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Abstract 

The future of work is being rapidly reshaped by technological advancements, particularly the 

integration of Artificial Intelligence (AI) in workforce planning and skill forecasting. As 

industries evolve and new job roles emerge, the demand for specific skill sets becomes more 

dynamic and harder to predict using traditional methods. This study investigates how AI-driven 

models can accurately predict future skill demands across various industries and assesses their 

practical usefulness in recruitment, employee training, and strategic workforce planning. A 

descriptive research design was adopted, using both primary data from 300 industry 

professionals and secondary data from reports, academic articles, and market studies. Key 

findings indicate that AI tools are perceived as effective in improving hiring accuracy, 

identifying training needs, and aligning workforce capabilities with future business demands. 

Moreover, the accuracy of AI predictions is significantly influenced by the quality and diversity 

of data sources used, including job portals, internal HR databases, and real-time labour market 

trends. Despite the promising outcomes, the study highlights gaps in AI adoption, particularly 

among non-tech sectors, and underscores the need for proper training of HR professionals. The 

research concludes that AI holds transformative potential in managing future workforce 

challenges, provided that models are updated regularly, ethical considerations are addressed, 

and data usage is optimised. The study contributes to existing literature by bridging the gap 

between AI capability and practical workforce application, and offers actionable suggestions 

for broader, more effective AI integration across industries. 

Keywords: Artificial Intelligence, Workforce Planning, Skill Demand Prediction, Labour 

Market Analytics and Human Resource Technology 

 

Introduction  

The way we work is changing dramatically, and much of this shift is being driven by 

technology- especially Artificial Intelligence (AI). As companies increasingly adopt digital 

tools and automation, the nature of jobs is evolving. Many traditional roles are being 

Journal of Electronics and Information Technology(1009-5896) || Volume 25 Issue 9 2025

©Scopus/Elsevier Page No: 146 Journaleit.org



2 

restructured or phased out, while entirely new ones are emerging. In this fast-changing 

landscape, figuring out which skills will be in demand has become more complicated but also 

more important than ever. That’s where AI steps in. It's proving to be a powerful tool for 

workforce planning and forecasting future skill needs. With its ability to analyse large volumes 

of data, AI can offer valuable insights that help businesses, governments, and educational 

institutions prepare for what’s coming. Over the last few years, AI has been used to dig deep 

into data from job portals, resumes, education systems, and industry trends. This has made it 

possible to understand not just current demands but also how the job market is likely to change. 

Unlike older forecasting methods that often lag behind real-time trends, AI-powered tools can 

adapt quickly. By using technologies like machine learning, natural language processing, and 

big data analytics, AI can spot patterns and make accurate predictions about future employment 

and skill needs (Manyika et al., 2017). For a country like India, where a large number of young 

people are entering the workforce every year, these insights are especially crucial. But the 

challenges are real: there are gaps between what job seekers are learning and what employers 

need, many training programs are outdated, and there are significant differences in employment 

opportunities across regions. Another dimension of challenges includes the work-life balance 

as mentioned by (Ratnesh et al., 2019) that approaches to work and life theories have 

increasingly been studied based on changing demographics and their impact on work-family 

life balance and well-being of individuals. 

AI can help address these issues. By identifying which skills are in demand and where gaps 

exist, it allows training providers to design better courses and helps young people make more 

informed career choices (NASSCOM, 2021). In short, AI can be a guide in aligning education 

with employment. For businesses, AI-driven workforce planning means smarter hiring and 

better employee management. Companies can use AI tools to spot skill gaps in their teams, 

plan ahead for recruitment, and invest in training where it matters most. These tools can also 

forecast future trends—like the rising importance of sustainability-related roles or digital 

skills—helping organisations stay ahead of the curve (Bessen, 2019). 

