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Introduction and Background
This proposal sets out a study into the effect of artificial intelligence on reducing officer time in local government. Canedo et al (2020) identified that the ‘digital transformation of public organizations has emerged as a critical focus area for enhancing the operational efficiency of public administrations worldwide’, thus providing meaning and need for a study of this nature. 
The project is focused on a practical organisational issue, whether AI can reduce time spent on routine administrative tasks, where it can be used effectively, and what conditions are needed for successful implementation. The topic is relevant because local government services face continuing pressure to improve efficiency, manage demand and make better use of limited officer capacity.  As identified by Vrabie (2023), ‘the concept holds the promise of transforming public service delivery and governance by integrating emerging technologies into government operations’.
The starting point for the research is that AI appears to have significant potential within local government, but its use is still developing, and its implementation is on a somewhat ad hoc basis (Yigitcanlar et al., 2024). Existing literature suggests that AI can support public service delivery, but there are also challenges relating to integration, legacy IT systems, data privacy, algorithmic bias, ethics, uneven adoption and the need for stronger strategic planning (Aarab et al., 2025; Vrabie, 2023; Chen et al., 2023; Yigitcanlar et al., 2024; Mergel et al., 2023; Alrawahna et al., 2025). This proposal examines potential efficiencies and the practical limits of AI in local government.
AI in local government is relatively new, however, it has been left somewhat to trial and error, lack of governance and limited understanding as to how and when it can be successful (WLGA, 2025).  Aarab et al. (2025) also argue that while AI is becoming a defining force in public governance, many organisations are struggling with its adoption  and so they identify four defining pillars of data access and interoperability, digital infrastructure and redesigned processes, workforce skills and learning capacity, leadership and management reform, that are needed in order for AI to be implemented effectively in local government.  
Newport City Council for example, has only implemented an AI usage policy in 2026, which is in line with much of local government in the UK (WLGA, 2025). The absence of a formal AI usage policy until 2026 may have increased the risk of inconsistent practice, including potential information governance concerns using machine learning, that may not have been through the scrutiny and due diligence required.  Historically, it has been known that AI can have algorithmic bias and as noted by Chui (2018), AI can ‘reproduce or amplify existing inequalities if the underlying data reflects historic bias or uneven service access’.
The use of ‘bots’ (robotic/intelligent process automation technologies), machine learning and natural language processing highlights the importance of programming and understanding business need to avoid potentially costly experiments.  For example, a recent ‘bot’ introduced to Newport City Council to address the ever-growing backlog of housing register applications, led to a mere 34.3% success rate due to misunderstanding of some of the questions.  This example suggests that AI failure may not result from the technology alone, but from the relationship between system design, user understanding, data quality and service context. This identifies the need to examine the process of implementation rather than measuring time savings and success in isolation.
While such experimentation can be useful for local authorities, it also highlights the need to understand the conditions under which a project is likely to succeed before significant officer time and resources are invested. Returning to the concept of Aarab et al.’s Four Pillars (2025) highlights that AI projects should be assessed against organisational readiness, rather than on a trial-and-error basis. Without this, there is a risk that projects may not only fail to deliver, but also increase officer workload through monitoring, correction and process redesign (Senadheera et al., 2024; Yigitcanlar et al., 2024; Maake and Schultz, 2025).

Research Title, Aim and Objectives
	Proposed title
	The effect of AI on reducing officer time in local government.

	Aim
	To evaluate the impact of AI on the reduction of officer time spent on administrative tasks in local government and what conditions are needed for successful implementation.

	Objectives
	1. To identify how AI has been used to gain efficiencies in local government or similar work.
1. To identify whether AI saves officer time for manual tasks such as shortlisting and processing housing register applications.
1. To establish which areas of local government AI can support effectively.
1. To evaluate the strategic impact of AI as a time-saving tool and whether this is being planned for effectively.
1. To research when AI has not been successful and why, identifying learning that could be taken from these situations.
1. To develop a proposal for the most effective use of AI in local government and the steps needed to implement it.

