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[bookmark: _Toc239628030]Abstract
Research Ethics Committees (RECs) assess research proposals to ensure that ethical concerns are addressed before studies proceed. This research investigated whether Large Language Models (LLMs) could support the initial triage of ethics applications while retaining human responsibility for final decisions. A bespoke LLM-assisted system was developed to identify potential concerns, assign severity levels and provide evidence-based explanations and recommendations.
The bespoke system was compared with Microsoft Copilot using 30 anonymised applications and corresponding historical REC outcomes and reviewer comments. Both systems analysed each application three times. The first analysis was designated as the primary run for quantitative comparison, while the additional runs were examined descriptively for consistency. Evaluation considered ethical-concern identification, severity, explainability, recommendation correspondence and repeated-output variation.
The bespoke system identified 85 of 87 historical ethical-category instances (97.7%), compared with 71 (81.6%) for Copilot. However, both systems generated additional concerns and differed in their severity classifications. When AI recommendations were mapped to the closest historical REC outcome, Copilot corresponded in 13 of 30 cases (43.3%), compared with 10 (33.3%) for the bespoke system. Repeated-run analysis showed some stability in the broad concerns identified but also variation in wording, framing and severity.
The findings demonstrate that LLMs can support ethics-review triage by systematically highlighting areas requiring attention and providing explainable recommendations. The bespoke system offered greater historical category coverage and a more standardised structure, while Copilot produced more detailed but variable assessments. However, neither system consistently reproduced historical REC outcomes. LLMs should therefore augment rather than replace human reviewers, who must retain responsibility for contextual interpretation, proportionality and final ethical decisions.
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Additional AI-identified category – An ethical-concern category identified by an AI system but not represented in the corresponding historical reviewer comments.
Algorithmic bias – Systematic or unfair patterns in AI-generated outputs arising from training data, system design or the context in which the system is used.
Application-level assessment – The complete ethical assessment generated by one system for one research ethics application.
Automation bias – The tendency to place excessive reliance on recommendations produced by an automated system.
Bespoke system – The purpose-built GPT-5-mini application developed in this project to analyse research ethics applications using predefined categories, structured prompts and deterministic rules.
Category-level assessment – Evaluation of an application against one predefined ethical area, such as consent and withdrawal or data protection and confidentiality.
Concern coverage – The extent to which ethical-concern categories represented in historical reviewer comments were also identified by an AI system.
Concern instance – One occurrence of an ethical-concern category within a particular research application.
Decision-support tool – A system that assists human judgement by providing structured information or recommendations without replacing the responsible human decision-maker.
Deterministic rule – A fixed processing rule that produces the same result whenever it receives the same input conditions.
Ethical triage – The preliminary screening of a research ethics application to identify potential concerns and indicate the level of further human review required.
Explainability – The extent to which an AI-generated result includes understandable evidence and reasoning supporting its concerns or recommendations.
Generative AI – Artificial intelligence capable of producing new content, including text, in response to instructions and supplied information.
Ground truth – A reference assumed to represent the correct result during evaluation. Historical REC assessments were not treated as infallible ground truth in this study.
Hallucination – Plausible-sounding but unsupported or incorrect information generated by an AI system.
Historical REC assessment – The outcome and reviewer comments previously recorded by the Research Ethics Committee for an application.
Human oversight – Meaningful review and responsibility retained by a person when AI contributes to an assessment or recommendation.
Mapped recommendation – An AI recommendation interpreted as the closest equivalent to Approved, Approved Subject to Changes or Resubmit.
Non-deterministic output – An output that may vary between equivalent runs because a generative model does not necessarily produce an identical response every time.
Primary run – The first completed assessment for each application, designated for the principal quantitative comparison.
Prompt engineering – The process of designing and refining instructions to guide an AI system’s responses.
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[bookmark: _Toc239628036]1.1 Background to the Study
Recent developments in artificial intelligence (AI), particularly large language models (LLMs), have expanded its potential to support document analysis, information extraction and decision-making [1], [2]. Research ethics review, however, relies on expert judgement. Research Ethics Committees (RECs) assess whether studies meet ethical, institutional and legal requirements [3]. The growing complexity of research applications places pressure on reviewers, increasing interest in AI-assisted review [4].
Alongside bespoke LLM-based systems, commercial tools such as Microsoft Copilot offer generative AI capabilities that may support document-intensive review.
This dissertation investigates LLMs for research ethics triage: identifying and prioritising potential concerns for human review rather than determining ethical approval. A bespoke LLM-assisted system is developed and compared with Microsoft Copilot using anonymised ethics applications and historical reviewer assessments. The study evaluates whether these systems can support consistent, explainable initial triage while final judgement and responsibility remain with human REC reviewers.
1.1.1 [bookmark: _Toc239628037]Research Ethics Review
Research ethics review protects participants and supports responsible practice. Research Ethics Committees (RECs) assess proposed studies against established principles, considering informed consent, confidentiality, safeguarding and participant risk [5], [6].
As research increasingly involves digital technologies, large datasets, international collaboration and AI, applications may raise further concerns about data protection, privacy and automated decision-making [4]. LLMs could support initial triage by systematically identifying areas requiring reviewer attention. However, concerns about accuracy, consistency and explainability mean their outputs require human scrutiny [7]. AI-assisted triage should therefore support REC reviewers without replacing their contextual judgement or responsibility for final decisions.
1.1.2 [bookmark: _Toc239628038]Challenges in Reviewing Ethics Applications
Research ethics applications contain detailed information about methods, recruitment, consent, data management and risk reduction. Manual review can be time-consuming and resource-intensive, particularly as research becomes more interdisciplinary and data-driven [4], [5], [7].

Consistency is another challenge. Although RECs follow established ethical frameworks and institutional guidance, reviewers may identify different concerns or recommendations because of variations in experience, subject knowledge and interpretation [8]. This does not necessarily indicate poor review but reflects the contextual judgement involved in applying ethical principles.
AI-assisted triage could support reviewers by systematically screening applications and highlighting matters requiring closer examination. However, it must provide reliable, transparent support while leaving interpretation and final decisions to human REC reviewers.
[bookmark: _Toc239628039]1.1.3 Large Language Models in Document Analysis
Large language models (LLMs) can support document analysis through summarisation, information extraction, classification and question answering [9], [10]. This makes them potentially useful for ethics triage, where relevant details and concerns may be spread across lengthy, largely unstructured applications.
However, LLM outputs are not inherently reliable. They may produce plausible but inaccurate information, while responses can vary with prompt design and context [11], [12]. Consequently, relevant concerns could be missed or incorrectly prioritised, while unsupported concerns may be raised. LLM-assisted triage must therefore be evaluated on its ability to highlight matters reliably for human review, not treated as an independent source of ethical judgement.
1.1.4 [bookmark: _Toc239628040]Microsoft Copilot and General-Purpose AI Tools
General-purpose AI assistants such as Microsoft Copilot provide generative AI capabilities for document summarisation, information extraction and question answering within professional workflows [13], [14]. These capabilities make Copilot relevant as a potential tool for the initial triage of research ethics applications.
However, Copilot is not specifically designed for research ethics review. Its performance can therefore be compared with a bespoke system configured around predefined ethical categories, structured prompts and consistent outputs [15]. This comparison enables the study to examine whether task-specific design provides advantages for research ethics triage over a widely available general-purpose AI approach.




1.2 [bookmark: _Toc239628041]Research Problem Statement
Research Ethics Committees examine complex applications to identify concerns, assess risk and determine whether suitable safeguards are in place [4], [6]. Although established frameworks guide this process, differences in reviewer experience and interpretation can affect the concerns identified and recommendations made [7], [8].
LLMs can analyse unstructured text and support decisions involving complex documents [1], [2], creating potential for ethics triage. However, evidence of their accuracy, consistency, explainability and suitability for this role remains limited. The research problem is whether LLM-based systems can provide reliable, useful support that identifies matters requiring human attention without taking responsibility for ethical approval.
This dissertation investigates the problem by comparing a bespoke LLM-assisted system with Microsoft Copilot using anonymised applications and historical reviewer assessments. It evaluates the value and limitations of both approaches as triage tools, while final ethical judgement remains with human REC reviewers.
1.3 [bookmark: _Toc239628042]Research Aim
This research aims to design, develop and evaluate a bespoke LLM-assisted research ethics triage system and compare its performance with Microsoft Copilot using anonymised applications. Both systems are assessed against historical reviewer decisions and comments for their ability to identify concerns, assign suitable severity levels and produce clear, explainable recommendations, while human reviewers retain responsibility for final ethical approval.
[bookmark: _Toc239628043]1.4    Research Objectives
To achieve this aim, the following objectives were established:
1. To review literature on LLMs, research ethics, AI-assisted decision support, explainability and general-purpose and bespoke systems for document analysis.
2. To design and implement a bespoke LLM-assisted triage system that identifies ethical concerns, assigns severity levels and generates evidence-based explanations and recommendations for human review.
3. To compare the bespoke system with Microsoft Copilot using anonymised ethics applications, historical REC decisions and reviewer comments, focusing on concern identification, recommendation correspondence, consistency, explainability and overall usefulness for triage.
[bookmark: _Toc239628044]1.5  Research Questions
To meet the research aim and objectives, this dissertation addresses the following research questions:
RQ1: To what extent can Microsoft Copilot and a bespoke LLM-assisted system identify ethical concerns within anonymised research ethics applications when compared with historical reviewer comments?
RQ2: How closely do the outputs generated by Microsoft Copilot and the bespoke system correspond with historical REC decisions and reviewer comments?
RQ3: How do Microsoft Copilot and the bespoke LLM-assisted system compare in terms of consistency, explainability and overall usefulness as research ethics triage and decision-support tools?
RQ4: What are the main strengths, limitations and ethical considerations of using LLMs to support the initial triage of research ethics applications while retaining human responsibility for final ethical decisions?
[bookmark: _Toc239628045]1.6  Contribution of the Study
This research contributes to AI-assisted research governance by comparing Microsoft Copilot with a bespoke LLM-assisted system using anonymised ethics applications and historical REC assessments. It provides evidence of the strengths and limitations of general-purpose and task-specific approaches to research ethics triage.
The practical contribution is a working bespoke system that identifies ethical concerns, assigns severity levels and produces structured, explainable recommendations for human review. Academically, the study provides comparative evidence on concern coverage, consistency, explainability and recommendation correspondence. The findings improve understanding of how LLMs can support initial triage while ethical judgement and final decisions remain with human REC reviewers.







1.7 [bookmark: _Toc239628046]Structure of this Report 
The remainder of this dissertation is organised as follows.
Chapter 2 – Literature Review critically reviews literature on LLMs, research ethics, AI-assisted decision support, Microsoft Copilot, bespoke systems and evaluation methods before identifying the research gap.
Chapter 3 – Methodology describes the research design, dataset, evaluation criteria and procedure used to compare the bespoke system and Copilot with historical REC assessments.
Chapter 4 – System Design and Implementation presents the development of the bespoke LLM-assisted triage system and the configuration of Copilot for comparison.
Chapter 5 – Results presents findings on concern identification, severity, recommendation correspondence, consistency and comparisons with historical REC decisions and comments.
Chapter 6 – Discussion interprets the findings in relation to the research questions and literature, considering the strengths, limitations and suitability of both approaches for ethics triage.
Chapter 7 – Conclusion summarises the findings, contributions and limitations and identifies areas for future work.
Chapter 8 – Reflection considers the research process, personal development and learning gained throughout the project.











[bookmark: _Toc239628047]Chapter 2: Literature Review
[bookmark: _Toc239628048]2.1 Introduction
This chapter critically reviews literature on AI-assisted research ethics triage, including LLMs, ethics review, AI decision support, Microsoft Copilot, AI agents, bespoke systems and evaluation methods. It considers their capabilities, limitations and risks in high-stakes document analysis.
The review identifies limited evidence comparing general-purpose AI tools with bespoke LLM-based systems for ethics triage. This establishes the research gap and provides the academic basis for the system design and comparative evaluation.
[bookmark: _Toc239628049]2.2 Artificial Intelligence and Large Language Models
Artificial intelligence has advanced rapidly, with LLMs improving how computer systems understand, analyse and generate natural language. This section examines their development, capabilities and limitations, focusing on their use in document analysis and decision support for research ethics review.
[bookmark: _Toc239628050]2.2.1 Artificial Intelligence
Artificial intelligence (AI) refers to systems capable of tasks associated with human intelligence, including reasoning, learning, problem-solving and language understanding [11]. Russell and Norvig [12] conceptualise AI through intelligent agents that perceive information and act towards defined goals, while Nilsson [13] traces its development from rule-based approaches towards systems increasingly capable of learning from data.
Machine learning and deep learning have extended these capabilities, particularly in natural language processing and unstructured text analysis. Zhao et al. [1] examine the development and capabilities of large language models, while Brown et al. [2] demonstrate their ability to perform varied language tasks using contextual examples. These developments support applications including document classification, summarisation and information extraction.
However, AI use in high-stakes contexts requires human oversight, transparency and accountability. Russell [14] emphasises that increasingly capable systems must remain aligned with human objectives. This is particularly relevant to research ethics, where contextual interpretation and ethical judgement cannot be delegated to an automated system. This research therefore considers AI as a tool for initial triage and human decision support rather than independently determining ethical outcomes.