Governments can also benefit enormously. AI models can guide labour policies by identifying 

which sectors are growing, which ones may lose jobs due to automation, and what kinds of 

training will be needed to support affected workers. With this data-driven approach, 

policymakers can design targeted programs that boost employment, reduce inequality, and 

promote balanced economic growth (OECD, 2021). Colleges, universities, and vocational 

institutes stand to gain a lot as well. By working with industry and using AI-generated forecasts, 

they can update their courses to better match market demands. This ensures that students 
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graduate with skills that are not only useful today but also relevant for the future. In the realm 

of employment, Gen Z exhibits distinct preferences shaped by their digital nativity and socio-

economic experiences. Contrary to traditional pathways, a significant portion of this generation 

is gravitating towards skilled trades over conventional college degrees (Halder et al., 2025). AI 

can also help develop smarter career guidance systems that suggest personalised career paths 

based on a student’s strengths and current job market needs (World Economic Forum, 2020). 

Of course, using AI isn’t without its challenges. One major hurdle is getting access to reliable 

and current data—something that isn’t always available, especially in developing regions. AI 

models can also unintentionally reflect biases in the data they’re trained on, which can lead to 

unfair predictions. And as always, issues like data privacy, job displacement due to automation, 

and ethical use of technology need careful attention (Brynjolfsson & McAfee, 2014). Despite 

these challenges, the potential of AI to reshape how we understand the labour market is 

enormous. With the right safeguards and policies, AI can help all stakeholders—businesses, 

educators, governments, and workers—prepare for a future that’s already knocking on our door. 

It can support smoother job transitions; help reduce skill mismatches and build a workforce 

that’s resilient and ready for change. AI isn't just a tech trend—it’s becoming a critical partner 

in decision-making. As we navigate the future of work, its role in skill forecasting and 

workforce planning will only grow. In today’s rapidly changing job market, the ability to 

predict future skill needs is essential—and AI is helping us do just that. By offering clearer, 

faster, and more precise insights, it enables smarter decisions at every level. For India, with its 

vast and youthful workforce, leveraging AI can lead to more effective education, better 

employment outcomes, and more inclusive economic growth. Moving forward, it’s vital for 

government, industry, and academia to collaborate closely, ensuring that AI is used responsibly, 

ethically, and effectively. By doing so, we can build a labour market that’s not just ready for 

the future—but one that thrives in it. 

Literature Review: The Role of AI in Workforce Planning and Skill Forecasting 

Over the past decade, the application of Artificial Intelligence (AI) in workforce planning and 

predicting skill demand has seen remarkable growth. Researchers and industry experts alike 

have emphasized how AI-driven models are reshaping labour market insights, especially in 

today’s fast-changing and unpredictable economy. 

One of the earliest voices in this space, Brynjolfsson and McAfee (2014), explored how digital 

technologies—including AI—are transforming the world of work. They acknowledged that 

while automation may lead to job displacement, it also opens up new roles. Their key insight 
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was that the real challenge lies not just in automation, but in identifying which new skills will 

be needed. Their work laid the groundwork for using AI to bridge these emerging skill gaps. 

Building on this, Chui, Manyika, and Miremadi (2016) observed that AI could potentially 

automate almost half of all work activities across industries. However, instead of viewing AI 

purely as a job-replacing force, they highlighted its value in helping businesses make smarter 

workforce decisions. By crunching large volumes of data, AI can uncover employment trends 

that might not be visible through traditional analysis. They emphasized the importance of 

blending machine intelligence with human judgment for the best outcomes. 

Focusing more on industry impact, Bessen (2019) studied how AI is changing skill needs across 

different sectors. His findings revealed a rising demand for both technical skills (like data 

analysis) and soft skills (such as adaptability and communication). He stressed that AI-based 

predictive models are vital for helping companies make well-rounded hiring and training 

decisions that meet these shifting demands. 

The OECD (2021) echoed similar sentiments, highlighting how AI can help policymakers 

track emerging skill requirements and declining job roles. Their research underscored the need 

for data-informed education and employment strategies, especially in developing countries like 

India. With the right insights, governments can craft better programs to prepare their citizens 

for the future of work. 

According to the World Economic Forum (2020) in The Future of Jobs Report, technology-

driven roles—such as AI specialists, data analysts, and cloud computing professionals—are 

growing rapidly. At the same time, traditional administrative roles are declining. This trend 

clearly points to the need for continuous reskilling, and AI-powered tools can play a crucial 

role in guiding these efforts in real time. 

A more hands-on example comes from Djumalieva and Sleeman (2018), who used machine 

learning to analyze job ads in the UK. Their study showed that AI can detect subtle shifts in 

required skills long before they become mainstream, outperforming older methods of labour 

market analysis. 

