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1. Introduction 
[bookmark: _Toc234363983]1.1 Context and Background 
Artificial Intelligence refers to the development of computational systems capable of performing tasks that traditionally required human intelligence - including pattern recognition, natural language processing, decision-making, predictive modelling, and autonomous action [1]. As a broad field, AI encompasses machine learning, deep learning, computer vision, robotics, and generative AI, all of which have reached a level of maturity that supports deployment across industrial, commercial, and public service sectors [2]. The transition of AI from a research discipline to a mainstream operational technology represents one of the most significant structural shifts in the organisation of work since the Industrial Revolution, and its implications for employment, skills, and economic distribution are profound, contested, and incompletely understood [3]. 
The relationship between technological progress and employment has always been characterised by disruption and adaptation. The mechanisation of agriculture displaced rural labour in the eighteenth century, and the automation of manufacturing displaced factory workers throughout the twentieth century. In each historical case, the displacement of workers in declining sectors was eventually offset by the creation of new industries and employment categories - though the transition period caused substantial hardship for affected workers. Artificial intelligence presents both similarities and critical differences to these historical precedents. Unlike previous waves of automation, which primarily affected routine physical tasks, AI can perform complex cognitive work - drafting legal documents, diagnosing medical conditions, writing software code, analysing financial portfolios, and conducting customer interactions - placing a substantially broader range of occupations within the scope of potential automation [4]. 
The economic scale of AI adoption has expanded rapidly over the past decade. Global investment in AI increased substantially during the early 2020s, reflecting growing confidence in AI technologies across both public and private sectors [5]. Major technology companies, including Google, Microsoft, Amazon, and Meta, have integrated large-scale AI systems into products and services, transforming work across knowledge-intensive industries through automation, data analysis, software development, and decision support. The COVID-19 pandemic further accelerated digital transformation, encouraging organisations to invest in AI-enabled automation and remote service delivery to improve operational resilience and productivity [5], [6].
[bookmark: _Toc234363984]1.1.2 Current Developments and Trends 
One of the most significant recent developments in the relationship between artificial intelligence and employment is the emergence of large language models (LLMs), such as OpenAI's GPT-4, Google's Gemini, and Anthropic’s Claude. These advanced generative AI systems are capable of performing a wide range of complex cognitive tasks, including content generation, software development, data analysis, document drafting, and customer support, often demonstrating performance comparable to or exceeding that of humans in specific domains. This rapid advancement has intensified concerns regarding the future of knowledge-based occupations. According to a 2023 report by Goldman Sachs, generative AI has the potential to automate tasks equivalent to approximately 300 million full-time jobs worldwide, with administrative, legal, financial, and creative professions expected to experience the greatest levels of disruption [7].
This represents a fundamental shift from earlier generations of AI, which primarily automated routine and low-skilled tasks, to more advanced systems capable of performing complex cognitive work traditionally undertaken by highly skilled professionals. Consequently, AI is expected to reshape a much broader range of occupations than previous waves of automation. Reflecting this transformation, the World Economic Forum's Future of Jobs Report (2023) estimated that AI and automation could displace approximately 83 million jobs globally between 2023 and 2027, while creating around 69 million new jobs, resulting in a net loss of 14 million positions [8]. In the United Kingdom specifically, the Office for National Statistics estimated that approximately 1.5 million workers - 7.4% of the employed population - were in roles at high risk of automation, with the risk disproportionately concentrated among younger workers, women, and those in lower-wage occupations [9]. The UK government's response has included the National AI Strategy (2021), the AI Safety Institute (2023), and multiple upskilling initiatives - though critics argue that the pace and scale of these responses remain inadequate relative to the speed of AI adoption in the private sector.
Collectively, these developments demonstrate that the impact of generative AI extends beyond job displacement to include workforce skills, organisational adaptation, and public policy. To summarise these interconnected themes, Figure 1 provides an overview of the key dimensions of AI-driven workforce transformation discussed in this chapter.