[bookmark: _Toc239628051]2.2.2 Large Language Models
Large language models (LLMs) are deep-learning systems trained on extensive text datasets to understand, generate and analyse language. Their development was enabled by the Transformer architecture introduced by Vaswani et al. [9], which uses self-attention to model relationships within text and underpins modern LLMs.
Using GPT-3, Brown et al. [2] demonstrated that zero-shot and few-shot prompting allows one model to perform multiple language tasks without task-specific training. However, they also identified inconsistent performance, bias and substantial computational demands. Zhao et al. [1] highlight broader capabilities including classification, summarisation, information extraction and question answering. Kojima et al. [15] further showed that prompting can improve reasoning without changing the underlying model, demonstrating the influence of prompt design on outputs.
These capabilities make LLMs useful for analysing complex, unstructured documents, but general performance does not guarantee reliability in specialised contexts. Laskar et al. [16] argue that evaluation should consider factual accuracy, robustness, reasoning, bias and safety alongside benchmark performance. This is particularly important in research ethics triage, where document-analysis capabilities must be weighed against the consequences of missed, inaccurate or unsupported concerns.
[bookmark: _Toc239628052]2.2.3 Applications of Large Language Models in Document Analysis and Decision Support
LLMs can support document analysis through classification, summarisation, information retrieval and question answering [1]. Bommasani et al. [17] explain that foundation models can perform multiple downstream tasks through prompting, reducing task-specific development and supporting varied forms of unstructured text.
However, general capabilities do not guarantee reliable decision support. OpenAI [18] reports improvements in GPT-4’s reasoning, instruction following and complex-task performance but acknowledges continuing limitations. Outputs can be affected by prompt design, context and task complexity, creating risks where plausible but inaccurate information influences human judgement. Handler [19] similarly identifies opportunities and challenges in using LLMs for decision support.
LLMs should therefore not be evaluated only on their ability to produce convincing analyses. Laskar et al. [16] emphasise factuality, robustness, reasoning and safety alongside general performance. In research ethics triage, evaluation must determine whether outputs reliably identify potential concerns for expert attention, while contextual ethical judgement remains a human responsibility.
[bookmark: _Toc239628053]2.2.4 Limitations and Challenges of Large Language Models
Despite strong NLP performance, several limitations restrict LLM use in high-stakes decision support. Laskar et al. [16] identify variability and robustness as key evaluation areas because prompt design, context and task complexity can alter outputs.
Hallucination is a significant concern. Ji et al. [20] explain that language generation systems can produce plausible but inaccurate or unsupported information. In ethics triage, this could cause genuine concerns to be missed or unsupported ones raised. Bias creates further risks. Gallegos et al. [21] identify social biases across language models, while Bender et al. [22] warn that scaling models without sufficiently considering training data can reinforce existing problems.
Explainability determines whether outputs can be scrutinised effectively. Zhao et al. [10] emphasise understanding and explaining NLP model behaviour, while Weidinger et al. [23] identify wider privacy, security and misuse risks. These are particularly relevant when processing sensitive research information.
Technical capability alone therefore does not establish suitability for ethics triage. Hallucination, bias, variability and limited explainability require human verification of AI-generated concerns. An LLM’s value depends on providing reliable, transparent initial screening rather than determining ethical acceptability independently.
[bookmark: _Toc239628054]2.3 Research Ethics
Research ethics provides a framework for ensuring that studies involving human participants are conducted responsibly and protect participants’ rights, dignity and wellbeing. Research Ethics Committees (RECs) apply ethical principles and regulatory requirements while balancing potential research benefits against risks. This section examines the purpose and principles of research ethics review, common ethical concerns, regulatory frameworks and challenges faced by RECs.
[bookmark: _Toc239628055]2.3.1 Purpose of Research Ethics Committees
Research Ethics Committees (RECs), known as Institutional Review Boards in some jurisdictions, provide independent oversight of research involving human participants. The Declaration of Helsinki [24] establishes independent ethical review as a fundamental protection, while Emanuel, Wendler and Grady [3] identify scientific validity, informed consent, independent review and a favourable risk-benefit balance as requirements for ethical research.
REC decisions draw on established frameworks. The CIOMS International Ethical Guidelines [5] address consent, confidentiality, vulnerability and participant selection, while the Belmont Report [25] establishes respect for persons, beneficence and justice as core principles. These frameworks support participant protection, but their application depends on the research context.
The scope of REC review has expanded alongside digital technology and AI. Connelly et al. [4] identify emerging concerns involving data governance, transparency and accountability, while Carreira [6] emphasises well-reasoned ethical review. In the UK, UKRIO [26] also recognises independent review as important to responsible research practice and public confidence.
[bookmark: _Toc239628056]2.3.2 Ethical Principles Underpinning Research Ethics Review
Beauchamp and Childress [27] identify autonomy, beneficence, non-maleficence and justice as central principles of biomedical ethics, while the Belmont Report [25] similarly emphasises respect for persons, beneficence and justice. Together, these principles show that ethical review involves more than procedural compliance.
Autonomy is supported through informed consent, requiring participants to understand the research, potential risks and benefits, data use and their right to withdraw [3], [24]. Bruns and Winkler [28] advocate dynamic consent, allowing participants to review or change their preferences over time, although this creates practical demands.
Beneficence and non-maleficence require potential benefits to be balanced against physical, psychological, social and informational harms [27], while justice requires fair participant selection and treatment. Bracken-Roche et al. [29] show that vulnerability depends on context rather than fixed classifications, reinforcing the need for individualised assessment.
Privacy and confidentiality create similar complexities. Abadie et al. [30] show that participants and researchers may interpret these concepts differently, while Saunders et al. [31] identify tensions between anonymisation and preserving meaningful context in qualitative research. This literature demonstrates why applying ethical principles requires contextual human judgement rather than checklist-based assessment.
[bookmark: _Toc239628057]2.3.3 Ethical Guidelines and Regulatory Frameworks
Research ethics review operates within international, national and institutional frameworks. The Declaration of Helsinki [24] and CIOMS guidelines [5] address consent, participant welfare, risk-benefit assessment, privacy and independent review, although implementation varies across jurisdictions.
In the UK, the UK GDPR [32] and Data Protection Act 2018 [33] require lawful processing, data minimisation, purpose limitation and security. The UK Policy Framework for Health and Social Care Research [34] defines responsibilities for researchers, sponsors and review bodies, while ESRC guidance [35] emphasises proportionality, independence, competence and transparency. However, Ferretti et al. [36] question whether established frameworks adequately address increasingly data-intensive research.
AI creates further governance concerns. The UNESCO Recommendation on the Ethics of Artificial Intelligence [37] emphasises transparency, accountability, privacy, fairness and human oversight, while the European Union AI Act [38] uses a risk-based regulatory approach. RECs assessing AI-related research may therefore need to navigate overlapping requirements across research ethics, data protection and AI governance.
[bookmark: _Toc239628058]2.3.4 Common Ethical Issues in Research Applications
Research ethics applications commonly raise concerns about consent, vulnerability, privacy, confidentiality and harm. Abbott and Grady [39] demonstrate variation in REC practice, while Klitzman [40] and Dixon-Woods et al. [41] highlight challenges involving committee authority and review efficiency. Responsible AI frameworks add further considerations where AI is involved [42]. Adams et al. [43] also show that research involving minority populations may require particular attention to consent, privacy and vulnerability.
Consent must be voluntary, informed and appropriate to participants’ circumstances. Tansey et al. [44] emphasise vulnerability and context when reviewing research in challenging settings, while Manti and Licari [45] view consent as an ongoing process rather than simply a signed document.
Digital research creates further privacy and confidentiality challenges. Hibbin et al. [46] identify variation in how REC members interpret consent, privacy and risk in social-media research. Malekzadeh et al. [47] similarly identify data security, proportionality, privacy and consent as concerns throughout the research lifecycle in geoprivacy research.
Participant risk can include psychological distress, stigma, social harm or disclosure of sensitive information. Potthoff et al. [48] show that ethical concerns may emerge during research rather than being fully predictable at initial review. RECs must therefore assess foreseeable risks while recognising that others may develop later.
[bookmark: _Toc239628059]2.3.5 Challenges in Research Ethics Review
Research ethics review is becoming more challenging as studies involve AI, large datasets, digital technologies and interdisciplinary methods requiring wider expertise [4], [6]. Complete standardisation remains difficult because ethical principles require contextual interpretation.
Consistency is a long-standing concern. Angell et al. [8] found variation between committees reviewing the same proposal, while Coleman and Bouësseau [49] highlight difficulties in evaluating and standardising REC outcomes. Trace and Kolstoe [50] report limited agreement on the ethical themes identified by reviewers. Structured procedures may improve consistency, but institutional policy, reviewer experience and individual judgement still influence practice [39], [51]. Some variation may reflect legitimate contextual interpretation rather than poor review [49].
Growing complexity also increases demands on expertise, workload and efficiency. ESRC guidance [35] supports multidisciplinary membership, reviewer development and access to suitable expertise. Klitzman [40] identifies problems caused by incomplete or poorly justified applications, while Silberman and Kahn [52] highlight administrative burdens within review procedures. Efficiency must not weaken ethical scrutiny [41]. WHO guidance [53] also identifies resources, timeliness, coordination and reviewer development as important to effective review.
These challenges have encouraged AI-assisted approaches. Porsdam Mann et al. [7] demonstrate that LLMs can identify and organise ethical concerns, but responsible AI frameworks highlight continuing issues involving transparency, accountability and bias [42]. AI may therefore support initial triage, provided humans scrutinise its outputs and retain contextual ethical judgement.
[bookmark: _Toc239628060]2.3.6 Responsible AI and Governance
Responsible AI requires fairness, transparency, safety, accountability and appropriate human control. The UNESCO Recommendation on the Ethics of Artificial Intelligence [37] establishes these principles, while Batool et al. [54] emphasise embedding them within governance throughout the AI lifecycle. Transparency and explainability support scrutiny of outputs [10], but Papagiannidis et al. [55] highlight the need for governance structures that define responsibility for AI development and use. As LLMs may reproduce biases within training data [21], governance should also include risk evaluation, documentation and monitoring [54], [56].
Human oversight is particularly important in high-stakes applications. The EU AI Act [38] includes oversight requirements within its risk-based approach, while Laux [57] argues that placing a human within an automated process does not guarantee meaningful control. Zhu et al. [58] similarly emphasise active oversight rather than passive reliance on automated outputs. In research ethics triage, reviewers must have the authority, competence and opportunity to challenge AI-generated concerns and recommendations, while retaining final ethical responsibility.




[bookmark: _Toc239628061]2.4 AI in Ethics Review
AI is increasingly being considered for research ethics review. LLMs can analyse lengthy applications, extract relevant information and produce structured outputs for Research Ethics Committees (RECs). Porsdam Mann et al. [7] demonstrate their potential to support ethics review, while Obasa et al. [59] identify opportunities alongside continuing concerns about human judgement and oversight. AI is therefore more appropriate for initial triage and decision support than as a replacement for REC expertise.
[bookmark: _Toc239628062]2.4.1 Current Use of AI in Ethics Review
Potential uses of AI in ethics review include automated screening, risk classification, decision support and issue detection. Porsdam Mann et al. [7] show that LLMs can analyse applications and generate structured assessments, supporting preliminary triage of missing information, risks and ethical concerns.
AI-supported classification could help prioritise applications by complexity or concern. Wiens et al. [60] discuss the value of machine-learning decision support in high-stakes contexts alongside the need for safeguards. However, research risk cannot be determined from data patterns alone because vulnerability, context and potential harm require human interpretation.
Obasa et al. [59] identify opportunities for LLMs to improve review efficiency and consistency while emphasising human judgement. This supports a triage model where AI highlights concerns and evidence for REC reviewers rather than determining their ethical significance.
Reliability remains a limitation. Ji et al. [20] identify hallucination as an ongoing problem in language generation, while Gallegos et al. [21] demonstrate bias concerns. AI-assisted screening therefore requires validation and human scrutiny before use in research ethics triage.
[bookmark: _Toc239628063]2.4.2 AI Decision Support Systems
AI decision-support systems should assist rather than replace human decision-makers. A human-in-the-loop (HITL) approach suits research ethics triage, where AI identifies concerns, organises evidence and generates recommendations for reviewers. Siebert et al. [61] argue that meaningful human control requires users to have the knowledge, authority and opportunity to question or override outputs rather than merely approve them.
Explainable AI (XAI) can help users understand and scrutinise system outputs [10]. Sahoh and Choksuriwong [62] emphasise explainability in high-stakes settings, where users must judge whether recommendations are reliable enough to inform decisions. However, explanations do not automatically improve judgement. 
Schemmer et al. [63] show that their effectiveness varies, while Kim et al. [64] emphasise human-centred evaluation of meaningful explanations.
Decision transparency therefore requires more than providing an explanation. AI-assisted triage should show the evidence supporting each concern and distinguish generated recommendations from human decisions. This enables REC reviewers to scrutinise outputs while retaining responsibility for their ethical interpretation.
[bookmark: _Toc239628064]2.4.3 Risks of AI-Assisted Ethics Review
AI-assisted ethics review creates risks of automation bias, over-reliance and reduced scrutiny. Goddard et al. [65] define automation bias as favouring automated recommendations despite contradictory information or errors. Kücking et al. [66] similarly show that AI advice can influence human judgement, creating excessive confidence in apparently authoritative outputs.
Human involvement does not remove these risks. Laux [57] argues that formal oversight may only create an appearance of control when users cannot or do not meaningfully challenge automated outputs. This is particularly relevant to research ethics, where convincing explanations may overlook contextual or ethical considerations.
Appropriate reliance requires users to understand the system’s capabilities and limitations. Pearson et al. [67] emphasise examining how people rely on AI-assisted decision support rather than assuming greater reliance improves decisions. In ethics triage, outputs should therefore prompt further examination rather than be treated as authoritative judgements.










