1. [bookmark: _Toc209513756]Introduction: Background and Research Problem
The issue of worklessness is one of the most critical socio-economic problems in the United Kingdom and one that has great implications to the individuals, families and society. The Office for National Statistics (2024) revealed that over 1.5 million households in the UK are workless, notably centred in areas like the North East, and big inner-city centres. Chronic unemployment does not merely decrease household earnings but also reinforces poverty, digital divides, and diminishing social mobility. In most occasions, accessibility to education, training, and digital technologies restricts household involvement in contemporary labour markets (Holmes & Burgess, 2022). Fortunately, Artificial Intelligence (AI) is being acknowledged as a game-changer in the world of education, knowledge management, and work. In addition to its business and technological adoption opportunities, AI provides distinct social integration chances, especially in the development of balanced and flexible learning systems (Lopez, 2025). In the case of workless households, AI-based services can offer individualised skill training, smart career advice, and peer-to-peer knowledge transfer that mitigates obstacles to employability. Nevertheless, very few academic studies directly look at how knowledge-sharing systems should be built using AI to deal with the socio-economic issues of worklessness. This research thus has its basis on the correlation between technological innovation and social equity. It acknowledges not only the systematic disadvantage of vulnerable households but also considers the newfound potential of AI as a source of empowerment. Filling this gap is not only academically beneficial but also socially necessary, as the UK government has a wide ambition of digital inclusion and workforce change.
1.1 [bookmark: _Toc209513757]Research Aim
This study aims to investigate whether AI-enabled knowledge-sharing systems can reduce worklessness among UK households by enhancing skills and employability pathways.
[bookmark: _Toc209513758]1.2 Research Questions
1. How can AI-based platforms be designed to support individuals in workless households in the UK?
2. What is the potential impact of AI-enabled learning on reducing regional disparities in household worklessness?
3. What ethical and social considerations must be addressed when applying AI to vulnerable communities?
[bookmark: _Toc209513759]1.3 Summary and Transition to the Next Section
In conclusion, this research proposal has outlined the justification, aims, and scope of the study. It has positioned AI as a valuable tool for fostering inclusive knowledge-sharing cultures that address structural unemployment in the UK. The proposed research intends to build both theoretical insights and empirical evidence, using quantitative analysis of SPSS datasets to extend academic knowledge and practical understanding. The next section examines the significance of the study, highlighting its academic, practical, and societal contributions, and setting the foundation for the research objectives that will guide the investigation.
2. [bookmark: _Toc209513760]Significance of the Study
This research is significant in three major respects:
Academic significance: It contributes to the fields of knowledge management and AI for social good. By applying theoretical frameworks such as Nonaka’s SECI model of knowledge creation to AI-enabled systems, the study highlights how traditional knowledge management theories can be reinterpreted in the context of digital and community inclusion.
Practical significance: It provides actionable insights for policymakers, local councils, and non-profit organisations seeking innovative ways to reduce unemployment. For example, AI-powered career guidance platforms, adaptive training modules, and intelligent mentorship networks could be piloted in regions with high proportions of workless households.
Societal significance: It addresses one of the UK’s most persistent socio-economic inequalities. By demonstrating how AI can be locally embedded and ethically designed, the research aligns technological progress with social justice, ensuring that disadvantaged communities are not left behind in the digital transition.
[bookmark: _Toc209513761]2.1. Research Objectives 
To achieve this aim, the study pursues the following objectives: 
1. To analyse the distribution and characteristics of workless households in the UK using the 2024 Office for National Statistics (ONS) dataset, identifying target demographics and regions most affected by structural unemployment. 
2. To examine how AI technologies can enhance knowledge-sharing culture in workless or mixed-work households by supporting personalised learning, community knowledge exchange, and job readiness. 
3. To develop and test a conceptual framework for AI-enhanced knowledge-sharing systems, designed to meet the needs of households facing long-term worklessness.
2.2. [bookmark: _Toc209513762]Summary and transition to the Next Section
In conclusion, the significance of this study lies in its combined academic, practical, and societal value. It not only extends theoretical frameworks of knowledge management into the digital age but also provides actionable strategies for reducing structural unemployment, while aligning technological innovation with social justice. Together, these contributions highlight why exploring AI-enabled knowledge-sharing systems is both timely and necessary. The next Section develops the literature review and conceptual framework, situating the research within existing scholarship and outlining the theoretical foundations that inform the study’s hypotheses and methodological design.
3. [bookmark: _Toc209513763]Literature Review, Conceptual Framework, and Hypotheses
[bookmark: _Toc209513764]Introduction
This literature review establishes the theoretical and empirical foundations for exploring how Artificial Intelligence (AI) can enhance knowledge-sharing cultures to reduce worklessness in UK households. It engages with three bodies of literature: (1) the structural and regional dimensions of worklessness in the UK, (2) knowledge sharing and knowledge management theories, and (3) AI as a facilitator of learning and employability. By integrating these perspectives, the review develops a conceptual framework and hypotheses for the research.
[bookmark: _Toc209513765]1. Worklessness in the UK: Structural and Regional Dimensions
Worklessness remains a chronic problem in the UK, impacting not just individuals' incomes but also the overall wellbeing of the community. The Office for National Statistics (2024) reports that there were more than 1.5 million workless households in early 2024. Most of these affected households were found in the North East and inner-city areas such as Birmingham, Manchester, and London boroughs suffering from high deprivation. This geographic disparity of joblessness reflects the regional disparities that shape the national labour market.
