key Findings 

● Awareness–Adoption Gap: 54% aware vs 39% adopting; optimism about benefits persists (bias reduction 

74%, productivity 68%). 

● Sustainability Intent > Measurement: Inclusion and well-being strong; 

metrics/reporting weak. 

● AI as Enabler: Strong belief in AI for KPI tracking and ESG alignment; operational waste reduction 
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mixed. 

● Governance Imperative: Bias risks and black-box decisions necessitate explainability and audits. 

● Organisational Realities: AI can counter declining cohesion and oversight when paired with human-

centred practices. 

 

 

3) Implications 

● For HR Leaders: Treat AI as a programme, not a tool—governance, training, and change management are 

decisive. 

● For Sustainability Officers: Embed HR KPIs into ESG dashboards; quantify people and planet outcomes. 

● For CIO/CTO: Prioritise privacy, security, explainability; ensure responsible data pipelines. 

● For Employees: Expect role shifts up the value chain; focus on collaboration, empathy, and complex 

problem-solving. 

 

 

4) Recommendations for Future Work 

1. Bridge Awareness→Adoption: 

○ Targeted training; pilot in recruitment, bias audits, and engagement analytics. 

 

2. Governance & Fairness: 

○ Bias testing (pre/post-deployment), explainability requirements, appeals process for candidates. 

○ Clear policies to separate personal influence from professional decisions. 

 

3. Sustainability Metrics: 

○ Define HR KPIs: diversity ratios, satisfaction, retention, carbon reduction, ESG scores; review 

quarterly. 

 

4. Remote/Hybrid Equity: 

○ Promotion fairness checks, opt-in productivity telemetry with privacy guardrails, rituals for 

culture/cohesion. 

 

5. Structural Health: 

○ Address role concentration; implement span-of-control and workload visibility dashboards. 

 

6. Data for Rigor: 

○ Collect respondent-level data for reliability (e.g., Cronbach’s α) and inferential analyses across 

gender/sector/age. 

 

 

Conceptual Framework (Humanised Summary) 

AI Technologies → HR Functions → Sustainability Pillars → KPIs → Outcomes 

 

● Technologies: Predictive analytics, NLP, ML, chatbots, RPA 

● HR Functions: Talent acquisition/onboarding, engagement/retention, performance, L&D, workforce 
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planning 

● Pillars: People (DEI, well-being), Planet (paperless, reduced travel), Profit (productivity, cost) 

● KPIs: Satisfaction, diversity ratios, carbon reduction, retention, ESG scores 

● Outcomes: Agile, ethical, resilient organisations 
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