[bookmark: _Toc239628065]2.5 Microsoft Copilot
Microsoft Copilot is a general-purpose generative AI assistant for information retrieval, content generation and summarisation. Microsoft [68] explains that Microsoft 365 Copilot can use organisational data and productivity applications, allowing users to interact with documents through natural-language prompts. This makes it relevant to research ethics triage, where lengthy applications must be screened for ethical concerns and risks. However, its general-purpose design requires independent evaluation for this specialised task.
[bookmark: _Toc239628066]2.5.1 Copilot Capabilities
Microsoft [68] states that Microsoft 365 Copilot can process text and access contextual information, subject to organisational permissions and existing user access rights. This supports summarisation, information extraction and question answering, which may assist initial ethics triage.
Independent evidence offers some support for Copilot in knowledge-based work. Schmidt et al. [69] report perceived productivity improvements and reduced workload, although usefulness varied across roles and tasks. Its value therefore depends on the task and integration within existing workflows.
However, general productivity gains do not demonstrate reliability in research ethics triage. Evidence remains limited on Copilot’s ability to identify significant concerns, assess severity or provide recommendations comparable with expert review. This gap supports its direct evaluation within the specialised context of this dissertation.
[bookmark: _Toc239628067]2.5.2 Data Protection and Security
Research ethics applications may contain sensitive personal, organisational or research information, making data protection essential when using cloud-based AI. Microsoft [70] states that Microsoft 365 Copilot operates within organisational security, privacy and compliance controls, including user permissions and access restrictions. It also states that prompts, responses and organisational data are not used to train the underlying foundation models [71].
These safeguards may reduce privacy risks but do not replace institutional governance. Organisations remain responsible for controlling access and deciding what information AI systems may process. Copilot’s protections must therefore be considered alongside the sensitivity of ethics applications and institutional data-protection requirements.


[bookmark: _Toc239628068]2.6 AI Agents
AI agents extend conventional generative AI by performing goal-directed, multi-stage tasks through planning, memory and external tools. Lei et al. [72] and Xi et al. [73] describe these capabilities within LLM-based agent architectures. Yao et al. [74] demonstrate through ReAct how models combine reasoning with actions such as information retrieval, while Schick et al. [75] show how they can learn to use external tools.
Agentic approaches could support multi-stage document review, but greater autonomy creates risks because errors in planning, tool use or intermediate outputs may spread through the workflow [73]. Human scrutiny is therefore essential in high-stakes applications [76]. The system developed in this research does not use an autonomous agentic architecture. Instead, it follows a controlled, predefined workflow where the LLM performs specific analysis tasks and its outputs remain available for human review. This provides greater control for the research ethics triage and decision-support role examined.
Multi-agent LLM systems can distribute tasks across specialised agents, although this introduces additional coordination, consistency and evaluation challenges [96].
[bookmark: _Toc239628069]2.7 Bespoke AI Systems
Bespoke AI systems target specific tasks rather than offering the broad functionality of general-purpose tools. Developers can control prompts, workflows, output structures and supporting components to meet defined requirements [77]. This is valuable in specialised domains requiring consistent formats and criteria.
For ethics triage, a bespoke system can identify concerns, assess severity and generate structured recommendations for human review. Task-specific design offers greater control than a general-purpose assistant but does not remove risks such as inaccuracy, bias and inconsistency [78].
The system developed in this research uses OpenAI’s GPT-5-mini through paid OpenAI API access [79]. It integrates the Responses API within a Python application, analyses applications against predefined ethical categories and returns structured JSON. This provides control over prompts, processing and outputs. Chapter 4 presents the implementation.
The potential advantage of a bespoke approach is therefore task-specific control, not assumed superior performance. Comparison with a general-purpose system is required to determine whether this produces meaningful improvements in research ethics triage.


[bookmark: _Toc239628070]2.7.1 Prompt Engineering and Structured Outputs
Prompt engineering influences the content, format and consistency of LLM responses. Sahoo et al. [80] review methods for guiding LLM behaviour, while Wei et al. [81] show that chain-of-thought prompting can improve some complex reasoning tasks. Kojima et al. [15] further demonstrate that well-designed zero-shot prompts can elicit reasoning without task-specific examples. Prompt design is therefore important when configuring LLMs for specialised tasks.
Structured outputs also support document analysis because free-text responses are difficult to compare systematically. Predefined fields for concerns, severity, evidence and recommendations enable consistent storage and comparison across applications. Beurer-Kellner et al. [82] show that constrained generation improves adherence to required structures, although this does not guarantee factual accuracy or reliable reasoning. In ethics triage, consistent formatting supports evaluation but does not prove that the analysis is correct.
[bookmark: _Toc239628071]2.7.2 Task-Specific AI Systems
Task-specific LLM systems can use specialised prompts, predefined workflows and external information sources. Gao et al. [76] describe retrieval-augmented generation (RAG), which combines LLM outputs with retrieved information to provide domain knowledge and potentially improve grounding.
Lewis et al. [78] show how retrieval-augmented models combine parametric knowledge with retrieved information for knowledge-intensive tasks. However, RAG depends on the quality of retrieval and relevance of its knowledge source. The bespoke system developed here does not use RAG. Instead, predefined ethical categories, structured prompts and controlled output requirements provide task specificity.
This configuration may offer greater control and consistency than unrestricted interaction with a general-purpose tool, but it does not guarantee better ethical analysis. Its value must be established empirically, supporting this study’s comparison of the bespoke system with Microsoft Copilot.





[bookmark: _Toc239628072]2.8 Evaluation of AI Systems
Evaluation determines whether an AI system is reliable and useful for its intended purpose. Laskar et al. [16] argue that LLM evaluation should extend beyond general performance. For research ethics triage, this requires comparing generated concerns with human review while considering the consequences of unreliable outputs.
[bookmark: _Toc239628073]2.8.1 Classification Performance
Classification is commonly evaluated using accuracy, precision, recall and F1-score. Ferri et al. [83] describe these as complementary measures: accuracy reflects overall correctness, precision the proportion of identified cases that are correct, recall the proportion of relevant cases detected, and F1-score the balance between precision and recall.
However, He and Garcia [84] show that conventional metrics can mislead when classes are imbalanced. In ethics triage, missing a significant concern may be more consequential than flagging an additional matter for human review.
These metrics also require a sufficiently complete reference standard. Historical REC comments may not record every consideration informing the original decision and cannot be treated as exhaustive ground truth. This study therefore examines historical ethical-concern coverage alongside additional AI-identified concerns rather than automatically treating them as false positives.
F1-score can also vary according to the decision threshold used, which must be considered when interpreting the measure [85].
[bookmark: _Toc239628074]2.8.2 Human Agreement and Expert Evaluation
Comparing AI outputs with human reviews indicates alignment with professional judgement. Cohen [86] introduced kappa to measure agreement while accounting for chance, while Gwet [87] and Hallgren [88] discuss wider considerations in assessing inter-rater reliability. However, agreement statistics require comparable classifications, creating difficulties when AI-generated risk or recommendation categories differ from historical REC outcomes.
Human judgement is not error-free ground truth. Previous studies show variation between ethics reviewers and committees [8], [43]. Historical assessments therefore provide a useful reference, but disagreement does not automatically make an AI output incorrect.
Evaluation should consider both the extent and nature of agreement. Quantitative comparison identifies patterns of correspondence, while qualitative analysis can determine whether differences suggest AI errors, reasonable alternative interpretations or variation in the original review. 
This approach suits ethics triage, where usefulness depends on supporting human scrutiny rather than reproducing historical decisions exactly.
[bookmark: _Toc239628075]2.8.3 Explainability, Trustworthiness and Reliability
Explainability matters in AI-assisted decision support because reviewers must understand the basis of generated recommendations. Zhao et al. [10] discuss methods for explaining NLP model behaviour. In ethics triage, explanations should show why a concern or severity level was identified rather than present an unsupported conclusion.
Trustworthiness also involves reliability, robustness, fairness and human oversight [42], [54], [56]. A system may provide a convincing explanation while producing inaccurate or inconsistent results. Explainability should therefore support scrutiny rather than be treated as proof that a recommendation is correct.
Reliability also requires sufficient consistency. Laskar et al. [16] identify robustness and variability as important dimensions of LLM evaluation. Repeated testing can assess whether concerns, severity levels and recommendations remain sufficiently stable across runs for research ethics triage.
[bookmark: _Toc239628076]2.8.4 Error Analysis and Comparative Evaluation
Quantitative measures cannot explain why an AI system produces incorrect or inconsistent outputs. Error analysis identifies patterns such as missed concerns, unsupported issues, unsuitable risk classifications or poorly justified recommendations [89], revealing limitations beyond overall performance.
Fair comparison requires consistent documents, tasks and criteria across systems [90], [91]. Bowman and Dahl [91] emphasise meaningful evaluation of language understanding, while comparative methods can indicate whether task-specific configuration offers advantages over a general-purpose system [92].
Performance may also vary with prompt design and task formulation. Mizrahi et al. [93] demonstrate the importance of considering prompt variation during evaluation. Combining quantitative patterns with qualitative analysis of concerns, explanations and errors [89], [92] therefore provides stronger evidence of suitability for research ethics triage than a single performance measure.





[bookmark: _Toc239628077]2.9 Research Gap
Despite growing interest in AI-assisted research ethics review, evidence on practical performance and direct comparisons involving commercial tools remains limited.
[bookmark: _Toc239628078]2.9.1 Current Limitations of AI in Ethics Review
Porsdam Mann et al. [7] and Obasa et al. [59] position LLMs as tools to support rather than replace ethics reviewers. Although LLMs can identify patterns across large volumes of text, this is not equivalent to understanding ethics. Ethical review requires contextual and normative judgement about participant circumstances, competing values and potential harms. LLMs may recognise patterns associated with concerns, but humans must determine their ethical significance.
This creates an important research gap. AI’s value may lie in systematically identifying concerns and omissions for human examination rather than reproducing ethical reasoning. However, hallucination and bias remain established risks [20], [21], while Porsdam Mann et al. [7] and Obasa et al. [59] provide limited evidence of reliable performance in practical ethics triage. Further comparative evaluation is therefore needed.thew 
[bookmark: _Toc239628079]2.9.2 Gaps in Existing Microsoft Copilot Research
Independent evidence on Microsoft Copilot in research ethics review remains limited. Schmidt et al. [69] examine its use in knowledge work and productivity, while Microsoft [68], [70] describes its document-processing, organisational-data and security capabilities. These sources do not establish whether Copilot can reliably identify ethical concerns, assess severity or produce useful recommendations and explanations for ethics triage.
[bookmark: _Toc239628080]2.9.3 Need for a Comparative Evaluation
Direct comparison of general-purpose and task-specific AI under equivalent conditions is therefore needed. Bespoke systems offer greater control over prompts, workflows and outputs, while Copilot is a broader commercial tool. Using the same applications and historical reviews enables systematic comparison of concern identification, consistency and explainability. Laskar et al. [16] and Mizrahi et al. [93] emphasise robust, standardised evaluation of LLM performance.
[bookmark: _Toc239628081]2.9.4 Research Contribution
This research addresses these gaps by comparing Microsoft Copilot with a bespoke LLM-assisted system using anonymised ethics applications and historical REC assessments. It examines concern coverage, severity, recommendation correspondence, consistency and explainability, providing practical evidence of how general-purpose and task-specific AI can support human ethics reviewers.

[bookmark: _Toc239628082]2.10 Chapter Summary
This chapter reviewed literature on AI-assisted research ethics triage, including LLM capabilities and limitations, ethical principles, decision support and responsible governance. It also considered Microsoft Copilot, bespoke and agentic approaches, prompt engineering and evaluation methods. Across these areas, the literature emphasised reliability, explainability and meaningful human oversight in high-stakes applications.
A key gap is the limited evidence directly comparing general-purpose AI tools with task-specific LLM systems for ethics triage. This supports the comparative evaluation of Microsoft Copilot and the bespoke system undertaken in this study.


[bookmark: _Toc239628083]Chapter 3: Methodology 
[bookmark: _Toc239628084]3.1 Introduction
This chapter describes the methodology used to compare Microsoft Copilot with the bespoke LLM-assisted research ethics triage system. Both were evaluated using the same anonymised applications and historical REC decisions and comments.
It presents the research design, dataset preparation, comparative procedure and evaluation methods, alongside measures addressing validity, reliability, reproducibility, research ethics and data protection.
[bookmark: _Toc239628085]3.2 Research Philosophy and Approach
This research adopted a pragmatic philosophy, selecting methods for their ability to address the research problem rather than following one philosophical position [94]. This suited a study examining both measurable performance and qualitative features of AI-generated outputs.
A mixed-methods approach combined quantitative and qualitative evaluation [95]. Quantitative analysis measured historical concern coverage, additional concerns, severity patterns, recommendation correspondence and consistency. Qualitative analysis examined differences in concerns, recommendations and explanations. This allowed numerical patterns to be interpreted alongside the content and potential usefulness of outputs [95].
Both systems analysed the same anonymised applications without historical REC decisions or comments. Their outputs were then compared with this material under consistent conditions. Historical assessments provided a reference rather than exhaustive ground truth, recognising the contextual and judgement-based nature of ethics review.
[bookmark: _Toc239628086]3.3 Research Design and Strategy
A comparative evaluation design was used to assess Microsoft Copilot and the bespoke LLM-assisted triage system under equivalent conditions. Both approaches analysed the same anonymised research ethics applications using standardised procedures, enabling systematic comparison of their outputs.
Figure 3.1 illustrates the overall research design. Each application was analysed independently by both AI approaches before the generated outputs were compared with the corresponding historical REC assessment.
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[bookmark: _Toc239340960][bookmark: _Toc239341182]Figure 3.1: Comparative research design used in this study
Historical REC decisions and comments were withheld during AI analysis to prevent them influencing the outputs. They were introduced during evaluation to examine ethical-concern coverage, recommendation correspondence and qualitative differences.
Previous research shows variation between ethics reviewers and committees [8], [50]. Historical assessments were therefore not treated as infallible ground truth but as a consistent real-world reference for evaluating how closely the AI systems reflected concerns identified through previous human review.
[bookmark: _Toc239628087]3.4 Dataset and Data Preparation
The source dataset contained 95 anonymised research ethics application documents and corresponding historical REC decisions and comments from June to November 2024, representing 77 unique application IDs. Some applications appeared more than once because the documents represented different review or resubmission stages. They covered research methods, participants, consent, data management and potential risks, with identifying information removed before supply.
Thirty applications were selected for comparison: ten historically Approved, ten Approved Subject to Changes (ASTC) and ten Resubmit. Where several versions existed, the document corresponding to the selected outcome was used. This created a balanced sample and ensured that each AI assessment was compared with the appropriate historical review.
Historical outcomes and comments were stored separately and withheld from both systems during analysis. Each received the same substantive application content without historical information. Documents were checked for readability before testing so that output differences reflected the AI approaches rather than variations in source material.
Table 3.1 summarises the source dataset, evaluation sample and information used in the comparative analysis.