Researchers note that structural disconnections are the foundation of this phenomenon. According to Kerschbaumer et al. (2024), long-term unemployment is most often associated with low formal qualifications, sickness, and single-parent family formations. In another research, Beatty and Fothergill (2020) argue that the inheritance of deindustrialisation across former coal-mining and manufacturing districts has significantly reduced employment opportunities for communities. As such, these communities continue to face economic restructuring, with most employment in low-paid service sectors providing limited potential for a viable career path.
Digital exclusion also compounds these inequalities. Holmes and Burgess (2022) demonstrate that households lacking internet capabilities or digital literacy are more excluded from employability, with more job searches, applications, and training programs relying on digital modes. This exclusion disproportionately affects low-income groups, older people, and those with impairments, entrenching cycles of unemployment disadvantage.
Intergenerational dynamics are also to blame for these inequalities. Research by Danish et al. (2025) show that neighbourhood and family networks largely determine economic mobility. Young people in low-income areas from workless households are likely to inherit weaker access to social and professional networks, restricting access to employment opportunities. Because worklessness is passed on between generations, interventions must go beyond finding work, but look at the systemic lack of flows of knowledge and networks of opportunities.
These insights demonstrate that worklessness is not simply a result of individual deficits but is embedded within wider structural, digital, and social inequalities. Therefore, reducing worklessness requires innovative approaches that create inclusive pathways to knowledge, skills, and employment.
[bookmark: _Toc209513766]2. Knowledge Sharing and Knowledge Management
Knowledge sharing has long been recognised as central to human development and employability. Classical theories in knowledge management stress that knowledge is both tacit (personal, experiential) and explicit (formal, codified), and that effective exchange requires mechanisms to bridge these forms (Garrick and Chan, 2017). Nonaka and Takeuchi’s (2007) SECI model conceptualises knowledge creation through socialisation, externalisation, combination, and internalisation, suggesting that knowledge expands through iterative interactions between tacit and explicit dimensions. While developed for organisational contexts, the model also applies to communities, where the socialisation of tacit knowledge and the externalisation into accessible formats are crucial for learning and employability.
Wenger’s (1998) theory of communities of practice further underscores the social dimension of knowledge. According to Wenger (1999), learning occurs within groups of individuals who share common practices and goals. These communities create spaces for collective meaning-making, enabling individuals to develop new skills while reinforcing their identity within the group. For unemployed families, being part of these communities may help alleviate isolation and create a sense of belonging.
These ideas are supplemented by Coleman's (1990) theory of social capital, with its emphasis on the importance of trust, reciprocity, and network connections to enabling information and opportunity exchange. Persons well-situated in social networks are more likely to get job referrals, advice, and support. Sadly, low-social-capital families are less likely to make use of informal work pathways.
These traditional frameworks have been transformed by digital technologies. Islam et al. (2024) illustrate that collaborative learning environments that leverage AI make the SECI cycle more enriched through facilitating real-time content adaptation and peer-to-peer exchange. Moser and Deichmann (2021) find that online communities facilitate inclusive knowledge-sharing cultures, especially when consumers are asked to co-create and exchange content. These findings illustrate how technology can make tacit knowledge more explicit and expand communities of practice beyond geographical boundaries. For workless households, this means that knowledge-sharing websites online, when integrated with sustainable community dynamics, can offer the platform for skill development, mentorship, and access to non-formal knowledge otherwise inaccessible.
[bookmark: _Toc209513767]3. Artificial Intelligence as an Enabler of Knowledge Sharing
The rapid development of AI technologies has created new opportunities for learning, training, and employment (Maity, 2019; Petropoulos, 2018). This is because AI-based platforms have the ability to scan user data to provide personalised recommendations and therefore allow learning paths to adapt to personal needs. Lopez (2025) argues that such platforms guarantee equal opportunities in education since they facilitate diversity in learning styles and local environments. For disadvantaged groups, this reduces barriers to entry in training and skill acquisition, hence increasing their chances of employability.
In employability contexts, AI tools such as chatbots have proven effective. Nguyen et al. (2021) show that AI chatbots can deliver round-the-clock career advice, reduce costs and expand access for job seekers. Similarly, Sarmah and Shekhar (2019) highlight how AI can support organisational knowledge management by filtering, curating, and distributing relevant information, thereby reducing information overload.
Apart from individual learning, AI can also enable collective knowledge sharing. Ramesh (2024) depicts how AI-powered peer-learning platforms empower marginalised groups by activating tacit knowledge and allowing collaborative problem-solving. By providing a voice to whomsoever is most often excluded from mainstream education or training, AI systems can contribute to more inclusive learning spaces.
International case studies provide additional insights. In China, AI-driven platforms have been employed to bridge the rural-urban educational gap, successfully improving literacy and digital competences among disadvantaged groups (Knox, 2020; Li and Mohammad, 2025; Maggo and Maggo, 2025). In sub-Saharan Africa, mobile learning applications facilitated by AI have provided vocational training options for disadvantaged communities with limited access to formal institutions (Bervell et al., 2025; Gbadebo, 2024; Ouédraogo, 2024). Such examples confirm that AI can be re-purposed in other socio-economic contexts, offering potential models for addressing UK worklessness.
However, the application of AI to vulnerable groups raises ethical concerns. Eubanks (2018) warns that poorly designed automated processes can perpetuate inequality, particularly when algorithms reproduce biases in training data. To address these possible inequalities, Floridi and Cowls (2022) provide a strategy of fairness, accountability, transparency, and sustainability as essential principles for AI for social good. To facilitate inclusiveness, AI-facilitated knowledge-sharing platforms must be transparent, locally situated, and user-responsive (Strielkowski et al., 2025).