[image: ][bookmark: _Toc234109108]Figure 1 AI and Workforce Transformation Overview

[bookmark: _Toc234363985]1.2 Research Problem
Problem Statement
Although AI adoption offers economic and organisational benefits, there remains uncertainty about which workers are most affected. Earlier automation mainly affected routine and lower-skilled occupations, whereas generative AI increasingly exposes knowledge-based and professional roles. This shift creates challenges for organisations and policymakers when deciding where reskilling and workforce support should be prioritised. Much of the existing research focuses on either the broader economic implications of AI-driven job displacement or the organisational advantages of AI implementation. However, comparatively little attention has been given to identifying the practical organisational strategies, workforce development initiatives, and policy frameworks needed to support employees during this transition. As a result, there is limited evidence on how workers can effectively adapt to AI-driven change while minimising the risks of long-term unemployment, skill obsolescence, and economic insecurity.
[bookmark: _Toc234363986]1.3 Current Challenges
Challenge 1 – Divergence Between Displacement Projections and Empirical Outcomes: 
Estimates of AI-driven job displacement vary considerably across studies [10]. Early occupation-based research suggested that 47% of U.S. jobs were at high risk of automation, whereas later task-based analyses estimated that only 9% of jobs across OECD countries faced a high automation risk. This methodological divergence creates uncertainty for organisations and policymakers, making it difficult to accurately assess future workforce impacts and design effective reskilling strategies.
Challenge 2 - Skills Transition Gap:
The skills required for roles created by AI adoption - including data literacy, computational thinking, and human-AI collaboration - differ fundamentally from the skills possessed by displaced workers. Acemoglu and Restrepo (2020) documented that AI adoption gains accrue disproportionately to high-skilled workers while lower-skilled workers bear the greatest displacement costs with least access to reskilling opportunities [11].
Challenge 3 – Organisational Preparedness: 
Despite the rapid adoption of AI technologies, many organisations continue to face significant challenges in preparing their workforce for AI-driven transformation. Common barriers include limited AI literacy, insufficient investment in reskilling and upskilling, resistance to organisational change, and a lack of clear workforce development strategies. These challenges reduce organisations' ability to integrate AI effectively and widen the gap between technological innovation and employee readiness [12]. 


Challenge 4 – Unequal Workforce Impact
The effects of AI are unevenly distributed across the workforce, with exposure varying by occupation, education level, age, gender, and geographical location [13]. Women remain overrepresented in administrative and clerical occupations that are highly susceptible to automation, while older and lower-skilled workers often face greater barriers to reskilling and adapting to AI-enabled workplaces [14]. Although growing evidence highlights these disparities, the interaction between AI-driven workforce transformation and existing labour market inequalities remains underexplored. 
Challenge 5 – Slow Policy Response: 
The rapid advancement of AI has outpaced the development of policies needed to support workers during technological transition. Although governments have introduced national AI strategies and regulatory frameworks, many researchers argue that current approaches place greater emphasis on innovation than on workforce protection, reskilling, and labour market adaptation, creating a gap between technological progress and policy implementation [15], [16].
[bookmark: _Toc234363987]1.4 Research Aim and Objectives 
Research Aim
To investigate the impact of Artificial Intelligence on employment, workforce readiness, and skill requirements across multiple industry sectors, and to identify and evaluate the organisational strategies, workforce development interventions, and policy frameworks that most effectively support employees and organisations in adapting to AI-driven workplace transformation - with particular attention to differential impacts across demographic groups and sectoral contexts.
Research Objectives
Objective 1 - Systematic Literature Review: To conduct a systematic review of academic literature and industry reports published between 2020 and 2025 examining the impact of AI on employment, workforce skill requirements, and organisational adaptation, identifying dominant theoretical frameworks, key empirical findings, methodological debates, and documented gaps. Measurable outcome: A structured literature review identifying peer-reviewed sources with documented gap analysis. 
Objective 2 - AI Adoption and Employment Impact Analysis: To analyse patterns of AI adoption across a minimum of five industry sectors using publicly available secondary data from World Economic Forum, Office for National Statistics, McKinsey Global Institute, and OECD employment statistics, documenting displacement patterns and new role creation by sector, occupation, and demographic group. Measurable outcome: A sector-by-sector employment impact analysis covering at least five industries.
Objective 3 - Skill Requirements Mapping: To map how AI adoption is transforming workforce skill requirements by analysing secondary data from LinkedIn Economic Graph and Burning Glass Technologies job posting analytics, identifying declining and increasing skill demands and critical transition gaps. Measurable outcome: A skill demand transition matrix comparing pre- and post-AI adoption requirements.
Objective 4 - Organisational Adaptation Strategy Investigation: To investigate the characteristics of organisations that have successfully managed AI-driven workforce transitions through comparative case study analysis of documented responses, drawing on published company reports and industry case studies. Measurable outcome: A comparative analysis of at least five documented organisational adaptation programmes.
Objective 5 - Differential Impact Assessment: To assess the differential impact of AI workforce transformation across demographic groups - including gender, age, and educational attainment - using secondary statistical data from ONS, OECD, and ILO. Measurable outcome: A demographic impact matrix identifying the most vulnerable groups and their specific adaptation barriers.
Objective 6 - Strategy and Policy Framework Development: To synthesise findings from Objectives 1-5 into an evidence-based strategy framework comprising practical recommendations for organisations, workers, educational institutions, and policymakers. Measurable outcome: A documented five-priority strategy framework with stakeholder-specific recommendations.
[bookmark: _Toc234363988]