[bookmark: _Toc239340961][bookmark: _Toc239341183]Table 3.1: Overview of the Research Dataset
	Dataset characteristic
	Details

	Data source
	Existing anonymised research ethics applications and corresponding historical REC outcome records and reviewer comments

	Period covered
	June–November 2024

	Duration
	Six months

	Source dataset
	95 document files representing 77 unique application IDs

	Application format
	Primarily Microsoft Word (.docx)

	Evaluation sample
	30 anonymised research ethics applications

	Historical outcome distribution
	10 Approved, 10 Approved Subject to Changes (ASTC), and 10 Resubmit

	Selection approach
	Balanced sample selected across the three historical REC outcome categories

	Reference data
	Historical REC outcomes and reviewer comments corresponding to the selected applications

	AI input
	Ethics application content with historical REC outcomes and reviewer comments removed

	Systems evaluated
	Bespoke LLM-assisted research ethics triage system and Microsoft Copilot

	Evaluation use
	AI-generated outputs compared with separately retained historical REC decisions and reviewer comments






[bookmark: _Toc239628088]3.5 Comparative Experimental Procedure
A standardised procedure ensured that Microsoft Copilot and the bespoke system analysed the same content under comparable conditions. Historical REC outcomes and comments were withheld until evaluation.
Each application was uploaded through the bespoke system and analysed against the predefined categories described in Chapter 4. It produced concerns, severity classifications, evidence, explanations and recommendations in a structured format, which was saved for evaluation.
The same application was analysed using Microsoft Copilot with a standardised prompt requesting equivalent information. This prompt structure was used across all 30 applications to reduce variation caused by changing instructions.
Each application was analysed three times using each approach to assess consistency. Repeated outputs were compared to determine whether the same concerns and categories were identified and whether severity classifications and recommendations remained stable. Minor wording differences were distinguished from substantive changes.
After all analyses were completed, outputs were compared with the corresponding historical REC material. The evaluation examined historical concern coverage, additional AI-identified concerns, severity patterns, recommendation correspondence, consistency and qualitative differences in explanations. This enabled both approaches to be assessed against the same historical reference and compared directly.










[bookmark: _Toc239628089]3.6 Evaluation Methods and Metrics
The evaluation combined quantitative and qualitative measures to compare both AI approaches with historical REC assessments. Historical comments provided a consistent real-world reference rather than exhaustive ground truth because ethics review involves professional judgement and comments may not record every valid concern [8], [50].
Concern identification was evaluated at category level. Historical concerns were mapped to the predefined categories, allowing coverage to be calculated for each system. AI-identified categories absent from the historical comments were recorded separately as additional concerns rather than automatically treated as false positives.
Severity classifications were compared descriptively. AI recommendations were mapped to the closest historical outcome: Approved, Approved Subject to Changes (ASTC) or Resubmit. Correspondence indicated whether the AI suggested the same, greater or lower intervention. This measured recommendation correspondence rather than classification accuracy because the AI and REC scales were not directly equivalent.
Consistency was assessed through three analyses of each application by both systems. Outputs were compared for stability in concerns, categories, severity and overall recommendations. Added or omitted concerns and changes in severity were recorded as run-to-run variation [16].
Qualitative analysis examined the clarity and relevance of explanations, evidence and recommendations. Error analysis identified recurring patterns, including missed historical concerns, additional concerns and differences in severity or recommendations [89].
Table 3.2 summarises the evaluation measures and their purpose.




[bookmark: _Toc239340962][bookmark: _Toc239341184]Table 3.2: Evaluation Measures Used in the Comparative Analysis
	Evaluation area
	Method
	Purpose

	Ethical-concern identification
	Historical category coverage
	Measures the extent to which ethical-concern categories represented in historical reviewer comments were also identified by each AI approach.

	Additional concerns
	Additional category analysis
	Records AI-identified ethical-concern categories not represented in the historical reviewer comments without automatically treating them as false positives.

	Severity assessment
	Descriptive severity comparison
	Compares how the two AI approaches classified the severity of identified ethical concerns.

	Recommendation correspondence
	Mapped recommendation comparison
	Compares AI recommendations with historical REC outcomes and identifies whether the AI recommended the same, greater or lower level of intervention.

	Consistency
	Repeated-run comparison
	Assesses stability in concern identification, severity and overall recommendations across three equivalent runs.

	Explainability
	Qualitative assessment
	Examines the clarity, relevance and justification of generated explanations, supporting evidence and recommendations.

	Error analysis
	Qualitative categorisation
	Identifies patterns in missed historical concerns, additional concerns and differences in severity or recommendations.



As Table 3.2 shows, no single measure determined performance. Historical category coverage assessed whether documented concerns were identified, while other measures examined additional concerns, prioritisation, recommendation correspondence and stability.
Qualitative analysis provided context by considering whether differences reflected useful additional scrutiny or limitations affecting suitability for research ethics triage.
[bookmark: _Toc239628090]3.7 Validity, Reliability and Reproducibility
Several controls strengthened the comparison’s validity and reliability. Both systems analysed identical prepared applications with historical outcomes withheld and were assessed using the same criteria, reducing the influence of differences in inputs or evaluation procedures.
Reproducibility was supported by documenting data preparation, prompts, system configuration, output structure and evaluation criteria. The bespoke system used OpenAI’s GPT-5-mini through paid access to the OpenAI Responses API. Each application used the same category-specific prompt structure, with its text submitted separately for each ethical category. Structured JSON responses were aggregated by application and retained against anonymised IDs in timestamped files.
Reliability was examined through three runs of every application using both systems. Content and instructions remained unchanged, allowing variation in concerns, severity and recommendations to be examined independently of input changes. Laskar et al. [16] identify robustness and variability as important evaluation dimensions. Complete reproducibility remains impossible because externally hosted models may change through provider updates.
Validity was also considered when comparing outputs with historical assessments. Angell et al. [8] and Trace and Kolstoe [50] demonstrate variation between ethics reviewers and committees. Historical decisions therefore provided a consistent reference rather than unquestionable ground truth. Category coverage and recommendation correspondence were considered alongside qualitative analysis of disagreements to provide a balanced assessment.
[bookmark: _Toc239628091]3.8 Ethical and Data Protection Considerations
Ethical and data-protection safeguards were applied because the study used AI to analyse existing ethics applications. In accordance with the UK GDPR [32] and Data Protection Act 2018 [33], data minimisation, purpose limitation and secure processing were applied, retaining only information needed for the evaluation.
Separate testing copies were created with historical REC outcomes and comments removed. Applications were also checked for residual identifying information, reducing unnecessary disclosure and preventing historical decisions from influencing AI outputs.
Generated outputs were used only for research evaluation and did not affect original REC decisions, applicants or participants. Both systems served as triage and decision-support tools rather than autonomous decision-makers. 
In line with UNESCO [37] and Zhu et al. [58], human oversight remained essential to accountability for high-stakes decisions.
Applications, historical assessments and generated outputs were securely stored and restricted to the study. Anonymised IDs were used when reporting findings, and no information intentionally identifying applicants or participants was included in the dissertation.
[bookmark: _Toc239628092]3.9 Chapter Summary
This chapter presented the methodology for comparing Microsoft Copilot with the bespoke LLM-assisted ethics triage system. A pragmatic mixed-methods approach combined quantitative and qualitative analysis using the same anonymised applications and historical REC assessments.
The methodology covered dataset preparation, comparative procedures and evaluation of historical concern coverage, severity, recommendation correspondence, consistency and explainability. It also established controls for validity, reliability, reproducibility, research ethics and data protection. Chapter 4 presents the design and implementation of the bespoke system.


[bookmark: _Toc239628093]Chapter 4: System Design and Implementation
[bookmark: _Toc239628094]4.1 Introduction
This chapter presents the design and implementation of the bespoke LLM-assisted research ethics triage system. It analyses applications against predefined categories and produces structured concerns, severity levels, evidence, explanations and recommendations for human review.
The chapter describes the requirements, architecture, workflow, prompting strategy, output format and Python implementation. It also explains the controls supporting consistent, reproducible analysis and the configuration used for comparison with Microsoft Copilot.
The system was designed for triage and decision support rather than autonomous ethics review. Its outputs allow reviewers to examine concerns and supporting evidence, while the REC retains responsibility for interpreting their significance and making final decisions.
[bookmark: _Toc239628095]4.2 System Requirements
The system requirements were derived from the research objectives, literature review and comparative methodology. Functional requirements defined its required behaviour, while non-functional requirements covered usability, consistency, explainability, security, reliability, maintainability and comparability.
[bookmark: _Toc239628096]4.2.1 Functional Requirements
The functional requirements defined the processing and outputs needed for ethics triage and comparative evaluation. Table 4.1 summarises these requirements.






[bookmark: _Toc239340963][bookmark: _Toc239341185]Table 4.1: Functional Requirements of the Bespoke System
	ID
	Requirement
	Description

	FR1
	Application input
	The system must allow a research ethics application to be provided for analysis.

	FR2
	Ethical concern identification
	The system must analyse the application and identify potential ethical concerns.

	FR3
	Category-based analysis
	Ethical concerns must be assessed against predefined ethics categories to provide a structured review.

	FR4
	Severity assessment
	The system must assign an appropriate severity level to identified ethical concerns.

	FR5
	Evidence
	The system must provide evidence from the application to support identified concerns.

	FR6
	Recommendations
	The system must generate recommendations explaining how identified concerns could be addressed.

	FR7
	Overall risk
	The system must produce an overall risk level derived from the severity of identified concerns.

	FR8
	Structured output
	Results must be returned in a consistent structured format suitable for later comparison and evaluation.

	FR9
	Result storage
	Generated analysis results must be saved so they can be retrieved for subsequent evaluation.



Table 4.1 shows that the system required more than an overall risk judgement. Each categorised concern included severity, evidence and recommendations, enabling human scrutiny of its basis. Structured storage also allowed outputs from multiple applications to be retained and compared systematically.
[bookmark: _Toc239628097]4.2.2 Non-Functional Requirements
The non-functional requirements covered usability, consistency, explainability, security, reliability, maintainability and comparability within the study. Table 4.2 summarises these requirements.

[bookmark: _Toc239340964][bookmark: _Toc239341186]Table 4.2: Non-Functional Requirements of the Bespoke System
	ID
	Requirement
	Description

	NFR1
	Usability
	The system should provide a straightforward process for submitting an application and viewing the analysis.

	NFR2
	Consistency
	Applications should be processed using the same predefined analysis procedure and output structure.

	NFR3
	Explainability
	Results should include sufficient evidence and explanation for the user to understand why a concern was identified.

	NFR4
	Security
	Only anonymised research data required for analysis should be processed, with generated results stored securely.

	NFR5
	Reliability
	Invalid or incorrectly structured AI responses should be identified rather than silently treated as valid results.

	NFR6
	Maintainability
	Prompts and ethical categories should be separated from the main application logic so they can be modified without redesigning the complete system.

	NFR7
	Comparability
	Outputs should be sufficiently standardised to support comparison across applications and with Microsoft Copilot.


Table 4.2 complements the functional requirements by defining qualities needed for reliable comparison. Consistent processing and standardised outputs supported comparison across applications, while explainability allowed generated concerns to be scrutinised. Security and reliability requirements addressed anonymised data and malformed AI responses.
Together, the functional and non-functional requirements informed the architecture and implementation described below.
[bookmark: _Toc239628098]4.3 System Architecture
The bespoke system uses a modular architecture separating document input and text extraction, prompt construction, LLM processing, response validation, risk assessment and storage. This allows independent management of each stage while supporting maintainability and consistent processing.
As Figure 4.1 shows, an uploaded application is converted to text and analysed across eight predefined ethical categories using separate prompts. Structured responses are validated and aggregated before fixed rules calculate the overall risk. The completed assessment is displayed and saved for evaluation.
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[bookmark: _Toc239340965][bookmark: _Toc239341187]Figure 4.1: Architecture of the Bespoke LLM-Assisted Research Ethics Triage System
Figure 4.1 shows the system’s sequential information flow and separation of components. The LLM performs category-level analysis, while validation, aggregation and overall risk calculation occur separately. This reduces reliance on one unrestricted model response and produces structured outputs for human review.
[bookmark: _Toc239628099]4.3.1 Architecture Components
The architecture connects document processing, prompt construction, LLM analysis, response validation, risk assessment and storage, transforming an uploaded ethics application into a structured assessment for human review.
4.3.1.1 Document Input and Text Extraction
Research ethics applications are uploaded through the Streamlit interface as .txt or .docx files. The document_reader.py module extracts text from Word paragraphs and tables, combining it for analysis. Unsupported formats are rejected.
Figure 4.2 shows the upload interface used to select an anonymised application for analysis.
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[bookmark: _Toc239340966][bookmark: _Toc239341188]Figure 4.2: Streamlit interface for uploading an anonymised research ethics application
The interface accepts only supported formats, providing a controlled entry to the workflow before LLM analysis begins.
4.3.1.2 Ethics Categories and Prompt Construction
Each application was assessed against eight predefined categories: consent and withdrawal; data protection and confidentiality; participant welfare and safeguarding; recruitment and payments; researcher safety; external permissions and legal compliance; environmental and heritage impact; and documentation and governance.
Each category used a separate prompt rather than analysing the complete application with one general instruction. The prompts contained category-specific guidance and a predefined response structure, enabling systematic assessment across all eight areas through a consistent process.

