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1. [bookmark: _Toc225503722]Introduction 
[bookmark: _Toc225503723]1.1 Background of the study
Artificial intelligence (AI) has emerged as a key driver for business transformation, making it possible to automate, informed decisions using data, and improve operational efficiency (Svetlana et al., 2022; Eboigbe et al., 2023; Ojika et al., 2022). Within this larger realm, generative artificial intelligence (GenAI) has received specific focus as it is used to generate text, code, images and summaries according to user prompts, thus being applicable to communication, administration and knowledge work (Sengar et al., 2025; Noy and Zhang, 2023). GenAI has significant potential to improve productivity and innovation across firm types, but stresses that organisations will need to make changes to workflows, skills and management practices if these benefits are to be sustained (Sengar et al., 2025; Kanbach et al., 2024; OECD, 2025a).
This challenge is particularly important for small and medium-sized enterprises (SMEs). SMEs make up more than 99% of businesses and around 60% of business-sector employment in all the economies of the Organisation for Economic Cooperation and Development (OECD) (Algan, 2019), but often have less scope than larger firms in terms of finance, specialist expertise and managerial capacity. OECD survey evidence, based on over 5000 SMEs in seven countries including the United Kingdom, found that 31% of SMEs surveyed were already using GenAI. 39% of those adopting GenAI said it had delivered better performance from their employees and 39% said it had helped fill some of the skills gaps (OECD, 2025b).
[image: ]
FIGURE 1.1. AI USE INCREASES WITH COMPANY SIZE
(SOURCE: OECD, 2025B)
The UK provides a timely national context. The official statistics show that approximately 23% of UK businesses reported the use of some form of AI technology in the late 2025 period when, in September 2023, only 9% of businesses were using it, indicating a fast upward trend (ONS, 2025). Despite this growth, adoption still remains patchy and the Department for Science, Innovation and Technology (DSIT) identifies barriers such as lack of expertise, readiness gaps and governance concerns as central obstacles to effective AI implementation in smaller firms (DSIT, 2026).
Growing body of literature confirms that GenAI can boost performance on task level tasks (Sengar et al., 2025). Brynjolfsson et al., (2025) using data from 5,172, customer support agents found that access to a generative AI assistant increased average productivity by 15%, and the largest gains were among less experienced workers. Noy and Zhang (2023) also found that writing tasks performed by knowledge workers using ChatGPT were completed more quickly and of higher quality. However, according to the analysis developed by the OECD, task level gains do not necessarily lead to sustained organisational value without complementary changes in the design of workflows, skills of employees and organisational governance (OECD, 2025a). 
A further and often neglected dimension relates to the quality of the job. Research shows that GenAI could simultaneously enhance efficiency and learning opportunities but also generates risks in terms of autonomy, privacy, transparency and work intensity (Şahin & Karayel, 2024; Nidhisree et al., 2024). The process of the loss of agency and opacity in AI outputs point out by the OECD (2024) while many employees experience positive outcomes related to AI. The ILO similarly reaches the conclusion that GenAI is likely to support rather than replace most roles, but cautions that the content and quality of jobs may change considerably even where employment levels are stable (Gmyrek et al., 2023).
[bookmark: _Toc225503724]1.2 Problem statement
Despite growing evidence, most studies on AI and productivity are focused on large companies and from controlled experiments or from broad international surveys rather than from UK SMEs. Productivity and job quality usually are researched independently of each other, although organisations need to understand both of them to measure whether GenAI generates sustainable value. Furthermore, organisational training and AI governance are often discussed as prescriptive recommendations rather than explored as moderating variables between the outcome of adoption and employee outcomes. This leaves a clear research gap and there is a lack of empirical understanding of the impact of GenAI adoption on employee productivity and job quality in UK SMEs, and how GenAI adoption is influenced by training and governance (OECD, 2025a; OECD, 2025b; DSIT, 2026). 
[bookmark: _Toc225503725]1.3 Research aim, objectives and research questions
The aim of this study is to investigate the impact of generative AI adoption on employee productivity and job quality in UK SMEs, with particular focus on the moderating role of organisational training and AI governance.
The research objectives are:
· To examine how generative AI adoption influences employee productivity in UK SMEs.
· To evaluate the effect of generative AI adoption on employee job quality in UK SMEs.
· To analyse the role of organisational training in shaping the relationship between generative AI adoption and employee outcomes.