	Research Questions

	1. How is AI currently being used to reduce officer time in local government?
2. Which types of administrative tasks appear most suitable for AI support?
3. What evidence exists that AI has reduced officer time or improved efficiency in local government or comparable public sector settings?
4. What factors contribute to successful implementation of AI in local government practice?
5. What strategic, ethical and organisational conditions are needed to implement AI effectively?



3. Literature Review: Key Issues and Debates
The literature review will be problem centred. It will examine how AI has been used in local government in the UK, expanding to central government, wider public sector or international examples where necessary. This is important because literature on AI in local government is still emerging and may not provide enough evidence if the review is restricted to officer time alone.
The review will focus on what has been successful, what has not been successful, and why. It will also examine current trends in the use of AI in UK local government and whether implementation is supported by strategic planning, monitoring and evaluation. Because AI is a fast-moving technology, the age and relevance of sources will be important, and older literature will need to be treated with caution unless it is being used as a benchmark or where no newer evidence is available.
Initial reading suggests that AI may have the potential to transform public service delivery and free officer time for more complex, face-to-face or judgement-based tasks. However, it also highlights risks around data privacy, information governance, algorithmic bias, uneven adoption and the need for departments to share learning about what has worked and what has not. These issues support the need for this research to move beyond simply asking whether AI saves time, and instead, consider the conditions under which AI can be implemented responsibly and effectively.  Vatamanu and Tofan (2025) support this by noting AI can improve efficiency and service delivery, but that implementation brings challenges including algorithmic bias, cybersecurity risks, workforce adaptation and ethical concerns.
Indeed, Vrabie noted in 2023, that ‘literature on public management suggests that AI applications can play a crucial role in generating and sustaining good governance by mitigating these challenges, such as long delays, unskilled personnel, and overall administrative inefficiencies’ and ‘that much of the focus of AI in local government is on the use of ‘top-up technologies’ such as AI, machine learning (ML), natural language processing (NLP), and robotic/intelligent process automation (RPA/IPA) technologies’ which would fit with the theory that we are still in the phase of discovering the potential of AI in local government.
Senadheera et al. (2024) provide a useful framework for understanding chatbot adoption in local government. Chatbots, or RPA/IPA, represent one practical application of AI where local authorities may seek to reduce routine officer contact and improve service responsiveness. However, their focus on adoption also highlights a limitation in the wider literature, successful implementation cannot be assumed simply because a tool has been introduced. For this research, it will therefore be important to examine whether AI tools reduce officer time in practice, or whether they create new forms of work through maintenance, monitoring, escalation and error correction. 
While Vrabie (2023) presents AI as a potential tool for improving public service efficiency, Senadheera et al. (2024) show that adoption depends on organisational and user factors. This suggests that the efficiency benefits of AI cannot be assumed from the presence of technology alone and creates an important limitation, as successful adoption does not necessarily mean that officer workload has reduced.
In the initial stages of researching this project, it has been suggested, that, if the process is weak to start with, then the output will be equally as weak and unreliable.  This is supported by Guillen-Aguinaga et al. (2025), Maake and Schultz (2025) and Aarab et al. (2025), as they discuss that due to the heavy reliance of data by AI systems, regardless of their sophistication, if the data is of a low quality, then the outputs cannot be expected to be of a high level.  This point is also reflected in practitioner literature, with Nagy (2025) arguing that AI’s outputs are only as reliable as the data on which they are based.  For this study, this means that any assessment of officer time savings must also consider whether poor data quality creates additional work through checking, correction and escalation.
Chui (2018) identifies that AI often requires large, high-quality datasets, but that these may be held across various organisations, departments or levels of government, making access difficult.  Alongside this, Fan (2025) also notes that the quality of data and the privacy consent issues associated with it could also be problematic and AI outputs could be unreliable as a consequence.  These are clearly issues that would need to be addressed and identified within this study.
Aarab et al appear to reinforce this argument that AI implementation is dependent on organisational readiness rather than the technology alone, identifying that fragmented data, weak system integration and limited digital tools and staff skills can all become barriers to integration within the public sector.  There is a danger therefore, that AI could reproduce or intensify existing problems rather than being a tool which could resolve them.  Neumann et al. (2022) also support this view, as their comparative case study of AI adoption in public organisations shows that implementation is shaped by organisational context, capability and readiness, rather than by technical potential alone.
Chui also identifies the issue of bias and fairness and that AI can reproduce or amplify existing inequalities if the underlying data reflects historic bias or uneven service access.  A prime example of this issue, was the Home Office visa-screening algorithm, used from 2015 to 2020, which was found to be making racist decisions against non-white people because the algorithm relied on historic data linked to deportations and arrests. As noted by Chai Patel from the Council for Welfare Immigrants, following the judicial review, the tool “took decades of institutionally racist practices… and turned them into software”, (McDonald, 2020). This example demonstrates how algorithmic decision-making can reproduce existing inequalities where historic data reflects biased or unequal practices.
Achieving success in the use of AI in local government is also dependent on having policies and procedures that both acknowledge potential issues and provide structure for safe and effective use.  Maniam noted this in 2020, when identifying that ‘achieving successful digitization requires a well-defined digital policy that ensures the convergence of efforts across the different ministerial departments, guaranteeing consistency and coherence in implementing digital projects’ which is also supported by Barodi and Lalaoui, 2025; Ismail and Ahmad, 2025 and OECD, 2026.
This is further supported by Aarab et al. (2025) who identified four institutional pillars for AI integration, data access and interoperability, digital infrastructure and redesigned processes, workforce skills and learning capacity and leadership and management reform. This work identifies the need for policies and procedures and what is needed for it to be implemented effectively.   Barodi and Lalaoui (2025) add to this by highlighting the importance of officer readiness and change management in public sector AI adoption, suggesting that officer time savings are unlikely to be realised if staff do not have the confidence, support or skills to use AI effectively. Indeed, both suggest that officer time savings depend not only on the technology itself, but on whether the organisation is ready to implement, monitor and govern it effectively.
Overall, the literature suggests that AI may support efficiency in local government, but the evidence is more cautious when considering whether AI leads to measurable reductions in officer time. Much of the literature focuses on the potential of AI, adoption frameworks or strategic conditions for implementation, rather than direct evidence of time saved in everyday work (Mergel et al., 2023; Senadheera et al., 2024; Yigitcanlar et al., 2024). This is important as AI tools may also create additional work through monitoring, error correction and process redesign. Therefore, this study will examine not only whether AI appears to reduce officer time, but also the conditions that influence whether those time savings are achieved in practice.