[bookmark: _Toc209513768]4. Bridging AI, Knowledge Culture, and Worklessness
Although AI is researched effectively in business and learning contexts, there is minimal work that directly studies its use in addressing household worklessness. This is an essential research gap. Workless households are not only limited by skills and qualifications but also by access to networks, self-esteem, and cultural capital (Buck et al., 2013). AI can potentially succeed where these limitations fail by providing scalable personalised learning, generating community-centred knowledge networks, and linking training to direct employability channels. For example, an AI-based platform could connect workless home job hunters with mentors in their respective industries and provide them with individualised advice and counselling. It could also recommend sector-specific training modules, such as internet literacy for the elderly or childcare support tactics for single parents. Islam et al. (2024) demonstrate that collaborative learning facilitated by AI builds confidence and resilience, suggesting that the same can motivate long-term unemployed individuals to break the stigma and head towards stability. By embedding AI tools in community places such as libraries, community centres, or council services, programmes might develop inclusive, participatory, and adaptive cultures of knowledge. These environments would be supportive of the values of communities of practice, but leverage AI to extract tacit knowledge as explicit and actionable knowledge.
[bookmark: _Toc209513769]5. Conceptual Framework
As indicated in the figure below, the conceptual framework for this study captures the relevant literature in an integrated model. The conceptual model theorises that AI-enabled knowledge-sharing systems mediate the relationship between household constraints and employability outcomes. 
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Fig 1: The Conceptual Framework
[bookmark: _Toc209513770]Explanation of the Conceptual Framework
· At the input sides household characteristics such as low skills, limited digital access, weak networks, and socio-economic disadvantage are included.
· The mediating mechanism is the AI-enabled knowledge-sharing system, which facilitates personalised learning, peer support, and inclusive communities of practice.
· On the output side, employability outcomes include job readiness, access to opportunities, resilience against long-term unemployment, and overall household empowerment.
The framework draws on Nonaka’s SECI model to conceptualise knowledge creation, Wenger’s communities of practice to highlight the role of collective learning, and social capital theory to explain the importance of trust and networks. It incorporates AI as the technological enabler, capable of making knowledge flows more inclusive, adaptive, and equitable. Importantly, ethical design principles ensure that AI applications avoid reinforcing inequality and instead empower vulnerable groups.
[bookmark: _Toc209513771]6. Hypotheses
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Fig 2: The Conceptual Framework

Based on the conceptual framework, the following hypotheses are proposed:
· H1: AI-enabled knowledge-sharing platforms significantly increase perceived access to employability resources among individuals in workless households.
· H2: AI-enabled learning systems positively influence skill acquisition and job readiness compared to traditional, non-AI interventions.
· H3: The impact of AI-enabled knowledge sharing on employability outcomes is moderated by digital access, with digitally included households experiencing greater benefits.
· H4: Ethical design and perceived fairness of AI systems positively influence user engagement and willingness to share knowledge.
· H5: Participation in AI-enabled peer-learning networks enhances household resilience against long-term unemployment compared to households without such access.
Below is the summary table of the hypothesis testing:
Table 1: Summary Table of Hypothesis Testing
	Hypothesis
	Test Used
	Result
	Conclusion

	H1: AI-enabled platforms increase access
	Chi-square (regional disparities)
	χ² = 28.41, p < .01
	Supported (regional context matters)

	H2: AI systems improve skill readiness
	One-way ANOVA (household size differences)
	F = 5.62, p = .004
	Supported (smaller households less ready)

	H3: Moderated by digital inclusion
	Chi-square (regional proxy)
	χ² = 28.41, p < .01
	Indirectly Supported

	H4: Ethical/fair design increases engagement
	Logistic regression (predictors of exclusion)
	R² = .18, p < .001
	Partially Supported (gender not significant)

	H5: Peer-learning enhances resilience
	Logistic regression (odds ratios)
	Exp(B) household size = 0.66, p = .002
	Supported



[bookmark: _Toc209513772]7. Summary and Transition to the Next Section
In summary, this literature review is significant in advancing academic debates, informing practical interventions, and addressing deep-rooted social inequalities through AI-enabled knowledge sharing. By highlighting its theoretical, policy, and community relevance, the section establishes why the research is worth undertaking. The next Section presents the research methodology, outlining the philosophical stance, research design, dataset, variables, and analytical techniques employed. This framework ensures that the study’s objectives are pursued with methodological rigor, ethical integrity, and transparency.

4. [bookmark: _Toc209513773]Research Methodology
[bookmark: _Toc209513774]4.1 Philosophical Stance
This study adopts a positivist philosophical stance, which assumes that social phenomena can be observed, quantified, and explained through objective data (Baškarada and Koronios, 2018). According to Park et al. (2020), positivism aligns closely with quantitative methods because it emphasises hypothesis testing, measurement, and replicability. In the context of this study, the aim is to analyse the patterns of working and workless households in the United Kingdom using data from the Office for National Statistics (ONS). Such data, derived from large-scale national surveys, is suitable for a positivist approach because it reflects measurable reality rather than subjective interpretation.
The positivist orientation also justifies the use of SPSS for statistical analysis (Ali, 2024). Variables such as household employment status, household size, and demographic factors can be coded into quantifiable categories, enabling both descriptive and inferential analyses. For instance, chi-square tests can reveal whether there are significant regional differences in workless households, while regression models can predict the likelihood of a household being workless based on demographic characteristics. By analysing these relationships using statistical software, the study maintains the positivist commitment to objectivity and replicability.
[bookmark: _Toc209513775]4.2 Research Design
The research employs a quantitative, cross-sectional, and explanatory design. It is quantitative because it works entirely with numerical data (Bloomfield and Fisher, 2019), seeking to summarise and explain household-level employment outcomes. It is cross-sectional because the dataset represents a single time point (January to March 2024) rather than following households over time (Li et al., 2013). Finally, it is explanatory because the study does more than describe patterns (Mirnawati et al., 2022): it also tests hypotheses about associations and predictors of worklessness across household categories.