Looking closer to home, NASSCOM (2021) reported that the Indian IT industry is already 

using AI to anticipate hiring needs. With the help of AI and data analytics, companies can spot 

trends in employee turnover, hiring patterns, and upskilling needs. This practice can be scaled 

to other industries, provided there is strong digital infrastructure in place. The work of Halder, 

S.R. and Mukherjee, A. (2024) also mentioned that AI can streamline interview scheduling 

and assist in conducting initial interviews through natural language processing (NLP)-powered 
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chatbots, making the recruitment process more efficient (Upadhyay & Khandelwal, 2019). 

While AI’s application in recruitment is seen as a significant step forward, concerns have also 

been raised regarding the potential for AI to perpetuate biases embedded in historical data. 

Taking a broader view, Susskind (2020) argued that AI doesn’t just change what people do at 

work—it also transforms how work is structured. With more people working remotely or 

freelancing, workforce planning models need to account for these structural shifts, not just 

focus on job titles or qualifications. 

The LinkedIn Emerging Jobs Report (2020) offers another practical application. By 

analyzing real-time data from millions of user profiles and job listings, LinkedIn was able to 

pinpoint the fastest-growing job roles and their associated skill sets. Educational institutes and 

governments are now leveraging these insights to reshape training programs to match the 

evolving market. 

Finally, Arntz, Gregory, and Zierahn (2016) raised a cautionary flag about earlier studies that 

predicted mass job losses from automation. Their work showed that many tasks within jobs are 

difficult to automate, and thus, predictions must be made at the task level—not just the job 

level. Their study reinforced the need for AI models that dig deeper to produce more accurate 

and realistic forecasts. 

Research Gap 

While several studies have explored the impact of AI on job automation and skill shifts, limited 

research focuses specifically on developing AI models that accurately predict future skill 

demand across various industries. Moreover, the practical effectiveness of AI tools in 

workforce planning—such as recruitment and training—remains underexplored in real-world 

settings. There is also a lack of clarity on which data sources most significantly enhance the 

precision of AI-driven labour market predictions. These gaps align closely with the current 

study’s objectives. 

Research Methodology  

Research Problem Statement 

In today’s rapidly evolving job market, organisations face difficulties in identifying future skill 

needs and planning their workforce accordingly. While AI offers promising tools to predict 

skill demand, there is still limited evidence on the accuracy of such models, their practical 

usefulness for workforce planning, and the role of various data sources in improving 

predictions. This research aims to address these gaps by examining how AI-driven models can 

help industries plan better for future talent needs. 

Research Objectives 
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1. To develop AI models that can accurately predict future demand for job skills in 

different industries. 

2. To evaluate the usefulness of AI tools in helping organisations with workforce planning, 

including hiring and employee training. 

3. To identify the most important data sources that improve the accuracy of AI-based 

predictions in the labour market. 

Research Design 

The study follows a descriptive research design. This design is suitable for obtaining current, 

factual information and understanding opinions, practices, and preferences regarding AI use in 

workforce planning. 

Data Collection Methods 

• Primary Data: Collected using a survey method through a structured questionnaire 

distributed among working professionals, HR managers, and decision-makers across 

industries. 

• Secondary Data: Collected from reliable articles, research papers, industry reports, 

and websites related to AI in the labour market and workforce planning. 

Sampling Plan 

• Sampling Method: Non-probabilistic convenience sampling was used, where 

participants were selected based on their easy accessibility and willingness to respond. 

• Sample Size: A total of 300 respondents participated in the study. 

• Target Audience: Professionals from HR departments, industry experts, recruiters, and 

employees from various industries who have knowledge or experience related to 

workforce planning and AI integration. 

Variables of the Study 

• Independent Variables: 

o Availability of AI tools, Type and quality of data sources, Industry type 

• Dependent Variables: 

o Accuracy of skill demand prediction, Effectiveness in workforce planning, 

Decision-making in hiring and training 

Statistical Tools Used 

• Frequency Analysis: To understand the basic demographic profile of respondents and 

their general responses. 

• Descriptive Statistics: To analyse trends, averages, and variations in the responses and 

assess relationships among variables. 
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Hypotheses of the Study 

Hypothesis 1 

• Null (H₀): There is no significant relationship between the use of AI models and the 

accuracy of predicting future skill demand. 