· To assess how AI governance moderates the relationship between generative AI adoption and employee productivity and job quality in UK SMEs.
The research questions are:
· How does generative AI adoption affect employee productivity in UK SMEs?
· How does generative AI adoption influence employee job quality in UK SMEs?
· How does organisational training shape the impact of generative AI adoption on employee productivity and job quality?
· How does AI governance moderate the relationship between generative AI adoption and employee productivity and job quality in UK SMEs?
[bookmark: _Toc225503726]1.4 Key definitions
For clarity, four core terms are defined here. GenAI is AI systems that create content such as text, code, images or audio from user prompts, including such tools as ChatGPT and Microsoft Copilot (OECD, 2025b; Yang et al., 2024). Employee productivity is the efficiency and effectiveness of employees to complete their tasks and produce outputs which includes the dimensions such as time saved, speed and quality of output (Rambulangi et al., 2024; Brynjolfsson et al., 2025). Job quality is defined as a multidimensional concept, which includes the dimensions of autonomy, workload, wellbeing, learning opportunities and fairness in working environment (OECD, 2024). AI governance is the system of rules, practices, processes and tools by which organisations align the use of AI with strategic, legal and ethical requirements (Mäntymäki et al., 2022).
[bookmark: _Toc225503727]1.5 Scope of the study
This research examines the UK SMEs that began to use generative AI in business related activities. It examines the experience of employee and manager as both groups are directly involved in adoption, use and oversight. The research is constrained to the current period of fast paced GenAI experimentation and structured implementation in the UK. This scope ensures the research remains focused, manageable and relevant and still ensures close conjunction with current business practice and policy issues relating to the adoption of AI, productivity, skills and governance in UK firms (ONS, 2025; DSIT, 2026). 
[bookmark: _Toc225503728]2. Literature Review
[bookmark: _Toc225503729]2.1 Theoretical and conceptual foundations
Several theories inform GenAI adoption in organisations. Technology Acceptance Model (TAM) developed by Davis (1989) explains adoption in terms of perceived usefulness and perceived ease of use. The Technology-Organisation-Environment (TOE) framework extends this by situating adoption within organisational capability, resources and external competitive pressures. Diffusion of Innovations theory adds further contribution to the extent that it emphasises relative advantage, compatibility and complexity as predictors of how technologies spread (Rogers, 2003). These frameworks provide an explanation of why and how firms adopt GenAI, but they face the core problem of focusing on adoption choices as opposed to post-adoption consequences for employees. As per OECD (2025a), GenAI invades the foundations of writing, communication and decision-support processes, i.e. its impact goes beyond the adoption into the restructuring the work itself. To deal with this, the study integrates adoption theory with concepts from job design, human capital and organisational governance, and treats training and governance, not as background conditions, but in the sense of theoretically significant moderating variables.
A further conceptual problem in the literature is insufficient distinction between the different forms of AI, specifically GenAI. GenAI is more accessible to non-technical employees, has lower entry costs and can be implemented in day-to-day office work without the need for specialist infrastructure. Mantymaki et al. (2022) make the case for a socio-technical approach to governance, which views AI governance as an organisational system of rules and practices rather than a technical issue. Papagiannidis et al., (2025) take this further by describing responsible AI governance in terms of its structural, relational and procedural dimensions throughout the entire AI lifecycle. Together these contributions uphold the stance that a socio-technical view is more analytical than taking a narrow tool-based adoption model to GenAI in SME workplace settings.
[bookmark: _Toc225503730]2.2 Generative AI and employee productivity
Large number of studies have investigated the impact of GenAI on productivity. Brynjolfsson, et al. (2025) found that a GenAI assistant improved customer support productivity by an average of 15%, with young workers showing the biggest gains, and GenAI work as a knowledge-democratization mechanism that reduces internal performance disparities. Noy and Zhang (2023) showed that professionals conversing with ChatGPT were able to achieve writing tasks about 40% faster and with higher rating, and that speed can be a trade-off with quality. More recent evidence by Dillon et al. (2025) found that GenAI access reduced time spent in email and out-of-hours work in 66 firms and among over 7,000 knowledge workers, while Bick et al., (2024) document unusually rapid workplace adoption compared to the earlier digital technologies.