4.3.1.3 LLM Processing
The analysis component used Python, the OpenAI library and paid API access. GPT-5-mini was accessed through the Responses API, with a separate request for each of the eight categories. The category prompt was passed through the instructions parameter and extracted application text through input. Assessments were then validated and aggregated into the final output.
Figure 4.3 shows the core API call implementing the category-level analysis.
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[bookmark: _Toc239340967][bookmark: _Toc239341189]Figure 4.3: Core OpenAI Responses API call used for category-level analysis
As Figure 4.3 shows, the prompt and application text were supplied separately to GPT-5-mini. This allowed the same content to be assessed systematically across each predefined category while retaining control over the model’s instructions.
4.3.1.4 Structured Response Validation and Aggregation
Each LLM response used a predefined JSON structure containing category, issue status, severity, evidence, explanation and recommendation. Python’s json.loads() parsed the response. If parsing failed, the system identified the affected category as an error rather than accepting malformed output.
Figure 4.4 shows the JSON validation and error-handling process implemented within the bespoke system.
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[bookmark: _Toc239340968][bookmark: _Toc239341190]Figure 4.4: JSON response validation and error handling implemented in the bespoke system
As shown in Figure 4.4, malformed model responses were prevented from being treated as valid assessments. Successfully validated category results were then aggregated into a single assessment. Only categories where issue_found was true were included in the main list of identified ethical concerns, while the complete category-level results were retained for subsequent review and evaluation.

4.3.1.5 Rule-Based Overall Risk Assessment
The application calculated overall risk rather than the LLM. GPT-5-mini generated category-level concerns and severity classifications, after which a hierarchical rule was applied. Any High-severity concern produced an overall High rating; otherwise, any Medium-severity concern produced Medium. If neither was present, the overall risk was Low. Figure 4.5 shows this rule.
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[bookmark: _Toc239340969][bookmark: _Toc239341191]Figure 4.5: Rule-based calculation of the overall application risk level
Figure 4.5 shows that fixed Python logic calculated risk independently of the generative model. The same severity combination therefore always produced the same overall classification. Differences between repeated analyses could only result from variation in LLM-generated concerns or severity levels, not the calculation procedure.
4.3.1.6 Results Display and Storage
After analysis, the Streamlit interface displayed the overall risk, total identified concerns and their High, Medium and Low severity counts, as shown in Figure 4.6.
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[bookmark: _Toc239340970][bookmark: _Toc239341192]Figure 4.6: Summary of the ethics review results showing the overall risk classification and severity counts
Figure 4.6 summarises the overall risk and distribution of concern severity. Users could then expand each concern to view its supporting evidence, explanation and recommendation, as shown in Figure 4.7.
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[bookmark: _Toc239340971][bookmark: _Toc239341193]Figure 4.7: Example of an expanded ethical issue showing the evidence, explanation and recommendation generated by the system
Figure 4.7 shows how the interface supports human review by presenting each concern’s reasoning and source evidence rather than only its severity. It also displayed the overall recommendation, recorded strengths and missing information.
Figure 4.8 shows the final recommendation, automatic storage confirmation and system decision rules presented to the user.
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[bookmark: _Toc239340972][bookmark: _Toc239341194]Figure 4.8: Final recommendation, automatic result storage and system decision rules displayed by the bespoke system
Figure 4.8 shows that the deterministic risk rules were visible within the interface rather than hidden in the application logic. This explained how the overall classification was derived, while the storage confirmation showed that the assessment had been retained for evaluation.

Completed assessments were automatically saved as JSON files in a dedicated results folder. Each record contained the original filename, analysis date, calculated risk, overall recommendation, issue counts and complete category-level results. Timestamped filenames allowed repeated analyses of the same application to be stored separately for comparison.
[bookmark: _Toc239628100]4.4 Prompt Design and Ethical Review Categories
Prompt design was central because instructions can affect the relevance, structure and consistency of LLM responses, as discussed by Sahoo et al. [80]. The system therefore used category-specific prompts instead of one general prompt for the complete application.
The build_category_prompt() function implemented this architecture. Each application was submitted separately for every ethical category, with relevant instructions directing GPT-5-mini towards that area. Prompts and category definitions remained unchanged across applications and repeated runs, supporting standardised evaluation.
This approach also produced structured, machine-readable outputs for processing and comparison. Beurer-Kellner et al. [82] show that constrained generation can improve adherence to required schemas, although structural compliance does not guarantee accurate reasoning.
[bookmark: _Toc239628101]4.4.1 Development of the Prompting Approach
Each category-specific prompt instructed the model to assess only that ethical area while receiving the complete application text. This ensured that every category was examined without allowing the model to decide which areas required review.
Reported concerns had to represent a meaningful ethical problem, contradiction or important omission rather than a minor stylistic issue. The model was instructed not to force a concern where none existed and to return one combined issue per category, reducing duplication and fragmented outputs.
Further controls requested supporting evidence and prohibited invented facts, quotations, laws or missing documents. The model was also told not to assume that an attachment was missing merely because its contents had not been extracted. These controls aimed to reduce unsupported outputs associated with hallucination, as described by Ji et al. [20].
Figure 4.9 shows an extract from the implemented prompt, including the reviewer role, output structure and issue-identification rules.
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[bookmark: _Toc239340973][bookmark: _Toc239341195]Figure 4.9: Extract from the category-specific prompt implemented in prompts.py
Figure 4.9 demonstrates how the prompting strategy was implemented as explicit system constraints rather than relying on unrestricted model interpretation. However, these controls could not guarantee accurate or consistent ethical assessments [21]. The system was therefore evaluated as a triage and decision-support tool for human reviewers rather than as a replacement for ethical judgement [7], [59].
Explicit definitions supported consistent severity classification across ethical categories, as shown in Figure 4.10.
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[bookmark: _Toc239340974][bookmark: _Toc239341196]Figure 4.10: Severity definitions and output constraints implemented within the category-specific prompt
Figure 4.10 shows that the prompt defined Low, Medium and High severity rather than leaving classification unrestricted. These definitions provided a common framework across categories and repeated runs, although the model still interpreted each application and selected the severity.
[bookmark: _Toc239628102]4.4.2 Structured LLM Output and Response Processing
Each category response followed a predefined JSON structure with six fields: category, issue_found, severity, evidence, explanation and recommendation. A common structure enabled consistent processing and comparison across categories and applications. Beurer-Kellner et al. [82] show that structured constraints can improve adherence to required formats.
The issue_found field distinguished material concerns from categories where none were identified. A true response included Low, Medium or High severity, evidence, an explanation and a recommendation. A false response returned None for severity and required no evidence or recommendation.
Structured responses were validated and aggregated using the process in Section 4.3.1.4. As Figure 4.4 shows, Python’s json.loads() parsed each response and prevented malformed JSON from being accepted. Both identified concerns and complete category-level results were retained for comparison and evaluation.
[bookmark: _Toc239628103]4.5 User Interface Design and Implementation
The bespoke system used a web-based Streamlit interface, enabling users to upload anonymised applications, begin analysis and inspect concerns without interacting with Python code. This provided an accessible layer over the modular architecture described in Section 4.3.
As Figure 4.2 shows, uploads were restricted to .txt and .docx files. The interface then confirmed the selected filename, as shown in Figure 4.11.
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[bookmark: _Toc239340975][bookmark: _Toc239341197]Figure 4.11: Successful upload of an anonymised ethics application through the Streamlit interface
Figure 4.11 shows that the interface confirms a successful document upload before analysis. The extracted application text could then be viewed within an expandable section to verify that it had been processed correctly, as shown in Figure 4.12.
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[bookmark: _Toc239340976][bookmark: _Toc239341198]Figure 4.12: Extracted ethics application text displayed within the Streamlit interface
Once analysis was complete, the interface summarised the overall risk, total identified concerns and their High, Medium and Low severity distribution, as shown in Figure 4.6.
Each concern appeared within an expandable section, with its category and severity visible before opening the detailed assessment. This allowed users to review multiple concerns without displaying all information simultaneously, as shown in Figure 4.13.
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[bookmark: _Toc239340977][bookmark: _Toc239341199]Figure 4.13: Ethical issues displayed as expandable sections within the results interface
Figure 4.13 shows how the interface organised multiple concerns without overwhelming the user. Expanding a concern displayed its evidence, explanation and recommendation, as shown in Figure 4.7. Presenting these details alongside severity made the assessment more transparent and allowed users to understand why each concern was identified.
Completed assessments were automatically saved as structured JSON files for inspection and evaluation. After analysis, the interface confirmed the saved file’s name and location, as shown in Figure 4.14.
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[bookmark: _Toc239340978][bookmark: _Toc239341200]Figure 4.14: Confirmation that the completed ethics review has been automatically saved as a JSON file
Figure 4.14 confirms that the completed assessment was retained beyond the active session. Overall, the Streamlit interface supported the complete workflow from document upload and text verification to presenting, examining and storing the generated assessment.

















[bookmark: _Toc239628104]4.5.1 System Testing and Validation
The bespoke system was tested during development and before evaluation to confirm that its workflow operated correctly. Testing covered document upload, text extraction, category-based analysis, response validation, concern filtering, risk calculation, results presentation and automatic storage. Table 4.3 summarises the main functional checks.
[bookmark: _Toc239340979][bookmark: _Toc239341201]Table 4.3: Summary of Functional System Validation
	Test area
	Expected behaviour
	Observed result
	Outcome

	Document upload
	.txt and .docx applications can be uploaded
	Supported files were accepted through the Streamlit interface
	Pass

	Text extraction
	Application content is extracted for analysis
	Paragraph and table content was successfully extracted and displayed
	Pass

	Category analysis
	Each application is analysed against all eight predefined ethical categories
	Eight category-level assessments were produced and aggregated
	Pass

	Structured response validation
	Invalid JSON is not accepted as a valid assessment
	Malformed JSON triggered an error identifying the affected category
	Pass

	Concern filtering
	Only identified concerns appear in the main concerns list
	Results with issue_found = true were included while complete category results were retained
	Pass

	Overall risk calculation
	Fixed severity rules determine overall risk
	High took precedence over Medium, with Low returned where neither occurred
	Pass

	Results display
	Risk, severity counts and concern details are presented to the user
	Results were displayed through the Streamlit interface as designed
	Pass

	Result storage
	Completed analyses are retained separately
	Assessments were saved as timestamped JSON files without overwriting repeated analyses
	Pass



Table 4.3 confirms that the main workflow operated as expected. Supported documents were analysed across all eight categories, responses were validated and aggregated, and completed assessments were displayed and stored for evaluation.
Validation was important because malformed LLM output could disrupt processing or be accepted as valid. As Figure 4.4 shows, invalid JSON produced an error identifying the affected category rather than being silently accepted. The deterministic risk calculation was also tested against the rules in Figure 4.5, confirming that severity combinations produced consistent classifications.
Storage testing confirmed that assessments were retained as separate timestamped JSON files containing the application identifier, concerns, severity classifications, overall risk and complete category results. Timestamps prevented repeated analyses from overwriting earlier outputs, supporting the consistency evaluation.
After validating the workflow, the bespoke system analysed the 30 anonymised applications used for the comparative evaluation presented in Chapter 5.
[bookmark: _Toc239628105]4.6 Microsoft Copilot Configuration
Microsoft Copilot provided the general-purpose comparison with the bespoke triage system. Both analysed the same anonymised applications using equivalent criteria, although Copilot did not use the custom Python pipeline or deterministic risk rules.
All Copilot analyses used a standardised prompt defining the eight ethical categories, Low, Medium and High severity levels, and the required concern structure, including evidence, explanation and recommended action. It also instructed Copilot not to infer missing information or force concerns within every category. Historical REC decisions and comments were withheld to ensure independent assessment. Figure 4.15 shows the standardised prompt.