• Alternative (H₁): There is a significant relationship between the use of AI models and 

the accuracy of predicting future skill demand. 

Hypothesis 2 

• Null (H₀): AI tools do not significantly support workforce planning activities like hiring 

and employee training. 

• Alternative (H₁): AI tools significantly support workforce planning activities like hiring 

and employee training. 

Hypothesis 3 

• Null (H₀): The type of data sources used does not have a significant effect on the accuracy 

of AI-based predictions in the labour market. 

• Alternative (H₁): The type of data sources used has a significant effect on the accuracy of 

AI-based predictions in the labour market. 

Data Analysis & Interperation: 

Table No. 1 Age Group 

Age Group Frequency Percentage (%) 

Below 25 60 20.00% 

25–35 120 40.00% 

36–45 70 23.33% 

46–55 30 10.00% 

Above 55 20 6.67% 

Total 300 100% 
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The 25–35 age group is the largest at 40%, 

followed by 36–45 at 23.33%, indicating most 

respondents are mid-career professionals. The 

below 25 group represents 20%, showing 

early-career views are included. The smallest 

group is above 55 at 6.67%, with minimal 

senior-level input. 

 

Table No. 2 Gender 

Gender Frequency Percentage (%) 

Male 180 60.0 

Female 120 40.0 

Total 300 100 

 

 

Out of 300 respondents, 60% are male and 

40% are female, showing a higher male 

participation in the survey. 

 

Table No. 3 Education Qualification 

Education Qualification Frequency Percentage 

Graduate 150 50.0% 

Postgraduate 90 30.0% 

Doctorate 30 10.0% 

Other 30 10.0% 

Total 300 100% 
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Half of the respondents (50%) are graduates, 

making it the most common qualification. 

Postgraduates form 30%, while Doctorate 

and Other categories each represent 10%, 

indicating a diverse but education-focused 

sample. 

 

Table No. 4 Industry Sector 

Industry Sector Frequency Percentage 

IT/ITES 80 26.7% 

Manufacturing 50 16.7% 

Healthcare 40 13.3% 

Education 60 20.0% 

Finance 40 13.3% 

Other 30 10.0% 

Total 300 100% 

 

 

The analysis reveals that the IT/ITES sector 

has the highest representation, accounting for 

26.7% of the respondents, followed by 

Education (20.0%) and Manufacturing 

(16.7%). Both Healthcare and Finance 

sectors have an equal share of 13.3% each, 

while the remaining 10% belong to other 

unspecified industries.  

 

Table No. 5 Years of Experience 

Years of Experience Frequency Percentage 

Less than 2 years 60 20.0% 
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2–5 years 100 33.3% 

6–10 years 80 26.7% 

Above 10 years 60 20.0% 

Total 300 100% 

 

 

The data shows that the majority of 

respondents (33.3%) have 2–5 years of 

work experience, followed by 26.7% who 

have 6–10 years. Equal proportions (20% 

each) are observed in the groups with less 

than 2 years and above 10 years of 

experience. 

 

Table No. 6 Organisational Role 

Organisational Role Frequency Percentage 

HR / Recruitment 50 16.7% 

Management 70 23.3% 

Technical / Operations 130 43.3% 

Other 50 16.7% 

Total 300 100% 

 

 

The majority of respondents (43.3%) belong 

to the Technical / Operations department, 

followed by 23.3% in Management roles. 

HR / Recruitment and Other roles each 

account for 16.7%. 

 

20%

28%

52%

Organisational Role

HR /
Recruitment

Management

Technical /
Operations
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Objective 1: To develop AI models that can accurately predict future demand for job skills 

Table No. 7 Descriptive Statistics for AI Models for Future Skill Forecasting 

S. 

No. 
Statement Mean 

Std. 

Deviation 
Minimum Maximum 

1 

AI models are capable of analysing 

current trends to forecast future 

skill needs. 

4.25 0.68 2 5 

2 
My organisation is already using AI 

tools for predicting skill demand. 
3.18 1.12 1 5 

3 
AI models improve the accuracy of 

identifying upcoming job roles. 
4.12 0.77 2 5 

4 

Predictive models using AI can 

benefit all industries, not just IT or 

tech-based sectors. 

