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Abstract—Artificial intelligence (AI) is shifting the unit 

of workforce plan from the occupation to the task, in 

particular generative AI technologies and agentic 

systems are driving this transformation. This paper will 

explore if and how organisations can foresee shifts in 

demand for labor, skills, job design, productivity, 

worker experience and governance, and if and how they 

can mitigate the common pitfall of assuming technical 

exposure equals job loss. It builds on the workplace 

argument put forth by Wilson (2026) using a formal, 

structured mixed-evidence review of peer-reviewed 

studies and key institutional data sources published 

between 2019 and August 2026. quantitative data from 

the World Economic Forum (WEF), International 

Labour Organization (ILO), International Monetary 

Fund (IMF), OECD, Stanford AI Index, 

Microsoft/LinkedIn and PwC are contrasted with 

qualitative data on employee experience, algorithmic 

management, technostress, bias, employee privacy and 

human-AI collaboration. The synthesis concludes that 

there is a significant level of AI driven disruption but it 

is not even. By 2030, WEF estimates that 170 million 

jobs will be added, 92 million displaced and a net gain 

of 78 million jobs, and 39% of workers' core skills will 

transform. The ILO projects that about one quarter of 

jobs today are exposed to generative-AI, but the level of 

transformation is more likely than complete or rapid 

elimination, with only 3.3% of all jobs categorized as 

high exposure globally. Meanwhile, there is an 

acceleration in adoption, which has been moving 

rapidly, while skill requirements shift quickly and wage 

premiums reward AI skills. The key takeaway is that 

outcomes are not a given, they are a choice that is 

organizational, rather than technical. AI models are 

more likely to translate into productivity and job-

quality improvements when combined with task-level 

scenario planning, inclusive reskilling, internal 

mobility, employee voice and risk-based governance. 

We propose a six-stage Responsible Human–AI 

Workforce Planning Cycle to be 

implemented/evaluated. 

Index Terms—Artificial Intelligence; Generative AI, 

Workforce Planning, Future of Work, Job Redesign, 

Skills Forecasting, Reskilling; Human–AI 

Collaboration; Responsible AI, Algorithmic 

Management 

 

I. INTRODUCTION 

 

In today’s knowledge era, operations, customer 

service, healthcare, finance, education, 

manufacturing, public administration, and the 

creative economy are among the various fields where 

AI has become a layer of a generally usable 

technology. Although machine learning has been 

around a while for prediction and classification, the 

advent of generative AI since 2022 extended 

accessibility: The ability for workers to use natural-

language interfaces to generate text, code, images, 

analysis and summaries, and even workflow steps. 

Agentic systems also take this next step by breaking 

tasks into goals, employing tools, and orchestrating 

multi-step work. These systems are fast and readily 

available, and the result is more pressing and less 

certain workforce planning problem. 

Traditional workforce planning often involves 

matching future needs of the workforce to projected 

supply of people and skills. Often is dependent upon 

projections of numbers of people, retirement habits, 

employment pipelines and, for the most part, fairly 

predictable occupational ratios. AI reduces the 

validity of these assumptions as it can modify the 

time, skills, and coordination needed for each of the 

individual tasks but won't necessarily kill the 

occupation that supports them. Even if a financial 

analyst is required, more time may be freed up for 

interpretation, stakeholder input, and model 

validation, while less data preparation time may be 

utilized. A customer-service position can get fewer of 
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the common questions but more of the difficult, 

emotional or outstanding types of questions. In such 

situations, the changes that matter are submerged by 

a headcount reading. 

The attached source paper proposes by Wilson (2026) 

does rightly note the difference between automation 

and augmentation and offers a human-AI 

collaborative model. It also points out job-happiness 

insecurity, technostress, bias, privacy and the lasting 

significance of empathy and creativity. The current 

paper builds on this in four ways. Firstly, it makes the 

analysis go from a job level to a task/capabilities 

level. Second, it moves away from unchallengeable 

and informal claims of primary data, demanding 

instead a clear and audible method for secondary 

evidence. Third, it uses up-to-date international 

labour-market statistics and makes a distinction 

between actual and forecasted uses of the term 

adoption. Fourthly, it creates an actionable 

workforce-planning cycle including metrics, 

scenarios and governance controls. 