1.5 Significance of the Research
Importance of the Research
This research addresses one of the most consequential socioeconomic challenges of the current decade. The displacement of workers by AI automation without adequate support structures creates sustained human costs - including long-term unemployment, income loss, psychological harm, and widening economic inequality - that extend far beyond affected individuals to shape the social cohesion and political stability of entire communities [11]. Understanding how these costs can be minimised through effective organisational and policy intervention is therefore not merely an academic question but a matter of urgent practical and ethical importance. This study makes three distinct research contributions: first, a synthesis of divergent empirical evidence on AI displacement across sectors and demographic groups; second, a systematic comparative analysis of documented organisational adaptation strategies; and third, an integrated strategy framework that translates academic findings into actionable guidance - bridging a persistent gap between research knowledge and practical application. The main contribution of this study is that it connects changing occupational exposure, workforce skills, organisational adaptation, and policy response within one integrated framework.
[bookmark: _Toc234363989]1.6 Potential Applications
The framework produced has multiple direct applications. HR and people development leaders can use the skill transition mapping to design more effective reskilling programmes. Government departments - particularly the Department for Education and the Department for Work and Pensions - can use the policy framework analysis to prioritise workforce support interventions. Trade unions can use the differential impact assessment to advocate for the most vulnerable groups. Educational institutions can use the skill requirements mapping to align curriculum with the competencies most urgently needed in an AI-transformed labour market. 
[bookmark: _Toc234363990]2. Literature Review
[bookmark: _Toc234363991]2.1 Introduction to the Literature Review
[bookmark: _Toc234092429][bookmark: _Toc234093352]The purpose of this literature review is to critically examine existing research on the impact of Artificial Intelligence (AI) on employment, workforce skills, and organisational adaptation. It synthesises current evidence to identify key theoretical perspectives, empirical findings, methodological approaches, and research gaps relevant to the proposed study. The review focuses on peer-reviewed academic literature, industry reports, and government policy documents published between 2020 and 2025, ensuring that the discussion reflects the most recent developments in AI adoption and workforce transformation. To provide a structured analysis, the literature is organised into five themes: (1) theoretical frameworks, (2) evidence of job displacement and creation, (3) workforce skill transformation, (4) organisational adaptation, and (5) policy responses. The review concludes by identifying the key gaps in the current literature that justify and inform the proposed research.
[bookmark: _Toc234363992]2.2 Theoretical Frameworks
[bookmark: _Toc234092431]The relationship between technological innovation and labour market outcomes has been explained through several complementary theoretical frameworks. The Task-Based Framework suggests that AI affects employment by automating routine, codifiable tasks while complementing tasks that require creativity, judgement, and interpersonal skills [17]. More recent research extends this framework by arguing that AI not only automates existing tasks but also creates new forms of work, partially offsetting job displacement through task creation and occupational transformation [18].
[bookmark: _Toc234092432]Skill-Biased Technical Change (SBTC) theory proposes that AI increases demand for workers with advanced digital, analytical, and problem-solving skills while reducing demand for routine and lower-skilled occupations, potentially widening wage inequality and labour market polarisation [19]. Recent studies suggest that generative AI may further reshape this relationship by changing the skills required across both high- and middle-skilled occupations.
The Varieties of Capitalism perspective argues that the employment effects of AI are influenced not only by technology itself but also by national institutions, including labour market regulations, education systems, industrial relations, and social protection policies [20]. Consequently, countries with similar levels of AI adoption may experience different labour market outcomes depending on their institutional capacity to support workforce adaptation and reskilling.
[bookmark: _Toc234363993]2.3 Empirical Evidence on Job Displacement and Creation
[bookmark: _Toc234092434]The foundational empirical contribution is Frey and Osborne's (2013) analysis of automation probability across 702 US occupational categories, estimating that 47% of US employment was at high risk of automation within twenty years [21]. This figure has been substantially contested: Arntz Gregory, and Zierahn (2016), using task-level analysis, estimated only 9% of OECD jobs faced high risk - a fivefold reduction [22]. This methodological debate between occupation-level and task-level approaches remains unresolved with profound implications for policy calibration.
[bookmark: _Toc234092435][bookmark: _Toc234093358]The World Economic Forum's Future of Jobs Report (2023) projects a net displacement of 14 million jobs between 2023 and 2027, with clerical, administrative, and data processing roles facing the highest displacement risk while AI and machine learning specialist and renewable energy roles show the strongest projected growth [8]. Acemoglu and Restrepo (2020) provide rigorous econometric evidence demonstrating that each additional robot per thousand workers reduced employment by 0.2% and wages by 0.42% in affected areas - effects concentrated among workers without college education [11].
Recent evidence suggests that generative AI is shifting AI exposure from mainly lower-skilled occupations to increasingly knowledge-based and professional roles, although the extent of this change remains uncertain. This creates a key tension in the literature and justifies further investigation into how different worker groups are affected.
The evidence suggests that AI will not only displace existing jobs but also create new employment opportunities, resulting in uneven effects across industries. Understanding this balance is essential when assessing the overall impact of AI on the labour market. Figure 2 illustrates the projected levels of job displacement and new role creation across key sectors, highlighting industries most likely to experience workforce transformation.
[image: ][bookmark: _Toc234109109]Figure 2 AI Job Displacement and Creation