4. Proposed Research Paradigm and Methodology
The research is likely to be underpinned by a pragmatic philosophy. This is because the project is not only concerned with theoretical understanding of AI, but with a real-world organisational problem; how AI may reduce officer time and improve efficiency in local government. As this research is focused on making a difference to organisational practice, and considers theories, concepts, ideas and research findings in terms of practical consequences in specific contexts (Saunders et al., 2019, p.151) pragmatism is the most appropriate method for this project. 
A pragmatic approach identifies that the ‘research starts with a problem and aims to contribute practical solutions that inform future practice’ (Saunders et al., 2019, p.151).  They continue to identify that pragmatism is concerned with what works in relation to the research question, allowing researchers to choose methods that best support practical problem-solving. This is appropriate for the proposed study as the research needs to generate findings that are useful for local government decision-making, rather than being restricted to one philosophical position. Alongside this, Bickman and Rog’s work also supports this philosophy as they identify that selecting the methods that best fit the research question within real-world constraints (Bickman and Rog, 2009). 
The research also has an epistemological focus because it seeks to understand what works in practice. It is concerned with measurable outcomes, such as efficiency and time savings, but also with contextual understanding of how and why AI is effective or ineffective. This means the study does not need to be restricted to either purely objective measurement or purely interpretive accounts, instead, it can draw on different forms of evidence to generate useful findings from practice.  As identified by Saunders, Lewis and Thornhill (2019), epistemology is concerned with what constitutes acceptable knowledge in a particular field. This supports a pragmatic approach, as the research will use both quantitative evidence of efficiency and qualitative accounts of local government practice to understand the effectiveness of AI.
Using Saunders’ et al’s Research Onion (2019), the proposed approach can be summarised as follows: the research philosophy is pragmatic and the approach is likely to be abductive, with some inductive elements. Saunders et al present the Research Onion as a framework for making research design decisions. This supports the proposed design because the study begins with a need to identify what works in practice, while an abductive approach allows the research to move between existing theory and new evidence gathered from the research produced.  The research will begin with existing literature on AI implementation and organisational readiness but will also remain open to new themes emerging from local government practice.
Qualitative data will be needed to explore how AI is experienced in practice, and how this affects implementation success. As the use of AI in local government is still emerging, qualitative research allows flexibility as the researcher learns more from the setting and participants and the research design can adapt as relevant examples and participant experiences become clearer. 
Gorman and Clayton argue that qualitative researchers may not follow a rigid step-by-step design but instead adopt a broad research strategy. This supports the proposal as the use of AI in local government is still emerging, and the research design may need to remain flexible as relevant participants who use AI are identified during the research (Gorman and Clayton, 2005, p.34).
The qualitative data analysis will need to use coding.  As noted by Saldaña (2021, p.4), ‘coding is not a precise science; it’s primarily an interpretive act’. Some coding may be informed by the literature review, but the project should remain open to themes emerging from participants’ own accounts. In vivo coding may be useful as the analysis keeps the participants’ own words, line-by-line coding can support early analysis of interview transcripts whilst descriptive coding may help summarise the main topics emerging from the data.  This approach is supported by Saldaña (2021), who identifies in vivo coding as useful for keeping analysis close to participants’ own words, descriptive coding as a way of summarising the basic topic of data, and line-by-line coding as a detailed early-stage approach to qualitative analysis.  
There will, however, also be a place for quantitative data.  Quantitative data can help to identify whether officer time has reduced or whether processes are faster after AI has been introduced.  This may include survey responses, system log information or figures showing the number of cases processed before and after AI implementation. Bryman and Cramer (2011) support the use of quantitative data analysis where numerical evidence is needed to identify patterns and compare findings across groups or variables as they note that once the data goes beyond 20 cases, it becomes difficult for the eye to catch patterns and trends...[and] it would be extremely difficult for readers to take in the relevant information’  (Bryman and Cramer, 2011, p.86). Consequently, in this study, quantitative data will be used to support the qualitative findings from interviews and to test whether perceived time savings are reflected in measurable changes in workload.
A mixed-methods design is therefore suitable because quantitative data can indicate whether time savings are visible, while qualitative data can explain how officers experience AI, what barriers exist and why implementation succeeds or fails. This is supported by Rulandari and Silalahi (2025) as they consider the need to identify both efficiency outcomes as well as officer experience. This also reflects Creswell and Plano Clark’s (2011) view that mixed methods research can provide a more complete understanding of a research problem by bringing together quantitative and qualitative evidence.  