From SMEs perspective, OECD found that 65% of those who adopted GenAI in their SMEs said it led to an improvement in the performance of their employees and 39% said it helped make up for skill gaps (OECD, 2025b). However, the literature on productivity still has important weaknesses. Evidence is dominated by large-firm or experimental settings; productivity is typically measured at single-task level rather than at role or organisational level (Sengar et al., 2025); and the explicit warnings provided by the OECD is that short-term gains require complementary changes in management practice, skill development and redesign of workflow, if they are to prove long-term value (OECD, 2025a). These limitations highlight the need for SME-specific research on productivity and job quality.
[bookmark: _Toc225503731]2.3 Generative AI and job quality
Literature on GenAI and job quality is less developed than the productivity. OECD research shows that while many workers report that AI has improved their performance and in some instances their enjoyment of work, it also highlights the risks such as automation pressure, loss of agency, intrusion of privacy, bias and opacity in the outputs of AI (OECD, 2024). Gmyrek et al., (2023) say that it is likely that the main near-term impact of GenAI will be job augmentation rather than elimination, although they caution that the content and quality of jobs may change significantly even where total employment is stable. Valtonen et al. (2025) reported no direct impact of adopting AI on employee wellbeing and any positive effects were indirect through optimisation of tasks and safety improvement, and therefore job quality outcomes are mediated by organisational conditions and not solely technology. 
Liu et al., (2025) show that GenAI adoption influences employee outcomes through job crafting and career commitment, resulting in both positive constructive and problematic behavioural effects such as voice quality improvements, but cyberloafing and dishonesty. Callari and Puppione (2025) and Sengar et al. (2025) provide a more optimistic view and argue that GenAI tools can enrich work with workplace learning and collaborative knowledge sharing if introduced in supportive conditions, while Agarwal (2025) argues for the need of realising such benefits through deliberate role and systems redesign, as opposed to employing GenAI as a simple plug-in tool. The collective picture is that the quality of job outcomes is dependent on the quality of implementation, and not necessarily inherent in the technology itself. 
[bookmark: _Toc225503732]2.4 Training and Governance as Moderating Factors
Training emerges consistently as a critical condition across the literature. Several studies confirm that successful GenAI use opens up the need for employees to build new competencies and adapt to changing task requirements, and that SMEs have specific capability gaps compared with larger firms (Rajaram & Tinguely, 2024; OECD, 2025a; OECD, 2025b). DSIT found limited expertise and readiness to be major barriers to effective adoption of AI in UK business (DSIT, 2026). Without proper training, employees may not make critical checks on AI outputs, use tools inefficiently or suffer deskilling (Andrew & Mueller, 2025). Callari and Puppione (2025) offer direct support of GenAI supporting workplace learning specifically when organisations design use of GenAI to encourage skill development. This implies the training should not be looked at as a mere support activity but rather as a variable to moderate the relationship between GenAI adoption and outcomes. 
The second moderating factor is AI governance. Mäntymäki et al. (2022) define organisational governance as the system of rules, practices, processes and tools ensuring that AI is aligned with strategic, legal and ethical requirements. Papagiannidis et al., (2025) extend this to be structural, relational and procedural across the AI lifecycle. Weak governance may produce informal or 'shadow' use of AI, lack of accountability and lack of trust from employees. Good governance might facilitate responsible experimentation and safer integration into work routines (Manginte, 2024; Sarma et al., 2024). OECD identifies trust, transparency and human supervision as ongoing challenge (OECD, 2024), while ONS evidence indicates that better management is correlated with greater adoption of advanced technologies in UK firms (ONS, 2025). Yet governance is still rather conceptual in the academic literature with limited empirical work within SME contexts (Handley & Molloy, 2022; Akomea-Frimpong, 2022). Treating of governance as a moderating variable is thus theoretically justified and practically important.
[bookmark: _Toc225503733]2.5 Synthesis and research gap
Existing research show that GenAI can improve the productivity of employees, especially in writing and customer support and other knowledge-intensive tasks. It also suggests that GenAI may improve some aspects of job quality, such as learning and reduced routine burden, while creating risks for autonomy, trust, transparency and fairness. Training and governance seem to appear time and again as relevant conditions, but typically as practical recommendations, rather than being analysed directly as variables influencing the outcomes of employees. 