[bookmark: _Toc234363994]2.4 Workforce Skill Transformation 
[bookmark: _Toc234092437][bookmark: _Toc234093360]AI adoption transforms skill requirements through three mechanisms: substitution (eliminating demand for replicable skills), augmentation (increasing value of skills complementing AI), and management (creating demand for AI development and governance skills) [23]. Burning Glass Technologies (2021) analysed 150 million US job postings and found AI-related skill demand grew 450% over a decade while routine administrative skill demand declined 23% [24]. The World Economic Forum (2023) identifies analytical thinking, creative thinking, and AI literacy as the three most rapidly growing skill priorities [8]. McKinsey [25] estimated 375 million workers globally - 14% of the workforce - may need to change occupational categories and acquire substantially new skills by 2030.
[bookmark: _Toc234363995]2.5 Organisational Adaptation and Workforce Development 
[bookmark: _Toc234092439][bookmark: _Toc234093362]The literature identifies three dominant adaptation strategies. The substitution strategy - replacing human workers with AI - is most reported but associated with highest social costs and sometimes with productivity losses from eliminating tacit knowledge [10], [25]. The augmentation strategy - deploying AI to enhance human capability - is consistently associated with stronger productivity outcomes and workforce retention. The redesign strategy - reconceiving job roles around human-AI collaboration - is identified as most likely to deliver both productivity and wellbeing benefits but is least commonly implemented due to organisational complexity [26]. Pew Research Centre (2023) found 62% of American workers anticipated AI would significantly affect their job within ten years, but only 28% reported their employer had offered AI-related training [27]. This gap between anticipated disruption and actual preparedness investment reflects the short-termism documented in organisational adaptation research.
[bookmark: _Toc234363996][bookmark: _Toc234092441]2.6 Research Gaps and Contribution
[bookmark: _Toc234093364]Government responses to AI-driven employment transformation vary substantially across national contexts. Nordic countries - particularly Denmark, Finland, and Sweden - have integrated AI workforce readiness into national digital strategy frameworks supported by strong active labour market policies. The UK's National AI Strategy (2021) commits to developing AI skills across the economy, but the Institute for Public Policy Research (2023) found existing provision falls substantially short of the scale required to manage displacement at the pace projected by WEF and McKinsey [8], [9], [25].
[bookmark: _Toc234363997]2.7 Key Gaps and Relation to the Proposed Study 
First, existing evidence presents conflicting conclusions about who is most vulnerable to AI-driven workforce transformation. Earlier automation studies suggest lower-skilled workers are most affected, while recent generative AI research indicates that higher-skilled knowledge workers are increasingly exposed. This contradiction has not yet been fully examined across sectors and demographic groups.
Second, the comparative effectiveness of different organisational adaptation strategies has not been systematically evaluated across sectors using a consistent framework. Third, the differential impact across demographic groups has not been comprehensively mapped using available secondary data. Fourth, no integrated strategy framework exists synthesising displacement, skill transformation, and adaptation literatures into actionable guidance for all stakeholders simultaneously. The proposed study addresses all four gaps.
[bookmark: _Toc234363998]2.8 Literature Summary 
The literature demonstrates that AI-driven workforce transformation is a structural phenomenon of significant scale, affecting a broad range of occupations in different ways. Earlier evidence primarily identifies lower-skilled routine workers as the most vulnerable to automation, whereas more recent research suggests that generative AI is increasingly affecting knowledge-based and professional occupations. This unresolved contradiction highlights the changing nature of AI-driven workforce transformation and provides the primary justification for the proposed study. Overall, the literature indicates that employment outcomes are influenced by task characteristics, skill complementarity, and institutional factors, while organisational adaptation remains constrained by limited reskilling investment and a preference for substitution over augmentation. Furthermore, existing policy responses vary across countries and are widely considered insufficient to keep pace with the rapid advancement of AI technologies.