[bookmark: _Toc239340980][bookmark: _Toc239341202](a) Review categories and assessment instructions
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[bookmark: _Toc239340981][bookmark: _Toc239341203](b) Output requirements and severity definitions
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[bookmark: _Toc239340982][bookmark: _Toc239341204]Figure 4.15: Standardised ethics review prompt configured within Microsoft Copilot: (a) review categories and assessment instructions; (b) output requirements and severity definitions
Figure 4.15 shows that all Copilot analyses used the same categories, severity framework and output requirements, reducing variation from changing instructions. Copilot was accessed through the institutional Microsoft environment with Enterprise Data Protection enabled, as confirmed during testing in Figure 4.16.
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[bookmark: _Toc239340983][bookmark: _Toc239341205]Figure 4.16: Microsoft Copilot interface confirming that Enterprise Data Protection was applied during testing
Figure 4.16 confirms that testing used the institutionally protected Copilot environment, providing an additional safeguard for anonymised applications. Each application was uploaded to the conversation containing the standardised instructions. Copilot then generated category-specific concerns with severity, evidence, explanations and recommendations. Figure 4.17 shows a representative output.
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[bookmark: _Toc239340984][bookmark: _Toc239341206]Figure 4.17: Microsoft Copilot assessment for the Consent and Withdrawal category
Figure 4.17 shows the Copilot output structure used for comparison, including each concern, severity and explanation. Responses were retained separately under anonymised application IDs without manual alteration. 
The same instructions and procedure were used for every application and repeated run, producing the Copilot outputs evaluated in Chapter 5.
[bookmark: _Toc239628106]4.7 Chapter Summary
This chapter presented the bespoke LLM-assisted ethics triage system and Microsoft Copilot configuration used for comparison. The bespoke system combined document processing, category-specific prompts, structured responses, validation and deterministic risk calculation within a Streamlit interface. Functional testing confirmed that the workflow operated correctly and retained outputs for evaluation.
Copilot used a standardised prompt with equivalent ethical categories, severity definitions and output requirements. These implementations provided two distinct AI-assisted approaches for evaluation under consistent conditions using the same anonymised applications. Chapter 5 presents the comparative results.


















[bookmark: _Toc239628107]Chapter 5: Results and Evaluation
[bookmark: _Toc239628108]5.1 Introduction
This chapter presents the comparison of the bespoke LLM-based ethics review system and Microsoft Copilot against historical Research Ethics Committee (REC) assessments. Both systems independently analysed 30 anonymised applications using the procedures described in Chapter 4. Their outputs were compared with the corresponding historical outcomes and reviewer comments.
Quantitative and qualitative analysis examined concern identification, severity, recommendation correspondence, consistency, explainability and usefulness. The findings identify the relative strengths and limitations of both approaches.
[bookmark: _Toc239628109]5.2 Evaluation Dataset
The evaluation used 30 anonymised applications from REC meetings held between June and November 2024, representing varied research designs and ethical considerations.
The sample contained ten applications from each historical outcome: Approved, Approved Subject to Changes (ASTC) and Resubmit. Where several versions existed following amendment or resubmission, the version linked to the selected outcome was used to ensure comparison with the correct decision and comments.
Both systems analysed every application three times, producing 180 analyses. Historical outcomes and comments were withheld to prevent them influencing the outputs.
Table 5.1 shows the distribution of the evaluation sample across historical REC outcomes and meeting periods.
[bookmark: _Toc239340985][bookmark: _Toc239341207]Table 5.1: Distribution of the Evaluation Sample by Historical Outcome and Meeting Period
	Historical outcome
	Jun 2024
	Jul 2024
	Aug 2024
	Sep 2024
	Oct 2024
	Nov 2024
	Total

	Approved
	5
	2
	1
	1
	0
	1
	10

	ASTC
	3
	4
	1
	1
	0
	1
	10

	Resubmit
	3
	0
	1
	2
	2
	2
	10

	Total
	11
	6
	3
	4
	2
	4
	30



Table 5.1 confirms coverage of the full six-month period. Balancing the outcome categories prevented one REC decision type from dominating, despite monthly variation in selected applications.
[bookmark: _Toc239628110]5.3 Evaluation Criteria and Comparison Approach
Outputs from both systems were compared with the historical REC outcome and reviewer comments for each application. Historical concerns were mapped to the predefined ethical categories and recorded as identified when the AI detected a corresponding concern or missed when it did not.
AI-identified categories absent from historical comments were recorded separately as additional concerns rather than false positives, recognising that the comments might not include every relevant consideration.
The overall direction of each assessment was also compared. Historical outcomes were Approved, Approved Subject to Changes (ASTC) or Resubmit. Because the systems used different assessment scales, correspondence was based on the recommended level of revision or intervention rather than identical terminology.
Finally, explanations and recommendations were assessed for clarity, evidence, relevance and usefulness. This established whether concerns included sufficient justification and actionable guidance for human reviewers. Table 5.2 summarises the criteria applied to both systems.















[bookmark: _Toc239340986][bookmark: _Toc239341208]Table 5.2: Criteria Used for Comparative Evaluation
	Evaluation criterion
	Definition

	Historical category identified
	An ethical-concern category represented in the historical reviewer comments is also identified by the AI approach for the same application.

	Historical category missed
	An ethical-concern category represented in the historical reviewer comments is not identified by the AI approach for the same application.

	Additional AI-identified category
	An ethical-concern category is identified by the AI approach but is not represented in the corresponding historical reviewer comments.

	Overall assessment alignment
	AI assessment is broadly consistent with the level of revision/intervention indicated by the historical REC outcome.

	Explanation quality
	Generated explanation clearly describes why the identified issue represents an ethical concern.

	Recommendation usefulness
	Generated recommendation provides a relevant and actionable response to the identified concern.



[bookmark: _Toc239628111]5.4 Overall Results
The quantitative comparison used the first completed analysis of each application as the designated primary run, producing 30 assessments per system. The other two runs were evaluated separately for consistency in Section 5.5.5 and excluded from the totals below.
Across the primary runs, the bespoke system identified 207 concerns and Copilot identified 303, averaging 6.9 and 10.1 per application, respectively.
The bespoke system classified 16 concerns as High, 184 as Medium and seven as Low, compared with Copilot’s 76 High, 197 Medium and 30 Low concerns. Copilot therefore generated more concerns and assigned High severity more frequently. However, greater volume does not demonstrate better performance because additional concerns may reflect wider coverage or unsupported caution. The following sections compare these outputs with historical REC assessments.
Table 5.3 summarises the number and severity of concerns generated during the designated primary runs.

[bookmark: _Toc239340987][bookmark: _Toc239341209]Table 5.3: Primary-Run Ethical Concerns Identified by the Two AI Approaches
	Measure
	Bespoke system
	Microsoft Copilot

	Primary-run assessments
	30
	30

	Total concerns identified
	207
	303

	Mean concerns per application
	6.9
	10.1

	High-severity concerns
	16
	76

	Medium-severity concerns
	184
	197

	Low-severity concerns
	7
	30


Table 5.3 shows that Medium was the most common severity for both systems. However, Copilot generated 96 more concerns, including 76 rated High compared with 16 by the bespoke system.
Figure 5.1 visualises the distribution of High-, Medium- and Low-severity concerns generated by each system during the primary run.

[bookmark: _Toc239340988][bookmark: _Toc239341210]Figure 5.1: Comparison of severity classifications generated by the bespoke system and Microsoft Copilot

Figure 5.1 highlights the different severity patterns. Medium concerns dominated both systems, but Copilot produced considerably more High- and Low-severity classifications, while the bespoke results were concentrated in Medium. The systems therefore interpreted the same severity framework differently.
[bookmark: _Toc239628112]5.4.1 Comparison with Historical Reviewer Concerns
Historical concerns were mapped to the predefined ethical categories, allowing comparison without identical wording. The comments contained 87 category-level concern instances across the 30 applications.
The bespoke system identified 85 and missed two, achieving 97.7% coverage. Copilot identified 71 and missed 16, achieving 81.6%. Categories absent from the historical comments were recorded separately as additional concerns rather than false positives because the comments might not document every relevant issue. Table 5.4 summarises the primary-run results.
[bookmark: _Toc239340989][bookmark: _Toc239341211]Table 5.4: Historical Ethical-Concern Category Coverage by the Two AI Approaches
	Measure
	Bespoke system
	Microsoft Copilot

	Historical category instances available for comparison
	87
	87

	Historical category instances identified
	85
	71

	Historical category instances not identified
	2
	16

	Historical category coverage
	97.7%
	81.6%

	Additional AI-identified category instances
	122
	111



Table 5.4 shows that the bespoke system’s coverage exceeded Copilot’s by 16.1 percentage points. However, category-level coverage only confirms recognition of the same general ethical areas; it does not show that every AI concern matched the substance of the historical comments.
Figure 5.2 visualises the number of historical ethical-category instances identified and missed by each AI approach.


[bookmark: _Toc239340990][bookmark: _Toc239341212]Figure 5.2: Historical ethical-concern category instances identified and missed by each AI approach
Figure 5.2 highlights the difference in missed concerns: the bespoke system missed only two historical category instances, whereas Copilot missed 16. This indicates stronger coverage by the bespoke system within the structured ethical categories used for comparison.
[bookmark: _Toc239628113]5.4.2 Overall Assessment Alignment
The evaluation assessed whether each system’s overall recommendation aligned with the historical REC outcome. This differed from category-level coverage because a system could identify relevant concerns but recommend a different intervention.
The scales were not directly equivalent. Historical outcomes were Approved, Approved Subject to Changes (ASTC) or Resubmit, while the AI systems produced risk-based recommendations. Recommendations requiring no substantive changes were mapped to Approved, limited or conditional amendments to ASTC, and substantial issues requiring resolution before approval to Resubmit.
 Tables 5.5 and 5.6 present the mapped outcomes and show whether each system recommended the same, greater or lower level of intervention than the historical REC decision.

[bookmark: _Toc239340991][bookmark: _Toc239341213]Table 5.5: Comparison of AI Recommendation Categories with Historical REC Outcomes
	Historical REC outcome
	Bespoke → Approved
	Bespoke → ASTC
	Bespoke → Resubmit
	Copilot → Approved
	Copilot → ASTC
	Copilot → Resubmit

	Approved (n=10)
	1
	5
	4
	0
	10
	0

	ASTC (n=10)
	0
	6
	4
	0
	10
	0

	Resubmit (n=10)
	0
	7
	3
	0
	7
	3



[bookmark: _Toc239340992][bookmark: _Toc239341214]Table 5.6: Direction of AI Recommendation Difference from Historical REC Outcome
	Comparison with historical REC
	Bespoke system
	Microsoft Copilot

	More intervention required
	13 (43.3%)
	10 (33.3%)

	Same level of intervention
	10 (33.3%)
	13 (43.3%)

	Less intervention required
	7 (23.3%)
	7 (23.3%)

	Total
	30 (100%)
	30 (100%)



Tables 5.5 and 5.6 show that the bespoke system matched 10 of 30 historical outcomes, compared with 13 for Copilot. For historically Approved applications, the bespoke system mapped one to Approved, five to ASTC and four to Resubmit, while Copilot mapped all ten to ASTC. Both therefore required greater intervention in most or all Approved cases.
For historical ASTC applications, the bespoke system matched six and mapped four to Resubmit, while Copilot matched all ten. Both systems matched only three historical Resubmit cases and mapped the remaining seven to ASTC. Neither was consistently stricter: both increased intervention for Approved applications but reduced it for many Resubmit cases.
Figure 5.3 shows the percentage of recommendations corresponding with the historical decision within each REC outcome category.


Figure 5.3: Recommendation correspondence by historical REC outcome
Figure 5.3 shows that correspondence varied by historical outcome. The bespoke system corresponded with 10% of Approved, 60% of ASTC and 30% of Resubmit cases, while Copilot corresponded with 0%, 100% and 30%, respectively. Across the full sample, this produced overall correspondence of 33.3% for the bespoke system and 43.3% for Copilot. These figures represent broad recommendation correspondence rather than classification accuracy because neither system directly predicted REC labels.
[bookmark: _Toc239628114]5.4.3 Comparison of Additional AI-Identified Concerns
Both systems identified ethical categories absent from the corresponding historical REC comments. The bespoke system produced 122 additional category instances, compared with 111 from Copilot, as shown in Table 5.4.
These findings cannot automatically be considered correct or incorrect. Some may represent relevant concerns not recorded by reviewers, while others may reflect unsupported or overly cautious interpretations. Independent expert assessment would be needed to establish their validity. However, their frequency shows that both systems extended beyond the documented historical concerns, reinforcing the need for human review of AI-generated findings.


[bookmark: _Toc239628115]5.5 Comparative Analysis of the Two AI Approaches
The quantitative results showed that the bespoke system generated fewer concerns but achieved greater coverage of historically documented ethical categories. Copilot generated more concerns, assigned High severity more frequently and achieved slightly higher correspondence with final REC outcomes. However, both systems aligned more closely with reviewer concerns than final decisions.
The following qualitative analysis examines coverage, severity, explanations, recommendations and consistency to determine whether these differences reflected output structure, granularity or more precautionary interpretations.
[bookmark: _Toc239628116]5.5.1 Issue Identification and Coverage
Both systems identified concerns involving consent and withdrawal, data protection and confidentiality, participant welfare and safeguarding, researcher safety, external permissions and governance. However, they structured them differently. Copilot often separated related aspects into multiple findings, while the bespoke system combined them within predefined categories.
This contributed to Copilot generating 303 concerns compared with 207 from the bespoke system. The higher total does not necessarily indicate broader ethical coverage because several findings could relate to the same category. Conversely, the bespoke structure reduced duplication but could combine several issues within one concern. Table 5.7 uses application EC1308 to illustrate how these structural differences affected the assessments.
Table 5.7: Example Comparison of AI-Generated Assessments for EC1308
	Assessment source
	Assessment

	Historical REC review
	The application received an Approved historical REC outcome.

	Bespoke system
	Identified 2 Medium-severity issues, relating to Data Protection and Confidentiality and Documentation and Governance. The overall risk was classified as Medium, with conditional approval recommended after the identified issues were addressed.

	Microsoft Copilot
	Recommended Minor Revisions Required Before Approval. Copilot described the application as a low-risk, literature-based research project and stated that the identified issues would not normally justify withholding ethical approval outright.