This paper aims to answer three key questions. To 

begin, what are some of the trends in the industry of 

AI application in workforce planning? Second, what 

are the difficulties facing organisations in managing 

the implementation of AI in human resource 

management? Thirdly, what opportunities does AI 

offer for creating a future-proof, agile and resilient 

workforce? The paper draws on academic literature, 

and collates data from industry surveys to answer 

these questions and, also, outlines a conceptual 

framework to help guide both practitioners and 

research. 

The rest of the paper is organized as follows: Section 

2 reviews the literature on AI and the future of work; 

section 3 presents the research methodology; data 

analysis is presented in section 4; results and findings 

are discussed in section 5 based on graphical 

evidences; section 6 concludes the paper and section 

7 outlines directions for future research. 

 
 

II. LITERATURE REVIEW 

 
 

2.1 AI as a General-Purpose Technology in Labour 

Markets 
 

Much of the literature on AI tends to view it as a 

general-purpose technology (GPT), that is, a 

technology that can change production processes in 

just about all sectors not just in the future, but in the 

present. A long line of pioneering research has 

suggested that implementing these technologies 

creates an initial shock to create a degree of 

disruption in the labour market, before gains in 

productivity diffuse more widely. This has been 

contextualised with subsequent studies concerning 

the impact of AI and robotics. 

Task-based models of automation make a distinction 

between the displacement effect, where machines 

take over human work in specific tasks, and the 

reinstatement effect, where new tasks and job 

categories establish that need the human dialogue 

with the AI systems. This displacement/reinstement 

mechanism has become insightfully predominant for 

the understanding of the overall employment impact 

of AI and dominates much of the debate addressed 

later in this review. 

 

2.2 Industry and Institutional Perspectives 

Industry and institutional perspectives 2.2 Industry 

and Institutional Perspectives Beyond academic 

economics there have been institutional and industry 

survey initiatives of employer sentiment and 

workforce strategy over time. The global reports on 

the labour market have been consistent in predicting 

that a considerable proportion of core attributes of 

jobs will evolve over the next five years; some of the 

fastest-growing jobs are in the areas of data and data-

collection analysis, AI-based supervisory functions, 

and jobs related to the green economy, whereas some 

of the slowest ones are clerical and routine 

administrative occupations. The productivity 

opportunities of generative AI have also been 

researched from a consultancy perspective which 

predicts that knowledge-work productivity could be 

upped by a lot, but acknowledges that 

implementation fees, workforce trust and 

organisational change-managements might be 

challenging. The Human Capital surveys of HR 

leaders say that reskilling and adaptability are key 

strategic priorities for most organizations, but HR 

leaders still express a lack of trust to implement AI-

driven workforce initiatives. 

 

2.3 Skills, Reskilling, and the Human-AI Division of 

Labour 

One of the main themes in books is that there is 

increasingly less demarcation between tasks done by 
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human and the AI system. The debates suggest that 

the comparative advantage of human workers lies 

more and more in other areas which will not be 

dominated by AI systems despite their acceleration, 

such as: social-emotional intelligence, ethical 

judgements, creativity, complex problem solving. 

This has led to the creation of an increasing body of 

opinion in favour of reskilling on a much larger scale, 

but empirical research on their effectiveness has been 

varied, with some research suggesting that reskilling 

funding and expense tend to be understated based on 

skills gap information. 

 

2.4 Ethical, Legal, and Governance Considerations 

There is a separate body of work on the ethical and 

regulatory aspects of AI on the job, such as 

algorithmic bias in hiring and performance 

evaluation, transparency requirements, and new 

regulations like the EU AI Act addressing high-risk 

AI systems in the workplace. This literature warns 

that when workforce planning systems are developed 

based on past information, there is a potential risk of 

continuing or exacerbating inequities unless planning 

systems are deliberately audited and overseen. 

 

2.5  Synthesis and Research Gap 

There are many macro-level projections and 

governance advice in the literature; less prevalent are 

applied models that make use of labour-economics 

projections, organisational survey data, and practical 

frameworks, and integrate them into a single applied 

tool for workforce planners. This paper seeks to fill 

that part of the gap at least in part by codifying these 

theories into a conceptual structure (Section 5) to be 

used by practitioners and academics. Table 1 shows 

the Summary of Key Literature Informing this Study. 

 

Table 1: Selected sources and their contribution to the study of AI and workforce planning. 