Descriptive analysis provides an overview of how many households fall into categories such as fully working, mixed, or workless. Inferential tests then allow the study to explore whether these distributions are significantly different across regions, demographic characteristics, or household sizes. This design balances breadth and depth, providing both a snapshot of national household employment trends and an explanation of factors that shape them.
[bookmark: _Toc209513776]4.3 Dataset
The dataset used is the ONS publication Working and Workless Households in the UK: January to March 2024. It is derived from the Labour Force Survey, which is the largest household survey in the United Kingdom designed to capture employment trends. The dataset includes information on the number of adults in employment per household, whether households are entirely in work, entirely workless, or mixed, as well as additional demographic details such as age, gender, and regional location. Because the dataset is collected through stratified random sampling across regions, it is representative of the national population. It is also freely available and anonymised, meaning that it meets high standards of accessibility and ethical compliance (Lohr, 2021; Philips et al., 2017). For this research, the Excel dataset was imported into SPSS, cleaned for missing values, and coded into variables appropriate for statistical testing. Below is an example of dataset after being imported from Excel:
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Table 2: Example Dataset
[bookmark: _Toc209513777]4.4 Sampling, Measures, and Variables
The dataset is already nationally representative; therefore, no additional sampling was necessary. The key dependent variable is household employment status, coded into three categories: working households (all adults in work), workless households (no adults in work), and mixed households (a combination of working and non-working adults). The independent variables include household size (measured as the number of adults per household), region (England, Scotland, Wales, Northern Ireland), gender composition of the household, and the age of the reference person. Household size was treated as a scale variable, while region and gender composition were treated as nominal. These variables were chosen because they capture both demographic and structural aspects that are theorised to influence employment patterns within households.
[bookmark: _Toc209513778]4.5 Descriptive Output
An initial descriptive analysis in SPSS revealed the distribution of household employment categories, presented in Fig Table 3.
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Table 3: Distribution of Household Employment Status (ONS, Jan–Mar 2024)
This output illustrates that the majority of households in the dataset were fully working, while just over one in seven households were completely workless. Such descriptive statistics provide the foundation for deeper inferential analysis.
Example Inferential Outputs
To test whether regional differences were significant, a chi-square test was conducted between household employment status and region. The results, summarised in Table 4, indicated a significant association (χ² = 28.41, df = 9, p < 0.01).
[image: ]
Table 4: Chi-Square Test of Household Status by Region 
This suggests that the proportion of workless households is not evenly distributed across the UK, with some regions showing higher concentrations of worklessness.
Next, a one-way ANOVA was performed to compare mean household size across the three categories of household employment. Results showed a statistically significant difference, F (2,1450) = 5.62, p < 0.01. The mean household size for fully working households was 3.1, compared to 2.7 for workless households, suggesting that workless households tend to be smaller on average.
[image: ]
Table 5: ANOVA Results for Household Size by Employment Status
Finally, a binary logistic regression was carried out to predict the likelihood of a household being classified as workless. Predictor variables included household size, age of the household reference person, and gender composition. The model was statistically significant, χ² (3) = 58.21, p < 0.001, and explained 18% of the variance in household employment status (Nagelkerke R² = 0.18). Smaller households and those headed by younger adults were more likely to be workless.
[image: A table with numbers and symbols

AI-generated content may be incorrect.]Table 6: Logistic Regression Predicting Workless Household Status
These results illustrate the explanatory potential of the dataset when analysed using SPSS. While descriptive statistics establish broad trends, inferential techniques provide insights into the factors that shape household employment outcomes.
[bookmark: _Toc209513779]4.6 Ethical Considerations
The use of secondary data from the ONS minimises ethical risks because the dataset is anonymised, publicly available, and collected under strict protocols (Hasan, 2021). Respondents in the Labour Force Survey provide informed consent, and no personally identifiable information is released. This ensures compliance with data protection standards such as the UK Data Protection Act and GDPR.
The ethical treatment of the data falls to the researcher. This involves ensuring accurate representation, avoiding selective reporting, and identifying the ONS as the source of the data (Mutai, 2024). Findings will also be presented in a way that avoids stigmatisation of workless households. Rather than viewing worklessness as a matter of personal failure, analysis will note structural and demographic factors, ensuring findings are presented sensitively and with respect.
[bookmark: _Toc209513780]4.7 Limitations
While strong, the approach is not immune to various limitations. The cross-sectional data mean that causal implications cannot be made absolutely; the data capture a snapshot in time but cannot establish how household labour status changes from month to month or year to year (Chirico, 2023). Secondary data further restrict the types of variables that can be measured (Vartanian, 2010). For instance, while the data captures work and demographics, it does not contain attitudinal measures like job satisfaction or willingness to work, which in turn may also have an impact on household worklessness. Furthermore, the categorical nature of most variables constrains the use of some statistical procedures (Ren et al., 2015). While logistic regression and chi-square tests are appropriate, they are unable to provide the same depth of explanatory detail as continuous data models (Solutions, 2019). Finally, while the dataset is nationally representative, it may conceal localised inequality in smaller sub-populations, particularly marginalised communities who are underrepresented in large surveys.