Table 5.7 shows that both systems were more cautious than the historical Approved outcome. The bespoke system identified two Medium concerns and recommended conditional approval, while Copilot requested minor revisions despite describing the study as low risk. Thus, even limited concerns led both systems to recommend further intervention.
Figure 5.4 presents representative outputs from Copilot and the bespoke system for EC1308, illustrating their different assessment formats.

[bookmark: _Toc239340995][bookmark: _Toc239341217](a) Microsoft Copilot
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[bookmark: _Toc239340996][bookmark: _Toc239341218](b) Bespoke system
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[bookmark: _Toc239340997][bookmark: _Toc239341219]Figure 5.4: Comparison of AI-generated assessments for EC1308: (a) Microsoft Copilot and (b) bespoke system
Figure 5.4 shows the different output formats. Copilot provided a longer narrative assessment, while the bespoke system organised concerns using standardised categories and fields. Despite these differences in presentation, both reached a more cautious conclusion than the historical REC.
[bookmark: _Toc239628117]5.5.2 Risk and Severity Assessment
Although Medium was most common for both systems, Copilot assigned High severity more frequently. High-severity concerns represented 25.1% of Copilot’s 303 concerns, compared with 7.7% of the bespoke system’s 207.
Both systems used the same definitions, with High indicating a serious concern that should prevent approval until resolved. The different patterns therefore show that identical criteria produced different interpretations. This mattered because severity influenced the recommended intervention, even where both systems identified the same underlying concern. Table 5.8 illustrates this using EC1298.



[bookmark: _Toc239340998][bookmark: _Toc239341220]Table 5.8: Example of Differing Severity Assessment for a Comparable Concern in EC1298
	
	Bespoke
	Copilot

	Application
	EC1298
	EC1298

	Underlying concern
	Missing community partner/site permissions
	Missing community venue/organisational permissions

	Category
	Documentation and Governance
	External Permissions and Legal Compliance

	Severity
	High
	Medium

	Recommended action
	Obtain written partner/site approval before ethical approval/recruitment
	Confirm venue and organisational approvals before recruitment/data collection



Table 5.8 shows that both systems identified the need for permission from community organisations or venues before recruitment and data collection. However, the bespoke system classified this as High under Documentation and Governance, while Copilot classified it as Medium under External Permissions and Legal Compliance. Agreement on the concern therefore did not ensure agreement on its category or severity, supporting comparison by substance rather than labels.
[bookmark: _Toc239628118]5.5.3 Explainability and Recommendations
Explainability was assessed by whether each system identified a concern, linked it to application evidence, explained its ethical relevance and recommended a response. The bespoke system used fixed fields for category, severity, evidence, explanation and recommendation, making each concern traceable.
Copilot generally included the same elements but produced longer, more variable responses and sometimes separated related concerns. Both systems offered actionable recommendations, including clarifying consent and withdrawal, obtaining permissions, improving participant information and strengthening data management.
However, clear explanations do not confirm that concerns are valid or proportionate. Because both systems identified issues absent from historical comments, explanation quality must be considered alongside relevance and human judgement. Table 5.9 compares their treatment of the permissions concern in EC1298.
[bookmark: _Toc239340999][bookmark: _Toc239341221]Table 5.9: Example Comparison of Explanations and Recommendations for EC1298
	Element
	Bespoke system
	Microsoft Copilot

	Evidence used
	Identified that community recruitment organisations were still TBC and that evidence of required partner permissions was not provided.
	Identified that focus groups would take place in community organisations with venues still to be confirmed.

	Explanation
	Explained that missing partner permissions prevented assurance that the necessary site and governance approvals were in place.
	Explained that the application did not demonstrate that permission had been secured from the host organisations or community venues.

	Recommendation
	Required written permission/approval from intended community partner sites before research proceeded.
	Recommended confirmation that venue permissions and organisational approvals would be obtained before recruitment and data collection.



Table 5.9 shows that both systems used relevant evidence, explained why the missing permissions required attention and recommended obtaining approval before recruitment or data collection. 
Despite assigning different categories and severity levels, they proposed similar action. The bespoke system provided a fuller governance explanation, while Copilot stated the requirement more concisely.
[bookmark: _Toc239628119]5.5.4 Structural Consistency and Usefulness
The bespoke system was more structurally consistent because every assessment followed the same categories and sequence of severity, evidence, explanation and recommendation. This supported comparison and quantitative analysis. Copilot generally followed the prompt but varied more in the number, organisation and detail of findings, producing longer assessments.
The bespoke interface automated document processing and presented results consistently, whereas Copilot required the prompt and application through a general-purpose conversational interface. Both nevertheless produced evidence-based explanations and actionable recommendations.
However, consistent presentation did not guarantee agreement with human judgement. Neither system reliably reproduced final REC outcomes, and both identified concerns beyond those documented historically. Their main value therefore lay in directing reviewers towards matters requiring attention rather than determining approval. Differences in severity, additional concerns and recommendations reinforce the need for human interpretation and oversight.
[bookmark: _Toc239628120]5.5.5 Repeated-Run Consistency Evaluation
Each application was analysed three times by both systems using unchanged documents and instructions. Outputs were compared descriptively for changes in concern coverage, severity and overall assessment. As no formal consistency coefficient was calculated, the results indicate observed stability rather than statistical agreement.
EC1308 illustrates this variation. The bespoke system identified Data Protection and Confidentiality and Documentation and Governance in all three runs. Both concerns were Medium in Runs 1 and 2, producing Medium overall risk, but Low in Run 3, producing Low risk. Since overall risk was calculated deterministically from the highest severity, this resulted from the LLM’s classifications rather than the aggregation rules.
Copilot produced eight findings in each run. Runs 2 and 3 used identical headings, but several differed from the primary run, showing variation in how concerns were framed and categorised. Figure 5.5 presents the additional outputs from both systems.
[bookmark: _Toc239341000][bookmark: _Toc239341222](a) Bespoke system – Run 2
[bookmark: _Toc239341001][bookmark: _Toc239341223][image: ]
[bookmark: _Toc239341002][bookmark: _Toc239341224](b) Bespoke system – Run 3
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[bookmark: _Toc239341003][bookmark: _Toc239341225](c) Microsoft Copilot – Run 2
[image: ]
[bookmark: _Toc239341004][bookmark: _Toc239341226](d) Microsoft Copilot – Run 3
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Figure 5.5: Additional repeated-run outputs for EC1308 from the bespoke system and Microsoft Copilot
Figure 5.5 shows that repeated outputs could remain consistent in the number or broad areas of concern while differing in wording or severity. The bespoke system was stable in concern identification but not severity. Copilot’s later runs were consistent with each other but framed concerns differently from the primary run. Neither approach was therefore fully deterministic. As repeated-run findings were assessed descriptively across the dataset, they provide practical observations rather than a formal measure of agreement.
[bookmark: _Toc239628121]5.6 Key Findings
The bespoke system covered 85 of 87 historical category instances (97.7%), compared with 71 (81.6%) for Copilot. Copilot generated more concerns (303 versus 207) and assigned High severity more often. The systems sometimes identified the same concern but differed in category or seriousness.
Final REC outcome correspondence was lower: 10 of 30 decisions (33.3%) for the bespoke system and 13 (43.3%) for Copilot. Both generally required more intervention for historically Approved applications but less for many Resubmit cases.
The bespoke system and Copilot also identified 122 and 111 additional categories, respectively. Without independent expert assessment, these could not be confirmed as correct or incorrect, reinforcing the need for human judgement.
Repeated runs showed that neither system was fully deterministic. The bespoke system provided more standardised outputs and greater historical concern coverage, while Copilot produced more detailed assessments and slightly higher recommendation correspondence. Overall, both performed better at identifying and explaining concerns than reproducing final REC decisions. Chapter 6 considers the implications, human oversight and study limitations.


[bookmark: _Toc239628122]Chapter 6: Discussion
[bookmark: _Toc239628123]6.1 Introduction
This chapter interprets the comparative findings against the research questions and Chapter 2 literature. It discusses concern identification, severity, recommendations, explainability and consistency, followed by human oversight, AI’s appropriate role in research ethics review and the study’s limitations.
[bookmark: _Toc239628124]6.2 Discussion of Ethical-Concern Identification
The bespoke system achieved higher category-level coverage of historical concerns than Copilot. Its predefined categories may have encouraged systematic examination of each area, aligning with evidence that constrained generation can improve adherence to specified output requirements [82]. This suggests task-specific structure may benefit specialised reviews, although the study cannot show that system design alone caused the difference.
However, high category coverage does not demonstrate complete review accuracy. The evaluation measured whether systems identified the same categories as historical reviewers, not whether individual concerns matched their comments. Both also generated additional categories that could not be judged automatically because historical comments were not exhaustive.
Structured outputs may therefore improve coverage and consistency without ensuring that concerns are relevant or proportionate [82]. The findings support using LLMs to highlight matters for human attention rather than decide whether applications are ethically acceptable.
[bookmark: _Toc239628125]6.3 Discussion of Severity and Overall Recommendations
Differences were clearer in severity and overall recommendations. Although the systems often identified similar ethical areas, Copilot assigned High severity more frequently, showing that identifying a concern and judging its seriousness are separate tasks.
Mapped correspondence with historical REC outcomes was also much lower than category-level coverage. Identifying a relevant area did not necessarily produce the same judgement as human reviewers because the required intervention depends on context, proportionality and existing safeguards.
This gap reinforces the need for human oversight. LLMs can reproduce biases present in their training data [17] and generate plausible but unsupported information [21].
AI is therefore better suited to systematic screening and highlighting concerns than deciding whether approval should be granted. Human reviewers must interpret identified issues and determine the final REC outcome.
[bookmark: _Toc239628126]6.4 Explainability and Usefulness
Explainability is essential in AI-assisted ethics review because reviewers must understand why concerns are identified rather than rely only on automated classifications. Both systems provided evidence, explanations and recommendations, supporting transparency in AI-assisted decision-making [10].
The bespoke system linked concerns to application evidence through a consistent structure, while Copilot produced more detailed but variable responses. This suggests a trade-off between standardisation and more expansive explanation.
However, explainability did not guarantee reliability or proportionality. Both systems generated concerns beyond those documented historically, and detailed explanations sometimes supported more cautious interpretations than the REC. A plausible explanation does not establish that an AI recommendation is trustworthy [89]. Explainability instead enables reviewers to examine and challenge AI reasoning rather than accept it without question.
[bookmark: _Toc239628127]6.5 Human Oversight and the Role of AI in Research Ethics Review
Human oversight remains necessary because neither system consistently reproduced final REC decisions, despite identifying concerns and providing recommendations. Detecting an issue is not equivalent to judging its significance within the full application.
Ethical review requires contextual, proportionate assessment of participant vulnerability, existing safeguards and whether minor amendments can resolve concerns. Variation in severity and recommendations shows why pattern recognition cannot replace ethical judgement. A human-in-the-loop approach is therefore required, with reviewers able to challenge or override AI outputs [61].
Both systems are best suited to decision support: providing an initial assessment, highlighting concerns and suggesting amendments. Human reviewers must evaluate these suggestions, consider the wider context and remain accountable for the outcome.

[bookmark: _Toc239628128]6.6 Limitations
Several limitations affect interpretation. First, the 30 applications came from one institution. Although balanced across historical outcomes, they may not represent the range of disciplines, applications or review practices elsewhere.
Second, historical comments and decisions provided a comparison standard rather than objective ground truth. Ethics review involves professional judgement, and recorded comments may omit concerns considered by reviewers. Additional AI-generated concerns therefore could not automatically be considered incorrect.
Third, consistency was examined descriptively across three runs without a formal numerical measure. Outputs showed broad structural stability but varied in severity and wording. Finally, recommendation correspondence relied on broad mappings between AI outputs and historical outcomes, potentially simplifying differences in meaning. The findings therefore represent a small comparative case study rather than proof of generalisable performance.
[bookmark: _Toc239628129]6.7 Chapter Summary
This chapter interpreted the findings against the research questions and literature. The bespoke system achieved greater category-level coverage and structural consistency, while Copilot produced more detailed but variable assessments. Neither consistently matched historical REC outcomes, particularly in severity and recommendations. LLMs may therefore support ethics review through systematic screening and explainable outputs, but human reviewers must retain contextual judgement and final decision-making. The small sample, single-institution setting and descriptive consistency analysis limit generalisability.