[bookmark: _Toc234363999]3. Research Design and Methodology
[bookmark: _Toc234364000]3.1 Research Design
[bookmark: _Toc234092446][bookmark: _Toc234093369]This research adopts a mixed methods approach, combining quantitative analysis of secondary datasets with qualitative analysis of case studies, policy documents, and industry reports. This approach is appropriate because it examines both measurable trends and the experiences behind AI-driven workforce transformation. Using multiple data sources enables triangulation, improving the reliability of the findings. As the study relies solely on secondary data, no primary data collection or institutional ethical approval is required.
[bookmark: _Toc234364001]3.2 Research Methods and Materials
[bookmark: _Toc234364002]3.2.1 Quantitative Methods - Secondary Statistical Analysis
A quantitative approach is used because the study focuses on numerical data and statistical analysis. Methods such as descriptive statistics, correlation analysis, and regression analysis will be used to examine the relationship between AI exposure and labour market outcomes. The quantitative component is necessary because it identifies measurable patterns in AI exposure, employment outcomes, and skill changes. However, it is complemented by qualitative analysis to explain organisational adaptation and policy responses.
[bookmark: _Toc234364003]3.2.2 Qualitative Methods – Reflexive Thematic Analysis
The qualitative component will use Reflexive Thematic Analysis (RTA) to analyse organisational case studies, policy documents, and industry reports [28]. The selected case studies include IBM, Amazon, AT&T, Siemens, and Denmark's flexicurity model, representing technology companies, manufacturing, and national policy initiatives. Data will be analysed using Braun and Clarke's contemporary Reflexive Thematic Analysis framework, which follows six iterative phases: familiarisation with the data, coding, generating themes, reviewing themes, defining and naming themes, and producing the final report. NVivo software will be used to support data organisation, coding, and theme development.



[bookmark: _Toc234364004]3.2.3 Research Architecture 
Figure 3 illustrates the seven-stage research architecture from data collection to the final strategy framework.
[image: ][bookmark: _Toc234109110]Figure 3 Research Design Architecture 

[bookmark: _Toc234364005]3.2.4 Data Analysis and Evaluation 
Quantitative analysis will employ descriptive statistics, correlation analysis between AI adoption and employment variables, and regression modelling to isolate AI employment effects from confounding factors. Qualitative analysis will employ Braun and Clarke's thematic analysis coded in NVivo, generating first-order codes and second-order themes through iterative comparative analysis. Mixed methods synthesis will use a convergent design integrating quantitative and qualitative findings through a joint display matrix. 
To provide a clear overview of the research methodology, Figure 4 summarises the secondary data sources used in this study, their purpose, the research objectives they support, and the analytical methods applied. This visual demonstrates how each source contributes to addressing the research objectives and highlights the integration of quantitative and qualitative methods within the mixed methods research design.
[image: ][bookmark: _Toc234109111]Figure 4 Data Sources and Analysis Methods 