Overall four major gaps found in the literature. First, the most robust evidence of productivity takes predominantly from large firms or experimental settings as opposed to UK SMEs. Second, productivity and job quality are normally analysed independently, whereas firms must be able to understand both aspects to determine whether GenAI generates sustainable value. Third, there is also no good integrated model in the literature that demonstrates the effects of training and governance on employee-level outcomes following adoption. Fourth, UK-relevant evidence is still more about adoption patterns, skills pressures and barriers to implementation, though, than about detailed consequences for employees at the level of small firms.
Hence, the major research gap is not whether GenAI is important or not, rather how the GenAI adoption impacts the productivity and quality of work of employees in the UK SMEs, and how the effects are conditioned by the organisational training and AI governance. Addressing this gap would make a theoretical and practical contribution. Theoretically, it would link technology-adoption research to employee-outcome research in a more integrated approach. Practically, it would give SME managers and policymakers better evidence of how to proceed from experimenting early with GenAI towards more effective and responsible implementation. This makes the proposed study timely, relevant and academically justified. 
[bookmark: _Toc225503734]3. Methodology
[bookmark: _Toc225503735]3.1 Research philosophy and paradigm
This study uses a pragmatic research philosophy, which is used when the research problem has a combination of a measurable and an interpretive dimension, while the researcher chooses the research methods according to their potential to answer the research questions, rather than the adherence to a single philosophical tradition (Creswell and Plano Clark, 2018; Dube et al., 2024). The present study demands both quantitative evidence of patterns across SME and qualitative understanding of the interpretation of employees and managers regarding GenAI, training and governance in action. A purely positivist approach would identify the associations between variables but would not explain the organisational processes behind them. A purely interpretivist approach would offer rich contextual understanding with a poor degree of generalisability. Pragmatism is thus the most coherent choice of philosophy (Saunders et al., 2023).
[bookmark: _Toc225503736]3.2 Research approach 
The study takes an abductive approach to research, in which an iterative movement is made between the established theory and the emerging empirical data (Andrade, 2023; Okoli, 2023). Adoption frameworks like TAM, TOE and Diffusion of Innovations are a good starting point, but this literature review shows that they do not fully explain post-adoption employee outcomes (Prakash, 2025). An abductive approach enables the research to utilise prior theory, as a scaffold, while remaining open to new patterns of explanation in the data, which is appropriate for a developing field in which existing frameworks need to be extended (Saunders et al., 2023; Khurshid et al., 2026).
[bookmark: _Toc225503737]3.3 Research design
The study will use cross-sectional convergent mixed methods design. Mixed methods are suitable when the research problem cannot be resolved by the use of numerical or narrative evidence alone (Mulisa, 2022). According to Creswell and Plano Clark (2018) mixed-methods designs are particularly useful in situations where the researcher is interested in combining breadth and depth while testing patterns and simultaneously trying to explain them through context. In this study, the first two research questions investigates patterns in employee productivity and job quality and the rest questions call for a deeper understanding of the role of training and governance in determining the outcomes. A mixed-methods design would therefore provide the best overall structure.
In addition, cross-sectional design is selected as the data will be gathered at a single point in time rather than over a number of years (Maier et al., 2023). This is justified as the study explores the current stage of rapid GenAI experimentation and early structured adoption in UK SMEs. A longitudinal design may be able to capture change over time better, but that would be difficult to complete in the time and access constraints in a postgraduate proposal. The design is convergent as the quantitative and qualitative data will be collected during the same broad phase, analysed separately and then put together during the interpretation. This enables the researcher to compare whether the qualitative insights do support, explain or challenge the quantitative patterns. 
[bookmark: _Toc225503738]3.4 Research strategy