Study / Source Focus Area Key Contribution 

World Economic Forum, Future 

of Jobs Report (2023, 2025) 

Macro labour-market 

shifts 

Quantifies net job creation/displacement ratios and 

reskilling timelines across 45+ economies 

McKinsey Global Institute 

(2023) 

Automation potential 

by occupation 

Estimates task-level automation exposure and 

productivity upside of generative AI 

Brynjolfsson & McAfee (2014; 

updated analyses) 

Technology and labour 

economics 

Frames AI as a general-purpose technology 

reshaping the wage-skill distribution 

Deloitte Human Capital Trends 

(2022-2025) 

Organisational 

workforce strategy 

Surveys HR leaders on AI-enabled talent strategy 

maturity 

Autor (2015); Acemoglu & 

Restrepo (2019) 

Task displacement vs. 

reinstatement 

Develops the displacement-reinstatement framework 

for automation's net employment effect 

PwC AI Jobs Barometer (2023-

2024) 

Wage and productivity 

effects 

Finds wage premiums for AI-skilled workers across 

most sectors examined 

Bersin & Josh Bersin Company 

(2023) 

HR technology 

adoption 

Documents adoption patterns of AI in recruiting, 

L&D and workforce analytics platforms 

 

III. RESEARCH METHODOLOGY 

 

3.1 Research Design 

The research type of this study is descriptive - 

analytical with mixed methods. Academic and 

industry literature, among others, is qualitatively 

analysed via thematic analysis alongside secondary 

quantitative data analysis of studies regarding the use 

of AI in workforce planning. This design is suitable 

for the study's exploratory and synthesising goal 

because no primary data collection is needed but 

rather powerful methods of triangulation of existing 

evidence. Data Sources and Collection 

3.2  Data Sources and Collection 

The sources included in this data analysis were: (i) 

peer-reviewed academic journals in Labour 

Economics, Information systems and Human 

resource management; (ii) industry and institutional 

reports such as future of work and human capital 

surveys released across the globe; and (iii) publicly 

available statistical summaries on the state of AI 

adoption. As noted in the paper, any illustrative 

figures indicating general magnitude and direction  
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not available directly from the original survey data 

are created as such. 

 

3.3 Analytical Approach 

Using descriptive statistics (percentages, cumulative 

trends, comparative period analysis), quantitative 

data were analysed to gain patterns of labour-market 

impacts of AI, organisational challenges, and AI 

adoption. The analysis of qualitative literature was 

undertaken in a thematic approach and common 

themes of displacement and reinstatement, skill gaps, 

ethical governance and organisational readiness were 

coded and clustered to support the conceptual 

framework in Section 5. 

 

3.4 Scope and Limitations 

This study has limitations given that it draws on 

secondary data, and the nature of the AI field is fast-

shifting, with some statistics mentioned in this study 

possibly changing as newer waves of this survey are 

reported. The illustrative data are magnitudes that are 

used to construct the charts; they should not be 

interpreted as primary empirical data and should be 

viewed instead as approximate reported magnitudes; 

anyone interested in specific statistics should consult 

the citations of the original sources. 

Table 2: Overview of the research design, data sources, and analytical techniques used in this study 

Component Description 

Research design 
Descriptive-analytical mixed-methods design combining secondary quantitative data 

with qualitative thematic review 

Data sources 
Peer-reviewed journals, industry reports (WEF, McKinsey, Deloitte, PwC), and 

publicly available survey datasets on AI adoption in HR/workforce functions 

Sampling frame 

(secondary survey data) 

Aggregated multi-industry samples reported in cited industry surveys (illustrative 

figures used in this paper for pedagogical visualisation) 

Data analysis technique 
Descriptive statistics, comparative trend analysis, thematic coding of qualitative 

literature 

Tools used Spreadsheet-based tabulation and Python (matplotlib) for chart generation 

Limitations 
Reliance on secondary data; rapidly evolving AI landscape may outpace published 

statistics; illustrative figures approximate rather than replicate primary survey results 

 

IV. DATA ANALYSIS 

 

This section offers a summary analysis of the 

quantitative indicators covered in this study, using 

the sources and representative data given in Section 

3. One three indicators groups are analysed: (i) AI 

adoption rates in workforce planning by industry; (ii) 

projected cumulative job displacement versus job 

creation; and (iii) organisation challenges and 

reskilling invest-ment patterns. 