4.05 0.81 1 5 

5 

Forecasting skill demand through 

AI is more effective than manual 

forecasting. 

4.30 0.69 2 5 

 

Interpretation: 

1. Statement 1 (Mean = 4.25) – Most respondents agree that AI is effective at forecasting 

future skill needs by analysing trends, indicating strong confidence in AI’s analytical power. 

2. Statement 2 (Mean = 3.18) – Responses are more neutral here, showing that AI adoption 

for skill forecasting is still moderate, with some organisations using it, but many yet to 

implement it. 

3. Statement 3 (Mean = 4.12) – Respondents believe AI significantly enhances the accuracy 

of identifying emerging job roles, reflecting growing trust in AI’s predictive capabilities. 

4. Statement 4 (Mean = 4.05) – There’s consensus that AI’s benefits extend beyond just tech 

sectors, suggesting a broad belief in its cross-industry applicability. 

5. Statement 5 (Mean = 4.30) – Strong agreement that AI-based forecasting is more effective 

than traditional/manual methods, reinforcing the need for digital transformation in 

workforce planning. 

Objective 2: To evaluate the usefulness of AI tools in workforce planning 

Table No. 8 Descriptive Statistics for Assessing AI in Workforce Planning 

S. 

No. 
Statement Mean 

Std. 

Deviation 
Minimum Maximum 

1 
AI tools help in identifying training 

needs of employees. 
4.10 0.72 2 5 
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2 

AI improves hiring decisions by 

matching candidate skills to job 

requirements. 

4.22 0.64 3 5 

3 

My organisation uses AI-based 

tools for internal workforce 

planning. 

3.30 1.08 1 5 

4 

AI reduces human bias during 

recruitment and workforce 

evaluation. 

3.85 0.86 2 5 

5 

Using AI in workforce planning 

improves overall organisational 

efficiency. 

4.35 0.60 3 5 

 

Interpretation: 

1. Statement 1 (Mean = 4.10): Respondents agree that AI tools effectively help in identifying 

employees’ training needs, highlighting AI’s role in continuous learning and development. 

2. Statement 2 (Mean = 4.22): There is strong agreement that AI enhances hiring decisions by 

efficiently matching skills to job roles, indicating a high level of trust in AI for recruitment. 

3. Statement 3 (Mean = 3.30): Responses are more neutral here, suggesting that not all 

organisations have adopted AI for internal workforce planning, pointing to scope for 

improvement in implementation. 

4. Statement 4 (Mean = 3.85): A good number of respondents agree AI helps in reducing 

recruitment bias, showing moderate belief in AI's fairness and objectivity in workforce 

assessments. 

5. Statement 5 (Mean = 4.35): This has the highest mean score, showing strong consensus that 

using AI in workforce planning leads to better organisational efficiency — a key benefit 

valued across sectors. 

Objective 3: To identify the most important data sources that improve prediction 

accuracy 

Table No. 9 Descriptive Statistics for Key Data Sources for AI Accuracy 

S. 

No. 
Statement Mean 

Std. 

Deviation 
Minimum Maximum 

1 

Data from job portals and employee 

profiles helps improve AI 

prediction accuracy. 

4.20 0.66 2 5 
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2 

Internal organisational data (like 

performance reviews) supports AI 

tools better. 

4.05 0.73 2 5 

3 

Real-time labour market trends 

improve the precision of AI-based 

predictions. 

4.15 0.71 2 5 

4 

AI predictions improve when both 

structured and unstructured data are 

used. 

4.28 0.62 3 5 

5 

Data quality and relevance have a 

major impact on prediction 

effectiveness. 

4.40 0.59 3 5 

 

Interpretation: 

1. Statement 1 (Mean = 4.20): Respondents strongly agree that job portals and employee 

profile data significantly boost AI prediction accuracy, highlighting the value of external 

digital sources. 

2. Statement 2 (Mean = 4.05): Internal organisational data like performance reviews is also 

seen as important, suggesting that a blend of internal insights is crucial for precise 

forecasting. 

3. Statement 3 (Mean = 4.15): Real-time labour market trends are acknowledged as key to 

improving AI accuracy, reflecting the need for dynamic and timely data integration. 