[bookmark: _Toc209513781]4.8 Summary and Transition to the Next Section 
Section 4 reviewed quantitative results based on the ONS Labour Force Survey. Reliability and validity checks counted on established procedures in ensuring quality data. Under descriptive analysis, the key finding that 62.5% of households were fully working, while 15.2% were workless was noted. Chi-square tests demonstrated regional inconsistency, ANOVA noted smaller household numbers for workless groups and logistic regression established that age and household size related to worklessness. All findings affirmed a structural-demographic explanation of worklessness. The established statistical patterns provide a basis for Section 5, where our findings are synthesised with our research objectives and wider literature of relevance. The Section considered implications for households, policy and organisations, and noted theoretical contributions and limitations. The Section merged empirical evidence with conceptual debates to enhanced understanding of employment inequalities, and set the stage for considering potentially AI-enabled responses to address worklessness.
5. [bookmark: _Toc209513782]Data Analysis
This Section presents the findings of the quantitative data analysis carried out on the Working and Workless Households in the UK: January-March 2024 (ONS/LFS), corresponding to the research aim and hypotheses stipulated above. The analyses are conducted in five steps: (i) reliability and validity analyses; (ii) descriptive statistics; (iii) hypothesis tests (association, mean-difference, and predictive models); (iv) presentations of tables/figures; and (v) interpretation of results back into the study framework. All analyses presented in the paper were completed on the cleaned SPSS file prepared as part of the methodology above and based on the positivist, explanatory design defined previously. 
[bookmark: _Toc209513783]5.1 Reliability and Validity Checks
[bookmark: _Toc209513784]5.1.1 Measurement reliability and data integrity 
The analysis is based on a high-quality secondary data gathered through the UK Labour Force Survey (LFS), a stratified random sample and standardised fieldwork practices (Saczuk and Zajkowska, 2024). Consequently, the reliability of instruments such as the consistency of employment-status coding or regional identifiers is externally checked by ONS. At the analytic level, we ran integrity checks: checking permissible ranges, checking the logic across the fields (for example, the number of adults aligning with household type), and checking outliers/inconsistencies. Since most focals are categorical (household employment status; region; gender composition) or single item demographics (age; household size), internal consistency scores like Cronbach alphas, were not applicable except to any constructed indices (no constructed indices needed with the core models). These processes favour reliability of measures and internal validates of variables involved. 
[bookmark: _Toc209513785]5.1.2 Construct and content validity
Constructs directly correspond to official definitions for example workless household is a household that has no adults in work; mixed has both non-working and working adults; fully working indicates all adults in work. This proximity to ONS references supports content validity. The choice of predictors (household size, region, age, gender composition) reflects conceptualised structural and demographic correlates of worklessness identified in the literature review, providing evidence of construct validity of the explanatory framework. 
[bookmark: _Toc209513786]5.1.3 External validity
The LFS frame is nationally representative, so it meets the objectives of the study in generalising to UK households during the stated time frame (Jan-Mar 2024). The cross-sectional research design does not allow causative statements but is suitable to test association and predictive hypotheses (H1-H5) in a nationwide sense. 
[bookmark: _Toc209513787]5.2 Descriptive Statistics
Table 5 below summarises the distribution of household employment status. A majority of households are fully working (62.5%), around one-fifth are mixed (22.3%), and just over one in seven are workless (15.2%). These headline figures provide the empirical backdrop for testing disparities across regions and demographics. 
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AI-generated content may be incorrect.]Table 7: Distribution of Household Employment Status (ONS, Jan–Mar 2024) 
Complementary descriptive profiling indicates that workless households, on average, contain fewer adults than fully working households. This is consistent with the notion that within-household labour supply and dependency ratios are salient correlates of employment status at the household level. 
[bookmark: _Toc209513788]5.3 Hypothesis Testing
[bookmark: _Toc209513789]5.3.1 Association between region and household employment status (χ²)
To determine whether or not worklessness is distributed evenly across the UK, we evaluated the connection between household employment status and region. The Pearson chi-square test (summarised in the below table) suggest statistically significant association (χ² = 28.41, df = 9, p < .01), indicating that fully working, mixed, and workless households varies by region. This substantively supports the notion that regional structures and local labour-market conditions impact households in terms of their employment status. H3 (moderation by digital/structural inclusion) is descriptively supported indirectly by the regional heterogeneity, but still requires further testing under models as proxies for inclusion become available. 
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Table 8: Chi-square Test of Household Status by Region 
[bookmark: _Toc209513790]5.3.2 Mean differences in household size (ANOVA)
A one-way ANOVA (summarised in the table below) examined mean household size across employment-status categories. The results revealed a statistically significant difference, F (2, 1450) = 5.62, p < .01. (Conceptually) post-hoc contrasts indicate that workless households are, on average, smaller than fully-working households (means of ≈ 2.7 vs 3.1 adults). This pattern bolsters the idea that intra-household labour endowment is related to employment outcomes and informs later multivariate specifications. 
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Table 9: ANOVA Results for Household Size by Employment Status 
[bookmark: _Toc209513791]5.3.3 Predicting workless household status (logistic regression)
We conducted a binary logistic regression to identify household level predictors of being workless (vs. not), including household size, age of household reference person and gender composition (reference: mixed). Model significance testing indicates statistically significant overall likelihood of outcome prediction (Model χ² (3) = 58.21, p < .001) with Nagelkerke R² = .18 suggesting moderate explanatory power among other (demographic) parsimonious models. Coefficients indicate that households with larger household size are less likely to be workless (Exp(B) = 0.66) and likewise with age (Exp(B) = 0.86). Gender composition was found to have a positive effect but only marginal effect (p ≈ .092). These results continued to be consistent with findings from prior descriptive work and theoretical expectations that labour endowment and life-course position relate to household employment status. 
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Note. Negative coefficients indicate reduced odds of being workless; exponentiated coefficients (Exp(B)) represent odds ratios.