 

4.1  Adoption Trend Analysis 

On average, the percentage of blockchain adoption in 

workforce planning activities went up over four 

years, and was more than doubled from around 21% 

in 2021 to around 49% in 2025 across the 7 industries 

studied. The IT and software industry always leads 

the pack, and not only is it technically ready but it's 

often where AI talent is concentrated – while 

healthcare and education trail behind, perhaps 

because they are so regulated and have less money to 

invest – and therefore less able to attract talent – than 

other industries. 

 

4.2 Displacement–Creation Trend Analysis 

Projected cumulative aggregate numbers indicate that 

the creation of jobs linked to AI-enabled roles 

slightly exceeds the displacement from 2026 onward, 

although the numbers are rather modest, supporting 

the reinstatement-effect as presented in Section 2. 

However, it also assumes that the reskilling will be 

fast and successful, as explored in more detail in 

Section 5. 

 

4.3 Challenges and Reskilling Investment 

Lack of AI skills, data literacy, and employee 

resistance to change and issues surrounding ethics 

and bias are the top three organisational challenges  
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identified. Similarly, reskilling investments are 

shifting towards data and AI literacy, but a 

substantial percentage remains focused on uniquely 

human skills like leadership and empathy, 

acknowledging that investing in AI doesn't mean 

losing out on reskilling humans. 

Table 3: Summary of key indicators analysed in this study (illustrative figures constructed from cited literature 

trends). 

Indicator 2021 2025 % Change 

Average AI adoption in workforce planning (7-

industry mean) 
21.4% 49.4% +28.0 pp 

Cumulative jobs displaced (illustrative, millions) 3 15 (proj.) +400% 

Cumulative jobs created (illustrative, millions) 2 14 (proj.) +600% 

HR leaders citing skills gap as top challenge — 68% — 

Share of L&D budget on data/AI literacy — 30% — 

 

 

 

 

 

 

V. RESULTS AND FINDINGS 

 

This section presents the study's principal findings, 

supported by graphical visualisations constructed 

from the illustrative datasets described in Section 3. 

Finding 1: Adoption is Accelerating but Uneven across Sectors 

 
Figure 1: Adoption of AI in workforce planning by industry, 2021 vs 2025 (illustrative) 

 

While Figure 1 reveals that all the industries studied 

at least doubled their rate of AI adoption for 

workforce planning activities between 2021 and 

2025, it is notable that a significant gap was observed 

between the highly tech-driven industries 

(IT/technology and banking) and the more traditional 

ones (education, healthcare). This indicates that 

sector specific barriers such as regulatory restrictions, 
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the availability of capital, and the composition of the 

workforce, can moderate how fast AI is integrated, 

regardless of its overall availability. 

5.1 Finding 2: Job Creation Is Projected to Outpace Displacement, but the Margin Is Narrow 

 
Figure 2: Projected cumulative global job displacement vs job creation due to AI, 2023-2030 (illustrative) 

 

Figure 2 shows a net positive employment impact of 

AI from 2023 to 2030, which is similar to past 

general purpose technology transition experiences. 

Projected difference between creation and 

displacement are, however, in the early years of the 

period rather close, suggesting a period of labour-

market turbulence and betterment before the net gain 

becomes apparent with obvious relevance for the 

sequence of labour policy interventions. 

5.2 Finding 3: Skills Gaps Are the Dominant Organisational Barrier 

 
Figure 3: Top workforce planning challenges in AI adoption (illustrative survey data) 
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Figure 3 demonstrates that problems with AI and data 

literacy are the top challenges facing HR 

professionals in effective planning for AI support in 

their work, outpacing other obstacles, such as cost or 

ethical issues. This finding highlights an important 

cross-sectoral dimension of reskilling strategy as 

mentioned in Section 2.3 and indicates that the 

procurement of technologies cannot be done without 

investing in the capability of the workforce. 

5.3 Finding 4: Reskilling Investment Is Shifting Toward Data and AI Literacy, but Human Skills Retain Significant 

Share 

 
Figure 4: Reskilling investment by skill category (illustrative, % of learning and development budget) 

 

That's why according to Figure 4, data and AI 

literacy has become the most prominent individual 

component of reskilling budgets, followed closely by 

critical thinking and problem-solving. Interestingly, 

human-centric skills like empathy or leadership still 

have a significant proportion of the budget, 

suggesting that organisations aren't seeing AI literacy 

or human-centric skills as mutually exclusive 

investments but rather as complementary ones. 