The study will employ two major research approaches, i.e., online questionnaire survey and semi-structured interviews. This combination is justified because the research problem is operated at the employee as well as the organisational level (Shibly et al., 2022; Reissner & Whittle, 2022). Surveys are useful to gather structured evidence from a higher number of participants and identify common patterns across SMEs (Wilson et al., 2023). Semi structured interviews are useful to explore organisational context, implementation decisions, employee experiences and governance arrangements in greater depth (Reissner & Whittle, 2022). According to Saunders et al., (2023), the integration of these methods can enhance the strength of understanding in which the research aims to explain and the richness of the context. Braun and Clarke (2021) also emphasise that qualitative methods are especially valuable when the researcher aims to examine meanings, perceptions and workplace experiences in a systematic way.
[bookmark: _Toc225503739]3.5 Population and sampling
The target population consists of UK SMEs that have started using GenAI in business activities. Two participant groups will be recruited: employees who use GenAI directly or whose work is materially affected by it and managers, owners or team leaders involved in adoption, training or governance decisions. Purposive sampling is suitable due to the nature of the study, which requires having participants with first-hand knowledge of the phenomenon being studied (Antoniadou, 2025); this would be the case with random sampling as it would be likely to include potential respondents who have no relevant GenAI exposure. The quantitative phase will aim to obtain 120 to 180 employees/employee respondents from multiple SMEs, adequate numbers for descriptive analysis and rudimentary inferential testing. The qualitative phase will be 10 to 15 semi-structured interviews, which are suitable for exploratory qualitative work where depth and variation is the goal and not necessarily statistical. The research will cover firms from different sectors (retail, consulting, manufacturing etc.) with a focus on service and knowledge-intensive industries in which there is most evidence of GenAI use according to the statistics developed by the OECD (2025b). 
[bookmark: _Toc225503740]3.6 Data collection methods
Following the research methodology, the study has two data collection methods. The quantitative phase will use an online self-completion questionnaire that will be distributed through professional networks, LinkedIn and direct contact with SMEs. A structured closed-ended questions on 5-point Likert scales will be prepared divided in 5 sections; demographic information, extent of use of GenAI; perceived productivity; perceived job- quality outcomes; and perceptions of training and governance. A pilot test with 5 to 8 participants will be conducted prior to complete distribution to check clarity, face validity and consistency of the scales (Saunders et al., 2023). The main benefit of this method is its capability of collecting structured data from a large number of people in a relatively short amount of time. Its primary weaknesses are susceptibility to self-report bias and the potential for closed items to fail to reflect the full complexity of the experience of employees.
The qualitative phase will consist of semi-structured interviews carried out online through video platform, each interview will last around 30 to 45 minutes. An interview guide will address: reasons for GenAI adoption; changes in performance and working routines that have been observed; perceived impact on job quality; training provision and quality; governance arrangements and challenges; barriers and lessons. Semi-structured interviews are suitable because GenAI adoption in SMEs is likely to involve informal practices and contextually specific decisions that are not obtained through structured surveys. Braun and Clarke (2021) emphasise that this format can be used to systematically explore how participants make sense of workplace change whilst maintaining flexibility for unexpected issues explored. 
[bookmark: _Toc225503741]3.7 Data analysis
Quantitative analysis will be done in two stages. The first stage will use descriptive statistics, including frequencies, means, standard deviations and cross-tabulations will be used to summarise the patterns of GenAI use, perceptions of productivity and job quality, and access to training and governance across the sample. The second stage will use inferential analysis involving Pearson correlation and multiple regression to test for associations between GenAI adoption and measure of employee productivity and job quality outcomes, and for the moderating effect of training and governance. Statistical software (SPSS) will be used for all quantitative analysis. 
The qualitative data will be analysed using reflexive thematic analysis (Braun and Clarke 2021). The six-stage process is familiarisation with transcripts, initial coding, development of candidate themes, review and refinement of themes, precise naming and production of a thematic interpretation. Codes will be developed deductively based on the conceptual framework and inductively based on participant accounts, whereby the analysis will allow for testing of the patterns theoretically anticipated as well as be open to explanations that emerge. NVivo will help to manage data and transparency in the coding process. 