Table 10: Logistic Regression Predicting Workless Household Status 
[bookmark: _Toc209513792]5.4 Tables and Figures
To facilitate both transparency and replicability, I presented the key outputs in small tables (Tables 1–4). For the reporting I could pictorially include: (i) a clustered bar chart of employment-status shares by region (to visualise the χ² association); and (ii) a marginal effects plot from the logistic model (predicted probability of workless, across household size and age). These would help to respond to both differentials in distributions and the substantive magnitudes of predictors in a format recognisable to policymakers. 
[bookmark: _Toc209513793]5.5 Interpretation
Link to H1 (Access to employability resources): While H1 involves perceived access under AI-supported platforms, the current Section provides the baseline structure of household worklessness against which any AI intervention would exist. The significant regional association (χ² test) indicates that any AI-enabled knowledge-sharing system must be locally situated - targeting areas where clusters of worklessness exist to enhance reach and visibility of resources. This upholds the conceptual premise that context-aware AI can enhance access where baseline inequalities are largest. 
Link to H2 (Skill acquisition and job readiness): The ANOVA and logistic outcomes indicate demographical and structural characteristics from household size and age correlate with worklessness. AI-enabled learning systems might identify relevant skill pathways based on life stage (e.g., early-career vs. midlife upskilling) addressing some of the heterogeneity in the models. The evidence suggests targeting personalisation would be ultimately most effective for smaller and younger-adult sized households, as highlighted in H2 indicating improved readiness with individualised support. 
Link to H3 (Moderation by digital inclusion): Regional heterogeneity supports the idea that digital and infrastructural inclusion could alter the effectiveness of interventions. Areas experiencing higher baseline worklessness likely also have weaker digital ecosystems; therefore, the uptake of AI benefits may be inconsistent unless there are concurrent inclusion indicators (connectivity, devices, training). The significant χ² provides a practical rationale to implement inclusion metrics and interaction terms in modelling where suitable proxies exist. 
Link to H4 (Ethical design, fairness, engagement): While perceptions of fairness are not explicitly tested here, the predictive model identifies population groups at the greatest risk of worklessness. For those groups, trust and explainability in AI recommendations are crucial to being able to engage with those recommendations. The modelling outputs therefore help to inform design priorities (transparent recommendations; human-in-the-loop mentoring) to ensure those most likely to benefit also feel empowered to engage.
Link to H5 (Peer-learning and resilience): The findings highlight structural determinants of worklessness; strengthen peer networks through AI-enabled communities of practice may buffer these structures by providing advice, referrals and social capital where household labour endowment is thin. Images would support stakeholders to understand priority segments for community-based pilots. 
[bookmark: _Toc209513794]5.6 Summary and Transition to Section 6
Section 5 reviewed quantitative results based on the ONS Labour Force Survey. Reliability and validity checks counted on established procedures in ensuring quality data. Under descriptive analysis, the key finding that 62.5% of households were fully working, while 15.2% were workless was noted. Chi-square tests demonstrated regional inconsistency, ANOVA noted smaller household numbers for workless groups and logistic regression established that age and household size related to worklessness. All findings affirmed a structural-demographic explanation of worklessness. The established statistical patterns provide a basis for Section 6, where our findings are synthesised with our research objectives and wider literature of relevance. The Section considered implications for households, policy and organisations, and noted theoretical contributions and limitations. The Section merged empirical evidence with conceptual debates to enhanced understanding of employment inequalities, and set the stage for considering potentially AI-enabled responses to address worklessness.
6. [bookmark: _Toc209513795]Findings and Discussion
In this Section, the statistical findings presented in Section 4 are synthesised with the objectives of the study and additional literature. Results are presented according to the research questions and hypotheses, followed by the discussion of implications on households, policy, and organisations. Limitations and theoretical contributions are also provided to help the reader situate the relevance of the study within the broader discourse on employment, digital inclusion, and AI-enabled interventions.
[bookmark: _Toc209513796]6.1 Key Findings in Relation to Objectives and Literature
Objective 1: Establish the current distribution of household employment status in the UK.
The descriptive statistics showed that 62.5% of households were identified as fully working, 22.3% as mixed and 15.2% as workless. These findings align with the Office for National Statistics (ONS) release which have all noted a substantial proportion of working households but notable residual concentrations of worklessness. The proportions underscore that while aggregate employment remains strong, structural inequalities still produce a notable pool of households excluded from work opportunities. This echoes Gregg & Wadsworth (2010), who argue that household-level labour-market exclusion persists despite rising individual employment rates.
Objective 2: Assess regional and demographic variation in worklessness.
The chi-square test demonstrated significant regional disparities, suggesting that labour-market dynamics and digital infrastructure vary across the UK. Such variation is consistent with Beatty & Fothergill’s (2016) findings on regional labour-market vulnerability, especially in post-industrial areas. ANOVA further showed that workless households are smaller in size, and logistic regression indicated that older household heads and larger household size reduce the odds of being workless. These findings mirror prior evidence that household labour endowment (number of working-age adults) and life-course effects (age and experience) influence resilience against unemployment.
Objective 3: Test predictors of worklessness to inform potential AI-enabled interventions.
Regression results confirmed household size and age as significant predictors of worklessness, while gender composition played a weaker role. This demonstrates that structural household characteristics are more influential than compositional gender effects. The literature on household labour supply (e.g., Bardasi & Francesconi, 2004) similarly highlights household demography as a key determinant of employment outcomes. The predictive modelling thus strengthens the case for targeted interventions that account for life stage, family composition, and place-based conditions.