5. Participants and Data Collection Methods
The proposed methods will include a literature review, semi-structured interviews, a questionnaire or survey, review of relevant policies and comparison of task times before and after AI implementation where data is available. This combination will allow the study to examine both evidence of time savings and the experiences of officers who use, manage or are affected by AI tools.
Participants
The participants will be local government employees, who have direct experience of using AI or who are involved in administrative processes where AI could reduce officer time. Working with digital teams, service areas that are using AI as a tool to support their workload will be identified. Purposive sampling will be used initially, with snowball sampling used as the research progresses. If there are too few participants from the authority, then the sample may be extended to other local authorities. 
Anticipated participants are as follows:
· Local government officers using AI 
· Officers involved in administrative processes where AI could reduce officer time 
· Senior managers supporting AI implementation 
· Data governance officers 
· Digital project managers 
It must be recognised however, that, as the pool of participants with direct experience of using AI in local government may be relatively small, there is a danger of data saturation occurring quickly (i.e. ‘the additional data collected provide little, if any, new information or suggest new themes’ Saunders et al., 2019, p.315) if the sample is limited to one authority. It may be necessary to extend the sample to include participants from other local authorities, to access a broader range of experiences, and ensure sufficient depth and variation in the data.   
Sampling Strategy
Purposeful sampling is likely to be the most appropriate approach because participants should have direct experience of using AI or involvement in administrative processes where AI could reduce officer time. This will ensure participants provide relevant insight into how AI is applied in practice.  Saunders et al. (2019, p.301) identify purposive sampling as a technique where participants are selected due to their ability to provide information relevant to the research question.   
Quota sampling may also strengthen the research by ensuring that the sample reflects a range of perspectives across local government. This is important because AI is unlikely to have the same impact across different departments, roles or levels of responsibility. Including participants from different service areas would support a more balanced understanding of how AI is experienced and applied. This reflects Bryman (2016, p.695) explanation that quota sampling can be used to ensure that key groups are represented within a non-probability sample.
Snowball sampling may be useful if it is difficult to identify all relevant participants through formal routes. As the pool of local government officers with direct AI experience may be small, data saturation could occur quickly if the sample is limited to one authority. If needed, the sample may be extended to other local authorities or public service areas to gain broader experience and sufficient variation (Saunders et al., 2019, p.315).  As identified by Wildemuth (2017, p.128) this approach should be used with caution, as it may not provide a representative sample, however, it is appropriate for some studies where the members of the study might be difficult to identify.
Semi-structured Interviews
Semi-structured interviews are an intended tool for this project as they provide enough structure to align with the aims and objectives while allowing flexibility to explore participants’ experiences in more detail. These will ‘naturally follow an exploratory and emergent course of action’ which will enable the interviews to evolve but also allow for testing of emergent theory during the interviews (Saunders et al., 2019, p.438). 
As noted by Gorman and Clayton ‘Individual and group interviewing can obtain detailed, in-depth information from subjects who know a great deal about their personal perceptions of events, processes and environments’ (Gorman and Clayton, 2005, p.41).  This is particularly important because the use of AI in local government is relatively new and its implementation is unlikely to be uniform across departments or services. Semi-structured interviews should help identify perceived efficiencies, whether these efficiencies have been realised, and how organisational culture shapes the adoption and use of AI.   