Finally both findings will be integrated together. quantitative patterns will identify if and how much GenAI adoption relates to employee outcomes, and qualitative themes will help to understand how and why these patterns emerge and differ across firms. 
[bookmark: _Toc225503742]3.8 Quality, reliability and trustworthiness
For the quantitative phase, pilot testing will be conducted and construct validity will be ensured using Cronbach's alpha. For the qualitative phase the criteria of trustworthiness will be evaluated against Lincoln and Guba's (1985) criteria; credibility through consistent interview procedure and member checking where feasible, transferability through detailed description of the context, dependability through reflexive analytic notes, and confirmability through transparent documentation of the coding process. Methodological triangulation across the two phases helps to further ensure overall credibility. 
[bookmark: _Toc225503743]3.9 Ethical considerations
Ethical integrity will be ensured throughout the study as human participants are engaged in in the study. Before any data are collected formal ethical approval will be obtained from the university ethics committee and following the UKRI guidance which states that research involving human participants must ensure the rights, dignity, wellbeing and autonomy of human participants are protected (UKRI, 2025).
All participants will be provided with a clear information sheet that will outline the purpose of the study, what will be involved in participating in the study, how data will be used and the participants right to withdraw from the study before analysis without penalty. Written informed consent will be obtained before participating in the study. Participation will be on a completely voluntary basis and no participant will be under any pressure to participate.
Confidentiality is particularly important as employees can feel free to express honest views about management, governance arrangements or informal AI use. To ensure data privacy, all data will be pseudonymised by using codes to identify participants and organisations but identifying data will be kept separate from the main dataset (ICO, 2025). Digital files will be stored in the secure password-protected, encrypted systems approved by the university. 
The principle of non-maleficence will be followed; hence questions will focus only on professional experience and participants will not be asked to divulge sensitive personal, commercial or client information. Any data a participant later wishes to withdraw will be removed on request.
[bookmark: _Toc225503744]3.10 Resource Implications and Feasibility
The proposed methodology has been designed with resource realism being one of the main constraints. By using the internet survey sites and online video interviews, the research avoids travel costs and allows access to geographically dispersed SMEs, throughout the UK. There is no need for specialist laboratory equipment, organisational intervention or large research team support.
The principal resources needed are time for recruitment of participants, distribution and monitoring of the survey, scheduling and conducting of interviews, transcription and statistical and qualitative analysis, and writing; access to survey software such as Qualtrics or Google Forms, that are available through university provision; access to statistical software SPSS for statistical and quantitative analysis; access to NVivo for qualitative data management; and standard word processing software for documentation and writing.
The key feasibility risk is access to a sufficient number of GenAI-adopting SMEs and willing participants. This risk can be managed through sustained outreach throughout professional networks, LinkedIn and industry contacts, providing participating organisations with a summary report as a tangible return for their participation, keeping the survey brief and participant-friendly, and keeping the interview schedule flexible. The mixed-method design also offers a level of resilience: if the response rates to the surveys are below the target, it is possible to strengthen the qualitative aspect to ensure robust and credible results. Overall, the methodology is feasible in terms of a postgraduate research project timeline and budget.
[bookmark: _Toc225503745]3.11 Limitations
Despite implications, the study has several limitations. First, the cross-sectional design captures evidence at one point in time and thus is incapable of fully explaining long-term change and strong causal relationships. Second, the study uses some self-reported data which may lead to response bias or socially desirable responses. Third, GenAI-using SMEs may result in limited sample sizes and sector coverage. Fourth, given the focus on UK SMEs the findings may not be directly generalisable to large organisations or to other national situations. Despite these limitations, the study was appropriate to come up with relevant and useful evidence on GenAI adoption in smaller firms. 
[bookmark: _Toc225503746]4. Research Timetable
The research will be completed over the course of six months. The Gantt chart below gives the schedule a visual representation, with the shaded cells being active phases for each activity. 
	Research Activity
	M1
	M2
	M3
	M4
	M5
	M6