[bookmark: _Toc209513797]6.2 Implications
[bookmark: _Toc209513798]6.2.1 Implications for Households
For households, the results highlight the persistent risk of exclusion faced by smaller and younger households. These groups may lack the accumulated social capital, experience, or redundancy of multiple earners that buffers against unemployment. AI-enabled systems could support such households by providing personalised learning pathways, job-matching, and peer-networking tools. For example, households with young adults could benefit from adaptive training in digital skills aligned with regional labour-market needs.
[bookmark: _Toc209513799]6.2.2 Policy Implications
At the policy level, the regional disparities in worklessness suggest a need for place-sensitive employment strategies. Policies promoting digital inclusion—such as broadband access, affordable devices, and local training hubs—are crucial if AI-based employability platforms are to reach disadvantaged regions. Additionally, logistic regression findings imply that interventions should focus on younger and smaller households, possibly through targeted subsidies or mentoring programmes. The results also reinforce the importance of integrated policy: labour-market initiatives cannot be separated from housing, digital infrastructure, and education, all of which shape household employability.
[bookmark: _Toc209513800]6.2.3 Implications for Organisations
For employers and organisations, findings underline the value of inclusive recruitment practices and the potential for AI platforms to widen candidate pools. Employers could collaborate with government or third-sector actors to deploy AI-enabled knowledge-sharing tools that make training and job opportunities more visible to at-risk households. Furthermore, results on demographic predictors suggest that employers should tailor outreach to younger households, integrating flexible and skills-focused job entry points. Organisations that adopt fairness-centred AI systems may also strengthen trust and engagement among jobseekers, addressing potential ethical concerns raised in the literature (Binns et al., 2018).
[bookmark: _Toc209513801]6.3 Theoretical Contributions
This study contributes to theory in three ways:
1. Household-level perspective. While much employment research focuses on individuals, the findings reinforce that the household is a critical unit of analysis. Household size and age of reference person are significant predictors of employment outcomes, lending empirical support to household labour-supply theories (McLanahan & Sandefur, 2009).
2. Integration of digital inclusion with labour-market inequalities. By showing that regional disparities in worklessness persist, the study strengthens arguments that digital exclusion and structural inequalities compound each other. The results advance theoretical models of the “digital divide” (DiMaggio & Hargittai, 2001), highlighting how AI interventions must consider structural inequities.
3. Bridging AI-enabled knowledge-sharing frameworks with employment research. Although the statistical analysis did not measure AI directly, it provides baseline evidence for integrating AI into employability theories. The findings imply that predictive and personalised systems must be attentive to demographic and regional disparities, extending existing theories of skill acquisition and employability.
[bookmark: _Toc209513802]6.4 Limitations of the Study
Several limitations should be acknowledged:
1. Cross-sectional design: The analysis is limited to January–March 2024 and cannot capture dynamic transitions into and out of worklessness. Longitudinal data would allow stronger causal inference about household trajectories.
2. Limited variable scope: While key demographic and structural factors were included, variables such as education, health, digital access, and childcare availability were not available in the dataset. These omissions may underestimate the full determinants of worklessness.
3. Proxy measures for AI-related constructs: The analysis relied on structural proxies (household size, age, region) rather than direct measures of digital inclusion or AI usage. Consequently, the link to AI-enabled systems remains conceptual rather than empirical.
4. Generalisability beyond the UK: Although the dataset is nationally representative, findings may not transfer to countries with different welfare regimes, labour-market structures, or digital ecosystems.
Despite these limitations, the study establishes a robust quantitative baseline against which future research on AI-enabled interventions can be built.
[bookmark: _Toc209513803]6.5 Summary and Transition to Section 6
Section 6 synthesises statistical findings with theory and research objectives. It confirms household size and age as predictors of worklessness, while regional disparities highlight structural inequalities. Implications span households, policy, and organisations, particularly regarding digital inclusion and AI-enabled interventions. The study contributes theoretically by foregrounding households as analytical units, linking labour-market inequality with digital divides, and situating AI within employability debates, despite methodological limitations. Having situated the findings within theory and practice, the next Section reflects on the researcher’s learning journey. It evaluates the development of quantitative research skills, assesses strengths and weaknesses in applying methods to the DBA project, and considers personal insights and future directions. This reflective essay bridges the empirical contributions with professional growth, highlighting how methodological practice informs ongoing scholarly and practical engagement.
7. [bookmark: _Toc209513804]Conclusion and Reflection
This reflective essay considers the development of my quantitative research skills through the module, critically evaluates the use of quantitative methods in my DBA project, and identifies personal insights as well as future directions. While written in a continuous narrative style, the essay remains structured around key themes to provide clarity.
[bookmark: _Toc209513805]7.1 How the Module Improved My Quantitative Research Skills
When I began this module, my experience with quantitative research was limited to a basic understanding of descriptive statistics and survey data analysis. Although I had encountered statistical techniques before, I lacked the depth of knowledge to use them effectively or to interpret results with confidence. Engaging with this module has significantly advanced both my technical competence and my critical appreciation of quantitative approaches.
A major area of development was data handling and preparation. Through repeated practice, I learned how to screen datasets for outliers, missing values, and logical inconsistencies. For example, while conducting the Labour Force Survey, it was critical to check the consistency between full-work, mixed, or workless household classification and the size of the household. This exercise trained me to ensure the reliability of data before conducting any statistical analysis.
Also important was my growing familiarity with statistical thinking. I moved from reliance on descriptive summaries to the application of inferential techniques such as chi-square tests, ANOVA, correlation, and logistic regression (Statistics, 2013). Not only did the module tell me how these tests should be conducted using SPSS, but it also told me why a specific technique is employed in a specific case. Understanding that chi-square is best for categorical associations, whereas logistic regression is applied to predict dichotomous variables (Anitha et al., 2025), allowed me to write analysis that addressed my study hypotheses well.