Questionnaires and Surveys
Questionnaires or surveys will be used to gather broader views on where AI is being used, identifying time savings, types of tasks supported, confidence in AI outputs, and perceived barriers. The questionnaire needs also to be administered to the identified pool of relevant people (Bryman and Cramer, 2011, p.5).  This will support comparison across service areas and could help identify patterns that may not be visible through interviews alone.   
Saunders et al. (2019, p.518) support the use of questionnaires where standardised data is needed from a wider group of participants, as this allows responses to be compared across cases but urge caution in the way that questions are asked to ensure that respondents answer in the same way. In this study, questionnaire data will complement the semi-structured interviews by identifying patterns across service areas that may not be visible from individual accounts alone. Bryman and Cramer (2011) also support the analysis of this data by helping to identify trends and compare responses across groups or variables. 
Documentation
Where possible, the research will compare relevant policy documents, workflow information and system logs. This will help compare participants’ perceptions of AI with available organisational evidence. For example, processing data may help identify whether AI-supported processes are faster, whether more cases are completed within a set period, or whether additional officer time is required for correction and review.
Values coding may also be relevant if participants discuss the risks and benefits of AI, their confidence in AI tools or their attitudes towards using AI in their role. Quantitative survey data will be analysed descriptively to identify patterns, trends and possible differences between types of tasks or service area. Saldaña (2021, p.169) supports the use of values coding as, in this case, it could be useful to analyse how officers perceive AI and the impact on their work. 
The quality of the research will need to be considered in relation to both quantitative and qualitative elements. For any quantitative data, validity will relate to whether the measures used are appropriate for the purpose of the study and whether any conclusions about officer time are defensible. Reliability will depend on whether the approach to measurement is consistent, transparent and sufficiently controlled.  This reflects Leung’s (2015) view that validity should reflect the appropriateness of the tools, processes and data used in research, while reliability is the consistency and repeatability of the research approach.
For the qualitative data, the quality of the research will depend on whether the findings can be clearly linked back to the evidence collected from participants.  The analysis will need to be transparent, with clear explanation of how themes have been identified and how conclusions have been reached.  This is supported by Peterson (2019) who identifies that qualitative research needs to show clearly how findings have been developed from the data, so that conclusions can be understood and evidenced.