	Literature review & conceptual framework
	
	
	
	
	
	

	Refine aims, objectives & research questions
	
	
	
	
	
	

	Research design & methodology chapter
	
	
	
	
	
	

	Ethics application & approval
	
	
	
	
	
	

	Survey design, pilot & revision
	
	
	
	
	
	

	Interview guide design
	
	
	
	
	
	

	Participant recruitment & access
	
	
	
	
	
	

	Survey distribution & data collection
	
	
	
	
	
	

	Semi-structured interviews
	
	
	
	
	
	

	Quantitative data analysis (SPSS/R)
	
	
	
	
	
	

	Thematic analysis of interview transcripts
	
	
	
	
	
	

	Integration of findings
	
	
	
	
	
	

	Writing: discussion & conclusion
	
	
	
	
	
	

	Final editing, referencing & submission
	
	
	
	
	
	


Figure 1: Research Gantt Chart (M = Month)
[bookmark: _Toc225503747]5. Expected Outcomes and Significance
This study is expected to make contributions at academic, empirical and practical levels. Academically, the study will build on TAM and related adoption theories by linking them with employee outcomes research and by considering organisational training and AI governance as moderating variables, rather than background conditions. It will also generate more integrated evidence on productivity and quality of jobs concurrently, moving beyond the dominant focus on productivity only.
Empirically, it will produce new evidence from the context of specific and under-researched UK SMEs, where the constraints of resources and quality of management are likely to influence GenAI outcomes in unique ways. Based on the literature review, it is expected that the study will find a positive association between the adoption of GenAI and employee productivity, while the impact on the quality of the work is likely to be more conditional. The overall prediction is that outcomes in terms of productivity and job quality are likely to be stronger and more sustainable where organisations offer structured training and have clear governance frameworks.
Practically, the research is expected to deliver actionable evidence for SME owners, managers, HR practitioners and UK policy makers. If the results illustrate that governance and training moderate GenAI results, this would argue for investment in capability development and responsible use frameworks as a pre-requisite for effective adoption, and of direct relevance to current UK government priorities around AI readiness, digital skills and responsible innovation (DSIT, 2026; ONS, 2025).
[bookmark: _Toc225503748]6. Conclusion
Overall, this proposal outlines a clear and practical plan to investigate the impact of generative AI adoption on employee productivity and job quality with respect to UK SMEs, specific focus on the role of organisational training and AI governance as moderating factors. The study is based on a timely business problem and informed by a critical review of the existing academic and policy literature. By adopting a mixed-methods approach, the research aims to produce both quantifiable data and more in-depth organisational understanding. The research is expected to contribute to an understanding of how SMEs can more effectively and responsibly use GenAI, as well as provide value to managers, employees and policymakers interested in ensuring a sustainable adoption of AI in the workplace. 
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