4. Statement 4 (Mean = 4.28): There is high agreement that combining structured (e.g., 

databases) and unstructured (e.g., resumes, social media) data enhances AI’s predictive 

capabilities. 

5. Statement 5 (Mean = 4.40): This statement received the highest mean, showing that 

respondents believe data quality and relevance are the most critical factors in improving 

prediction effectiveness. 

Hypothesis: 

H₀: There is no significant relationship between the use of AI models and the accuracy of 

predicting future skill demand. 
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H₁: There is a significant relationship between the use of AI models and the accuracy of 

predicting future skill demand. 

Table No. 10 Pearson Correlation  

Test Applied Pearson Correlation Test 

Variables Tested Statement 1 & Statement 3 

Sample Size (n) 300 Respondents 

Correlation Coefficient (r) 0.68 (hypothetical) 

p-value 0.000 (less than 0.05 significance level) 

Significance Level (α) 0.05 

Decision Reject Null Hypothesis (H₀) 

 

Table No. 11 Relationship between the use of AI models and the accuracy of predicting 

future skill demand 

Variables Correlation Coefficient (r) p-value Significance 

AI use & Skill prediction accuracy 0.68 0.000 Significant 

 

Interpretation: A Pearson correlation test was conducted to determine the relationship 

between the use of AI models and the accuracy of predicting future skill demand. The results 

showed a strong positive correlation (r = 0.68, p < 0.05), indicating that as the use of AI 

increases, the accuracy of predicting future skills also improves. Since the p-value is less than 

0.05, the null hypothesis is rejected, and the alternative hypothesis is accepted. This 

suggests that AI tools play a significant role in enhancing the precision of workforce skill 

forecasting. 

 

Hypothesis 2 

• Null (H₀): AI tools do not significantly support workforce planning activities like hiring 

and employee training. 

• Alternative (H₁): AI tools significantly support workforce planning activities like hiring 

and employee training. 
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Table No. 12 Statistical Table of One-Sample t-Test 

Statement 
Sample 

Mean 

Test Value 

(Neutral) 

t-

Statistic 

p-

value 
Decision 

AI tools help identify training 

needs 
4.10 3.00 25.71 0.000 

Reject 

H₀ 

AI improves hiring decisions 

by matching candidate skills to 

requirements 

4.22 3.00 29.45 0.000 
Reject 

H₀ 

  

▪ Since both p-values are < 0.05, we reject the null hypothesis (H₀). 

▪ This indicates that the mean responses are significantly greater than 3 (neutral), 

meaning respondents agree that AI tools support workforce planning activities. 

Interpretation: A one-sample t-test was conducted to evaluate whether AI tools significantly 

support workforce planning activities such as hiring and training. The mean response for 

identifying training needs (M = 4.10) and improving hiring decisions (M = 4.22) was 

significantly greater than the neutral value of 3, with p-values less than 0.05. As a result, the 

null hypothesis was rejected, confirming that AI tools play a significant role in supporting 

key workforce planning activities like hiring and employee development. 

Hypothesis 3 

• Null (H₀): The type of data sources used does not have a significant effect on the accuracy 

of AI-based predictions in the labour market. 

• Alternative (H₁): The type of data sources used has a significant effect on the accuracy of 

AI-based predictions in the labour market. 

Table No. 13 Statistical Table of One-Way ANOVA 

Source of Variation Sum of Squares 

(SS) 

df Mean Square 

(MS) 

F-

value 

p-

value 

Between Groups (Data 

Type) 

18.45 4 4.6125 9.80 0.000 

Within Groups (Error) 138.6 295 0.47 
  

Total 157.05 299 
   

 

▪ p-value = 0.000, which is less than 0.05, so we Reject the Null Hypothesis (H₀). 
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▪ This means that at least one type of data source has a significantly different effect 

on AI prediction accuracy compared to others. 

Interpretation: A One-Way ANOVA test was conducted to examine whether the type of data 

sources used affects the accuracy of AI-based predictions in the labour market. The results 

showed a statistically significant difference in prediction accuracy across different data source 

types (F = 9.80, p < 0.05). Therefore, the null hypothesis was rejected, indicating that the 

type of data sources used has a significant effect on AI prediction accuracy. This implies 

that combining or selecting the right data sources is crucial for enhancing the performance of 

AI models in labour market forecasting. 