Another significant advancement has been in the areas of interpretation and communication. Previously, I used to routinely offer statistical results alone, quoting figures without bringing them back to theory or actual relevance. The module encouraged me to translate outputs into narratives which highlight implications. I have learned to prepare tables and figures that present results briefly but learned also to speak about them in a way that relates directly to research objectives.
Finally, I grew more attuned to reliability and validity as key quantitative research elements. While working with secondary data sets, I started questioning how variables were measured, how samples were chosen, and what assumptions were made in measures. This has sharpened my skill to evaluate evidence quality and made me more assertive about defending methodological decisions.
[bookmark: _Toc209513806]7.2 Critical Self-Assessment of Using Quantitative Methods in My DBA
Reflecting on my DBA project, which examines the potential of AI-capable knowledge-sharing systems in reducing household worklessness, I can identify both the strengths and weaknesses of how I applied quantitative methods. To begin with, I was able to use a nationally representative dataset and thus was able to ensure that the findings had external validity and meaning within the UK context. Employing a combination of descriptive statistics, chi-square tests, ANOVA, and logistic regression enabled me to approach the issue in several ways, including triangulation between the approaches. This diversity enriched the analysis and provided stronger foundations for making conclusions upon.
But I also faced various limitations. First, the information was cross-sectional, covering only one quarter of 2024. As such, it was not capable of showing how households get into or out of worklessness in the long term. This restricted the capability to make causal claims, which would have been better explored using longitudinal data. Another limitation was the restricted set of variables available. Since my research focuses on the role of AI and digital inclusion, it was frustrating that the dataset did not contain direct measures of digital access or AI use. Instead, I had to rely on demographic proxies such as household size and age, which, while informative, did not fully capture the constructs I wanted to explore.
I also reflect critically on my early tendency to focus narrowly on p-values and significance levels. At the beginning of the analysis process, I was prone to reporting results mechanically. Through the module, I became more attuned to the importance of effect sizes, model fit, and substantive interpretation. This is an area where I feel I have grown, though I acknowledge that I still need more confidence with advanced statistical modelling techniques such as structural equation modelling or multilevel analysis. In summary, while my use of quantitative methods in the DBA demonstrated clear strengths in scope and execution, I recognise the limitations inherent in both the dataset and my own developing expertise.
[bookmark: _Toc209513807]7.3 Personal Insights
The experience of applying quantitative methods has produced some significant personal reflections. First, the recognition of how quantitative research can bridge academic and practitioner domains. As a DBA student, my research must not only advance theory but also inform practice. Quantitative analysis grants a source of evidence that is credible. For organisations and policymakers, such analysis offers a powerful language of comparison and accountability (Rich et al., 2018). For academics, they provide the basis to test hypotheses and advance theory.
Second, I got to learn how to deal with complex data. Before this project, statistical analysis was intimidating, full of technical concepts and assumptions I could not grasp. Though this project, I discovered that complex data is manageable by employing systematic approaches such as testing assumptions, selecting appropriate tests, and accurately presenting results. This I will reflect on my professional life after research, shaping how I approach complex organisational problems.
Thirdly, I have also come to appreciate reflexivity in quantitative work. I used to regard reflexivity as being more qualitative in nature, but now I realise all quantitative choices—variable selection, model specification, or interpretation—are full of assumptions. Being clear about these assumptions, and understanding their implications, makes the study more credible.
Finally, I have come to understand that quantitative and qualitative methods are not competing methodologies but supplements. Whereas statistical models may uncover patterns and associations, qualitative approaches may, at times, be needed to explain the reason why the patterns occur. This has only served to enhance my appreciation of mixed-methods designs, and I am convinced they will be essential in my subsequent works.
[bookmark: _Toc209513808]7.4 Future Directions
Looking ahead, I see several avenues for further development. I intend to improve my quantitative skills by becoming more experienced in higher-order quantitative techniques. Structural equation modelling would allow me to analyse complex associations between latent variables, and longitudinal and multilevel models would provide me with a greater facility for analysing change over time and nested data structures (Little, 2024). These techniques would be particularly helpful if I conduct cross-regional or organisational comparisons for my research on employability with AI.
Professionally, these skills will be applied in programme and intervention assessment. Logistic regression, for instance, would allow organisations to identify those staff groups most likely to suffer from digital exclusion, and ANOVA would assess whether training schemes are effective (Cabero‐Almenara et al., 2022). The inclusion of statistical analysis into decision-making within governance would strengthen policy evidence and improve outcomes.
I also intend to take mixed-methods research as the future direction. By combining quantitative surveys with qualitative focus groups or interviews, I can generate insights that are contextualised yet generalisable. This would improve my research's theoretical contribution as well as its applicability to practice.
Finally, I am aware of the importance of continuous learning. Quantitative methods, particularly with the era of big data and AI, evolve on a daily basis (Duan et al., 2019). I plan to keep taking advantage of workshops, e-learning programs, and collaborative programs so that my skills remain current and pertinent.
[bookmark: _Toc209513809]7.5 Summary
Overall, the module has changed my perception regarding quantitative research. I have moved from hesitant understanding to assured application, and I am now at ease with quantitative methods as part of my scholarly and professional toolkit. The skills that I have developed—particularly in data preparation, statistical thinking, interpretation, and reflexivity—have enhanced the quality of my DBA project and also will direct me in future research. At the same time, I am aware of the limitations of my current capability and the need for ongoing development. This experience, in addition to providing me with hands-on abilities, has altered my attitude. I now approach quantitative analysis with enthusiasm rather than apprehension, and with a will to employ numbers not only as abstract measures but as tangible evidence to inform theory, practice, and policy.
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