All datasets are publicly available or accessible through standard academic library subscriptions. No primary data collection from human participants is undertaken, and therefore no institutional ethics approval is required.
[bookmark: _Toc234364006]3.2.5 Ethical Considerations 
This study uses only secondary data obtained from publicly available and reputable sources, including government datasets, industry reports, and published academic literature. The datasets contain only aggregated or occupation-level information and do not include any personal or identifiable data, resulting in minimal risk to privacy, confidentiality, or participant welfare. All data will be accessed and used in accordance with the relevant terms of use and ethical guidelines, and all sources will be fully acknowledged using IEEE referencing. As no primary data collection or human participants are involved, institutional ethics approval is not required; however, an ethics approval form will be submitted to the University where required to confirm the nature of the research.
[image: ]To support the implementation of the proposed mixed methods research design, a range of software tools and libraries will be used for data analysis, visualisation, qualitative coding, data management, and reference organisation. Table 1 provides an overview of the software environment and the specific purpose of each tool within the research process.Table 1 Software Tools and Libraries Used in the Research Methodology



[bookmark: _Toc234364007]3.2.6 Hardware Requirements
This research does not require specialised hardware. All quantitative and qualitative analyses will be conducted using a standard laptop or desktop computer with a minimum of 8 GB RAM, a modern multi-core processor, and sufficient storage to manage secondary datasets and project files. The software tools used, including Python, Jupyter Notebook, NVivo 14, Microsoft Excel, and Zotero, can operate effectively on standard computing hardware. As no machine learning model training or deep learning techniques are employed, GPU acceleration or cloud computing resources are not required, ensuring that the research methodology remains practical, cost-effective, and easily reproducible by other researchers.
[bookmark: _Toc234364008]4. Expected Outcomes
[bookmark: _Toc234364009]4.1 Anticipated Results
Based on the existing literature, the study is expected to find that:
· The study is expected to identify differing patterns of AI exposure across occupational groups, with routine occupations remaining vulnerable while knowledge-based professions experience increasing exposure through generative AI.
· The demand for AI-related skills, such as data literacy, critical thinking, and human–AI collaboration, will continue to increase, creating a growing skills gap. 
· Organisations that invest in employee reskilling and adopt AI to support rather than replace workers are likely to achieve better workforce retention and productivity. 
· Countries with stronger labour market policies and workforce support programmes are expected to experience more successful adaptation to AI-driven change. 
· The research is expected to recommend practical strategies for organisations and policymakers, including continuous reskilling, improved workforce planning, supportive AI policies, and greater emphasis on human–AI collaboration.

[bookmark: _Toc234364010]4.2 Implications
If the expected findings are confirmed, this research will have theoretical, practical, and societal implications.
· Theoretical: The study will improve understanding of how AI affects different types of jobs, particularly knowledge-based and professional occupations in the UK. 
· Practical: The findings will provide recommendations for organisations, policymakers, and educational institutions on workforce planning, reskilling, and AI adoption. 
· Societal: The research will highlight how AI affects different groups of workers differently, helping to support fairer policies and more inclusive workforce transition strategies.
[bookmark: _Toc234364011]4.3 Limitations 
The research acknowledges four limitations. First, secondary data analysis is limited by the quality, recency, and comparability of available datasets - job postings overrepresent growing sectors and employment statistics rely on self-reported occupation categories. Second, the case study analysis focuses on large, well-documented organisations, limiting generalisability to small and medium enterprises which employ the majority of UK workers. Third, AI capabilities, adoption rates, and regulatory frameworks are changing rapidly, meaning specific findings may require revision. Fourth, causal inference from secondary cross-sectional data is inherently limited; the research will document associations rather than establish definitive causal direction. To reduce these limitations, findings will be triangulated across multiple datasets, reports, and case study sources.
[bookmark: _Toc234364012]5. Project Timeline
Figure 5 presents the project timeline as a Gantt chart covering all major phases over a 10-week research period, with four key milestones
[image: ]

[bookmark: _Toc234109112]Figure 5 Project Gantt Chart Project for the Proposed Research

To monitor progress throughout the research project, four key milestones have been established at critical stages of the 10-week research timeline. These milestones represent the completion of major deliverables, ensuring that each phase of the study is completed systematically and on schedule.
[image: ][bookmark: _Toc234109113]Figure 6 Key Project Milestones 
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