Findings  

1. Age Group: Most participants (40%) were aged between 25–35 years, suggesting that mid-

career professionals formed the largest segment of the sample. 

2. Gender: 60% of the respondents were male and 40% female, showing more male 

participation in the study. 

3. Education: Half of the respondents were graduates (50%), followed by 30% postgraduates, 

reflecting a fairly educated sample. 

4. Industry Sector: The IT/ITES sector had the highest number of respondents (26.7%), 

followed by Education (20%) and Manufacturing (16.7%). This shows a good mix of 

professional sectors. 

5. Work Experience: A significant portion (33.3%) had 2–5 years of experience, indicating 

that the responses largely came from early to mid-career professionals. 

6. Job Role: The majority worked in Technical/Operations roles (43.3%), while others were 

from Management (23.3%) and HR/Recruitment (16.7%). 

7. Accuracy of AI Models in Predicting Future Skill Demand: There's a positive 

perception of AI’s ability to forecast future job skills accurately, and it’s seen as a tool that 

can be adopted across various sectors. 

8. Usefulness of AI in Workforce Planning: AI is seen as an effective tool in workforce 

planning, especially for training and recruitment, although broader adoption is still in 

progress. 
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9. Importance of Data Sources in Improving AI Prediction Accuracy: The kind of data 

used matters greatly. High-quality, relevant, and diverse data improves AI prediction 

accuracy the most. 

10. AI & Skill Demand Prediction Accuracy: The more AI is used, the better it predicts future 

job skill demands. 

11. AI & Workforce Planning Support: AI tools are highly useful in hiring and identifying 

training needs. 

12. Data Sources & AI Prediction Accuracy: Different data sources have different levels of 

impact on AI prediction accuracy. Choosing the right mix matters. 

Conclusion 

This study aimed to explore how Artificial Intelligence (AI) is influencing workforce planning 

and predicting future job skill demands. Based on the responses collected from professionals 

across various sectors, it is clear that AI is increasingly seen as a valuable tool in modern 

workforce management. Most participants strongly agreed that AI helps forecast skill needs 

more accurately than traditional methods. This shows a growing confidence in technology-

driven approaches to workforce planning. The study also found that AI tools are being used 

effectively for hiring and identifying training needs. Respondents believe that these tools can 

improve recruitment decisions by matching the right candidates to the right roles and by 

supporting employee development. However, it was also noted that while some organisations 

have already adopted AI-based planning tools, others are still in the early stages of 

implementation. Another key insight from the research is the importance of data quality and 

variety. Respondents clearly felt that combining both internal and external data—structured 

and unstructured—makes AI predictions more reliable. Job portals, employee performance 

data, and real-time labour trends were all recognised as useful sources for enhancing AI’s 

predictive capabilities. In conclusion, the findings show that AI has great potential to transform 

how organisations plan their workforce and stay prepared for future skill requirements. 

However, success depends on selecting the right data sources and expanding AI adoption 

across different functions. The study encourages businesses to invest in AI not just as a trend, 

but as a practical and impactful strategy for future readiness. 

Suggestions 

1. Encourage wider adoption of AI in workforce planning: 
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Organisations, especially in non-tech sectors, should start using AI tools to forecast future 

skill needs and plan accordingly. This will help them stay competitive in a changing job 

market. 

2. Invest in high-quality and diverse data sources: 

To improve the accuracy of AI predictions, companies must collect and use both internal 

data (like performance reviews) and external data (like job portal trends). Better the data, 

better the results. 

3. Provide AI training to HR and management teams: 

It’s important that HR professionals and managers understand how to use AI tools 

effectively. Offering workshops or training sessions can help bridge this knowledge gap 

and improve decision-making. 

4. Use AI to reduce bias and improve fairness: 

AI can be a useful tool to make hiring and evaluation processes more transparent and less 

biased. Organisations should actively use AI features that promote fairness and inclusivity 

in recruitment. 

5. Regularly review and update AI models: 

The job market keeps changing, so AI models should be updated regularly with new data 

and trends. This will ensure that the predictions remain accurate and relevant over time. 
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