 

5.4 A Conceptual Framework for AI-Driven 

Workforce Planning 

Based on the findings from the literature search and 

the data analysis, this research suggests a conceptual 

framework (Figure 5) that conceptualises force 

planning using AI as an iterative process. Four types 

of input are provided to a central AI-powered 

planning engine for predictive analytics, skills-gap 

modelling and scenario simulation: workforce data, 

labour-market intelligence, business strategy, and 

ethical and regulatory guardrails. There are 4 

workforce outcomes communicated by this engine—

talent acquisition and deployment, reskilling and 

upskilling, organisational redesign, and succession 

and career pathing. Importantly, the framework 

emphasizes a loop of continuously monitored and 

retrained systems; static, one-off artificial 

intelligence systems have proven to be less effective 

than those that, instead, are continuously monitored 

and retrained. 
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Figure 5: Conceptual framework for AI-driven workforce planning, synthesised from the literature and data analysis 

in this study. 

 

This framework helpfully introduces a set of 

governance guardrails as a "first-class citizen" input 

instead of as a "second-class citizen" one, thereby 

tackling the ethical issues highlighted in Section 2.4. 

 

VI. CONCLUSION 

 

In this paper, we aimed to analyze the evolving 

trends, challenges, and opportunities of AI in 

workforce planning. The evidence surveyed shows 

that the impact of AI on this sector has been growing 

much faster in recent years, albeit at varying speeds 

across industries, and that the overall long-term 

employment consequences are likely to be positive, 

as they have been for previous broad-based 

technology shifts, if organisations invest sufficiently 

in reskilling and adaptive organisational design. The 

key challenges to deploying AI for workforce 

planning are not so much technological capacity but 

organizational readiness with the current workforce 

already facing a gap in AI literacy and data literacy 

skills. Although less often mentioned as one of the 

top three obstacles, ethical governance is equally 

crucial: workforce planning systems tend to be at risk 

when they are not explicitly audited for bias, as this 

can lead to a breach of fairness and a loss in trust for 

the organization. This paper proposes a conceptual 

framework organising the data inputs, AI planning 

engine, workforce results, and iterative feedback loop 

to serve as a guide for practitioners to consider how 

AI-powered workforce planning can be an 

organizational capability. Companies that embrace 

this governance-focused, incremental strategy are 

best equipped to transform the transformative 

promise of AI into a sustainable advantage in HCM 

strategy. 

 

VII. FUTURE SCOPE 

 

Based on the findings and limitations of this research, 

there are some directions that are worth further 

attention in research: 

a) Future studies: future studies are recommended to 

collect primary survey or interview data to 

validate and modify the illustrative trends 

mentioned in this study to generate 

organisationspecific evidence from HR leaders 

and employees. 



© August 2026 | IJIRT | Volume 13 Issue 3 | ISSN: 2349-6002 

IJIRT 207859 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3110 

b) Longitudinal tracking: longitudinal studies—

following the same group of organisations over a 

number of years—would complement, if not 

enhance, causal claims regarding the employment 

impacts of AI as the uses of AI and its capabilities 

continue to grow and change quickly. 

c) Sector-specific deep dives: The research should be 

deepened for sector-specific barriers as described 

in 5.1 in the future, in particular in healthcare and 

education which are very regulated sectors. 

d) Reskilling program effectiveness: More empirical 

analysis should be undertaken to assess the 

effectiveness of which design of reskilling 

programs best helps address the identified skills 

gap in this study, including comparative studies of 

employer-led reskilling programs with 

government-led programs. 

e) Algorithmic governance and fairness auditing: 

Future studies and research should take the 

concept of the governance dimension of the 

proposed framework one step further by 

developing and empirical testing standardised 

auditing methodologies for AI systems used in 

workforce planning. 

f) Employee experience and psychological impact: 

There is a need for understanding the impact of 

AI-driven workforce planning on psychological 

safety, engagement, and trust among employees, 

which extends beyond merely understanding the 

impact at an organizational level as most of the 

existing literature currently does. 

g) Cross-national regulatory comparison: With the 

various regulatory approaches taken by 

jurisdictions, it would be beneficial to have a 

comparative study of impacts of regulatory 

differences on practice of workforce planning for 

multinationals. 
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