6. Resource implications and needs
The proposed research has limited direct financial cost as it will not require external funding, and participants will not be paid. The main resource implications are officer time, access to participants and support from digital teams. Support from digital teams will be important to identify service areas where AI is already being used, alongside access to relevant documents, workflow information, log files or task-time data where available. Secure data storage, confidentiality arrangements, supervisor input and ethical approval will also be required before data collection begins. If the participant pool within one local authority is too small, additional time may be needed to extend the sample to other local authorities.

The proposed research will have some limitations. The study may be limited by the number of officers with direct experience of using AI in local government, access to data, system logs or workflow information may not be available in all service areas. If the study is focused mainly on one local authority, the findings may not be transferable to all local government settings. However, the research may still provide useful insight into how AI is being implemented in practice and what can influence whether officer time savings are achieved.

7. Timeline
	Date
	Anticipated task

	September 2026
	Refine the title, aims, objectives and research questions. Discuss draft with supervisor and submit the research proposal for approval.

	October 2026
	Prepare and submit the ethics form for approval. Finalise methodology and write-up for the dissertation and discuss draft with supervisor.

	September-November 2026
	Produce the literature review and submit to supervisor by the end of November 2026.

	November 2026
	Produce and design the research tools, including the interview schedule, questionnaire, participant information sheet and consent form.

	December 2026-January 2027
	Identify final audiences and participants for the research. Discuss tools and audiences with supervisor.

	February 2027
	Timetable interviews and questionnaires.

	March 2027
	Complete data collection.

	April 2027
	Complete data analysis and discuss with supervisor.

	May-June 2027
	Compare findings with the literature and identify further areas for research.

	July 2027-August 2027
	Write up findings.  Complete first draft, conclusions and final recommendations. Produce strategy to reflect the findings and submit draft to supervisor.


8. Ethical Considerations
Ethical approval will be required before any data collection begins. The research will involve local government employees taking part in interviews or questionnaires, and participants will be provided with a participant information sheet in advance of taking part. This will explain the purpose of the study, why they have been invited, what participation will involve, the expected length and format of the interview, whether audio recording will be used, how the data will be stored and used, and the arrangements for confidentiality, anonymity and withdrawal. Participants will be informed that taking part is voluntary and that choosing not to participate will not result in any disadvantage. Written consent will be obtained before any data collection begins.
There are some risks to participants, including disclosure of sensitive organisational information, professional or reputational concern, emotional distress and information governance risk. These risks will be mitigated by ensuring that organisational information is non-identifiable and that names, job titles and roles are not included in the research outputs. Participants will be assured that any comments about service performance, or where AI has not been successful, will be non-identifiable and used to support future learning rather than to identify failure.  As Gorman and Clayton note, ‘All research subjects have ethical rights: to be consulted, to give or withhold consent, and to confidentiality’ (Gorman and Clayton, 2005, p.43). 
Data will be held securely and not held on a shared drive, to ensure that the views of individuals cannot be shared externally. The data will be held on secure, encrypted personal drives that are held by the local authority. These involve multi-factor authentication and adherence to GDPR and internal information governance policies. Audio recordings of interviews will be collected so that participants’ responses can be transcribed accurately for analysis. AI tools will not be used to generate, analyse or interpret the research data.

9. Conclusion
The proposal seeks to research whether AI can reduce officer time in local government and what is needed for its successful implementation.  The proposed mixed methods approach will enable the measurement and evidencing of any time savings whilst identifying whether AI can support local government officers in their roles and considering the organisational, ethical and governance issues that enable AI to be used most effectively in practice.
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