[bookmark: _Toc239628130]Chapter 7: Conclusion and Future Work
[bookmark: _Toc239628131]7.1 Introduction
This chapter concludes the study by summarising how the aim and objectives were achieved. It answers the research questions, outlines the project’s contributions and identifies opportunities for further research and development.
[bookmark: _Toc239628132]7.2 Achievement of the Research Aim and Objectives
The project achieved its aim by developing and evaluating a bespoke LLM-assisted research ethics system and comparing it with Microsoft Copilot using 30 anonymised applications. Both were assessed against historical REC comments and decisions for concern identification, severity, explainability, consistency and recommendations.
The bespoke system produced structured assessments containing concerns, severity levels, evidence, explanations and recommendations. Comparison with Copilot demonstrated differences between purpose-built and general-purpose approaches, particularly in category coverage, structure and severity judgements.
The literature review, system development, comparative evaluation and consideration of human oversight fulfilled the objectives. However, differences between AI recommendations and historical outcomes confirmed that the systems should support initial screening rather than autonomous decisions. REC reviewers must remain responsible for interpreting concerns and determining whether applications should be approved or amended.
[bookmark: _Toc239628133]7.3 Answer to the Research Questions
The findings address the four research questions established in Chapter 1.
RQ1: To what extent can Microsoft Copilot and a bespoke LLM-assisted system identify ethical concerns within anonymised research ethics applications when compared with historical reviewer comments?
Both systems identified historically documented ethical areas. The bespoke system covered 85 of 87 category instances (97.7%), compared with 71 (81.6%) for Copilot. However, this measures category-level coverage rather than complete issue-level accuracy, and both generated additional concerns.
RQ2: How closely do the outputs generated by Microsoft Copilot and the bespoke system correspond with historical REC decisions and reviewer comments?
Alignment was stronger with ethical concerns than final outcomes. When recommendations were mapped to the closest outcome, Copilot corresponded in 13 of 30 cases (43.3%) and the bespoke system in 10 (33.3%). 
As neither directly predicted REC labels, these figures represent recommendation correspondence rather than classification accuracy.
RQ3: How do Microsoft Copilot and the bespoke LLM-assisted system compare in terms of consistency, explainability and overall usefulness as research ethics triage and decision-support tools?
The bespoke system provided greater structural consistency, while Copilot produced more detailed but variable assessments. Three-run comparison showed some stability in identified concerns but variation in wording, framing and severity. For EC1308, the bespoke system identified the same two categories throughout but assigned Medium severity twice and Low once. Both systems produced explainable recommendations, although explanations did not guarantee accuracy or proportionality. The bespoke system was better suited to systematic triage, while Copilot offered greater flexibility and detail.
RQ4: What are the main strengths, limitations and ethical considerations of using LLMs to support the initial triage of research ethics applications while retaining human responsibility for final ethical decisions?
Strengths included systematic screening, concern identification and structured recommendations. Limitations included additional or overly cautious concerns and variation in severity and recommendations. The findings support AI-assisted triage rather than autonomous approval, with REC reviewers retaining responsibility for contextual interpretation, proportionality and final decisions.
[bookmark: _Toc239628134]7.4 Contributions of the Project
This project makes practical and evaluative contributions to AI-assisted research ethics review. The bespoke triage system processes applications and produces structured assessments containing categories, severity, evidence, explanations and recommendations, demonstrating how LLM capabilities can support a purpose-built REC workflow.
The evaluative contribution is its direct comparison with Microsoft Copilot using the same 30 anonymised applications and historical REC assessments. This provided a consistent basis for examining concern coverage, severity, structure and recommendations.
More broadly, the project shows how LLMs could support initial triage without assuming decision-making responsibility. They can highlight matters requiring attention, while REC reviewers retain responsibility for contextual interpretation and final decisions.

[bookmark: _Toc239628135]7.5 Future Work
Future development should improve severity calibration and reduce unnecessary or overly cautious concerns without weakening ethical coverage. Evaluation using a larger, multi-institutional and multidisciplinary dataset would provide stronger evidence of generalisability.
Consistency should be tested using more applications, repeated runs and formal agreement measures. Comparisons across model versions and system configurations could also establish whether performance remains stable over time.
Reviewer feedback could be incorporated so users can confirm, reject or amend generated concerns. Testing within real REC workflows could then assess usability, review time, workload and assessment quality. Deployment would require a controlled institutional environment with appropriate security, governance and audit records. Any implementation should retain human oversight, with authorised reviewers responsible for interpretation and final decisions.
Future work could use the Microsoft Copilot API to build a bespoke version of the system for internal use. Its results could then be compared with those produced by the current bespoke system to determine whether both approaches identify similar concerns and produce consistent recommendations.

[bookmark: _Toc239628136]7.6 Final Conclusion
This research investigated LLM-supported research ethics review by developing a bespoke system and comparing it with Microsoft Copilot using 30 anonymised applications and historical REC assessments.
Both systems identified ethical areas documented by historical reviewers, although the bespoke system achieved higher category-level coverage and greater structural consistency. However, differences in severity and recommendations showed that identifying concerns is distinct from making the contextual and proportionate judgements required in ethics review.
The bespoke system demonstrates the potential of a purpose-built LLM as a triage and decision-support tool, providing structured concerns, evidence, explanations and recommendations. However, it should not automate approval decisions. AI should augment rather than replace human review, with REC reviewers retaining responsibility for interpretation, proportionality and final ethical decisions.



[bookmark: _Toc239628137]Chapter 8: Reflection
[bookmark: _Toc239628138]8.1 Reflection
Completing this project developed both my technical skills and my understanding of how AI systems should be evaluated in real-world, high-stakes contexts. At the beginning, I focused mainly on whether an LLM could analyse a research ethics application and identify relevant concerns. As the project progressed, I realised that producing an assessment was only one part of the challenge. Developing a fair comparison method, interpreting differences between AI and human judgement, and recognising the limitations of the available evidence were equally important.
Building the bespoke system strengthened my skills in Python, LLM integration, prompt design, document processing and structured outputs. It also improved my approach to iterative problem-solving. The system did not emerge as a complete solution immediately; its prompts, ethical categories and response structure were refined through repeated testing. Each change could affect the concerns identified, their severity and the recommendations produced. This taught me to change one element at a time, examine its effect and document the development process. I became increasingly aware that the apparent quality of an AI output depends not only on the underlying model, but also on the instructions, constraints and workflow surrounding it.
The comparative evaluation was one of the most challenging and valuable parts of the project. Historical REC comments provided a meaningful reference, but they did not represent perfect ground truth. They did not necessarily record every issue considered, and the terminology used by reviewers, Copilot and the bespoke system was not always equivalent. I therefore had to compare the underlying ethical meaning rather than assume that different wording represented disagreement. This required more judgement than I initially expected and made me consider carefully what measures such as category coverage and recommendation correspondence could genuinely demonstrate. It also taught me that evaluation measures must reflect the purpose of a system rather than simply produce convenient numerical results.
Repeated-run testing also changed how I understood consistency. Similar-looking outputs were not always equivalent because the severity, wording or framing of a concern could change between runs. I learned that consistency cannot be judged only by whether a system produces the same number of concerns; the meaning and practical effect of those concerns must also be considered. Retaining the original outputs and applying the same procedure to both systems therefore became essential to making the evaluation as transparent and reproducible as possible.
One of the most important lessons was the distinction between identifying an ethical concern and making an ethical decision. 
Both systems could detect relevant themes, link them to application evidence and suggest possible actions. However, they could also generate additional or overly cautious concerns and did not consistently correspond with historical REC outcomes. This showed me that a detailed and convincing explanation is not necessarily correct or proportionate. Ethical review requires consideration of context, participant vulnerability, existing safeguards and whether an issue can be resolved through a minor amendment. These are areas in which accountable human judgement remains essential. The project therefore changed my view of AI from a possible decision-maker to a tool whose value depends on how effectively it supports informed human judgement.
If I completed the project again, I would design the evaluation framework earlier and finalise the comparison criteria before conducting the full set of tests. Some aspects of the evaluation became clear only after I began examining the outputs. Establishing the category mappings, recommendation mappings and repeated-run procedure earlier would have made the analysis more efficient and reduced the need to revisit methodological decisions. I would also use a larger, multi-institutional dataset, apply formal consistency measures and involve experienced REC reviewers in assessing whether the outputs were relevant, proportionate and practically useful. Their involvement would provide a stronger indication of whether the system could offer genuine value within a real review workflow.
The project also strengthened my ability to manage a substantial independent piece of work. I had to connect software development, academic literature, ethical considerations and quantitative and qualitative evaluation within a single study. Balancing these elements was sometimes difficult, particularly when technical progress created new methodological questions. Working through these challenges improved my confidence in reviewing my own decisions, recognising weaknesses and adapting the project without losing sight of its overall aim. It also showed me that successful technical development involves more than producing a working system; it requires evidence that the system is appropriate, useful and responsibly designed for its intended context.
This experience has influenced how I think about my future role as a computing teacher. AI is likely to become a normal part of education, and simply preventing students from using it will not prepare them to engage with it responsibly. Before this project, I was more likely to view AI mainly as a tool capable of producing an answer. I now understand more clearly that its outputs must be questioned, checked and interpreted. A confident response, detailed explanation or professional tone does not guarantee that the information is reliable.
I want to bring this understanding into my teaching by helping students learn not only how to use AI tools, but when their use is appropriate, how to verify their outputs and how to recognise their limitations. Students should be able to use emerging technologies confidently without allowing them to replace their own reasoning or responsibility. Developing and evaluating my own AI-assisted system has shown me that technology is most valuable when people understand both its capabilities and its limitations and can work with it critically. This principle will influence how I teach computing and how I approach new technologies throughout my teaching career.
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[bookmark: _Toc239628141]Appendix A - Project Management
This appendix provides supporting evidence of how the project was planned and managed throughout its development. It includes the project schedule, key milestones and changes made in response to practical challenges encountered during the research. The project followed an iterative approach, allowing the bespoke system, evaluation method and dissertation structure to be refined as the work progressed.
[bookmark: _Toc239628142]A.1 Project Management Approach
The project was managed iteratively because the research, system development and evaluation activities were closely connected. An initial project plan established the main tasks, dependencies and intended completion dates. Progress was reviewed throughout the project, particularly following supervisor meetings and the completion of each development and evaluation stage. This enabled the plan to be updated when tasks required more time or additional work was identified. The iterative approach provided flexibility to respond to emerging findings and technical challenges while ensuring that the project remained focused and that the research aim and objectives remained achievable within the available timeframe.
[bookmark: _Toc239628143]A.2 Project Plan
An initial Gantt chart was created to divide the project into manageable stages, establish target completion dates and show the planned sequence of activities. It covered the literature review, requirements analysis, research design, system development, testing, data collection, comparative evaluation and dissertation writing. Time was also allocated for responding to supervisor feedback, reviewing the completed work and making final revisions before submission. This provided a clear structure for monitoring progress throughout the project. Figure A.1 presents the original planned timeline for the project.
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Figure A.1: Original project Gantt chart

The project did not follow the initial schedule exactly because several activities required further development and refinement. The literature review, system development and dissertation writing continued alongside one another for much of the project, as decisions made in one area influenced work in another. Additional time was required to refine the research focus and prompts, conduct three analyses of each application using both systems, and compare the resulting outputs with the historical REC assessments. The schedule was therefore adjusted as the project developed, while the final submission deadline remained unchanged. Figure A.2 presents the actual timeline followed.
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Figure A.2: Actual project Gantt chart
Comparing the two Gantt charts shows that several activities overlapped more than initially planned. The research focus and objectives continued to develop as the purpose of comparing the bespoke system with Microsoft Copilot became clearer. The literature review also continued for longer because further research was needed to support the refined focus, evaluation measures and discussion of AI-assisted decision support.
System development, prompt refinement, evaluation planning and dissertation writing were therefore completed alongside one another. Testing identified areas where the prompts and structured outputs required improvement, meaning that development continued while the evaluation framework was finalised. Conducting three analysis runs for each application using both systems and comparing the outputs with historical REC assessments also required more time than first anticipated.
Although this created greater overlap between activities, the iterative approach allowed findings from each stage to inform the next and prevented delays in one area from stopping progress elsewhere. Regular review of the schedule ensured that the increased workload could be managed without changing the final deadlines. The dissertation was therefore completed for submission on 7 September, with the viva scheduled for 14 September.


[bookmark: _Toc239628144]A.3 Challenges, Changes and Risk Management
Several challenges affected the project timeline. The research focus required further refinement to establish a clear and meaningful comparison between Microsoft Copilot and the bespoke system. Prompt development also involved repeated testing because small changes in wording could affect the number, severity and explanation of the concerns identified. The evaluation was particularly time-consuming because each of the 30 applications was analysed three times by both systems, producing 180 outputs for review and comparison.
These challenges were managed by dividing the work into smaller stages and prioritising tasks according to their relevance to the research questions. Standardised prompts and evaluation criteria were applied consistently, with the first completed analysis designated as the primary run and the two additional runs used to assess consistency. Only anonymised application data were processed, and the generated outputs were manually compared with the corresponding historical REC assessments. Time was also reserved before submission for proofreading, checking references, reviewing formatting and correcting inconsistencies across the dissertation. This helped maintain the quality of the final report despite the additional work required during development and evaluation.
[bookmark: _Toc239628145]A.4 Supervision and Progress Monitoring
Progress was monitored through regular reviews of completed work and meetings with the project supervisor, Prof. Nik Whitehead. Supervisor feedback played an important role in refining the research focus, strengthening the comparison between the bespoke system and Microsoft Copilot, and identifying areas requiring further explanation or evaluation. It also informed revisions to the dissertation structure and helped ensure that the work remained aligned with the research aim and objectives.
Progress was regularly compared with the planned schedule, and priorities were adjusted when development, testing or analysis required additional time. Completed tasks and emerging issues were reviewed throughout the project so that delays could be identified and managed before affecting later stages. Maintaining regular contact with the supervisor provided opportunities to discuss decisions, confirm the direction of the research and respond to feedback. This continuing review process helped ensure that the system development, comparative evaluation and dissertation were completed before the submission deadline.


[bookmark: _Toc239628146]Appendix B - Ethics Form 
This appendix contains the research ethics form completed for this project. The study used pre-existing anonymised research ethics applications supplied for academic research. No participants were recruited or contacted, and the AI-generated assessments did not influence any historical or current REC decision.

APPLICATION FOR ETHICAL APPROVAL

In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. 

The University follows the OECD Frascati manual definition of research activity: “creative work undertaken on a systematic basis in order to increase the stock of knowledge, including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications”. As such this covers activities undertaken by members of staff, postgraduate research students, and both taught postgraduate and undergraduate students working on dissertations/projects.

The individual undertaking the research activity is known as the “principal researcher”.

This form must be completed and approved prior to undertaking any research activity. 

SECTION A: About You (Principal Researcher)
	1
	Full Name:
	Kelly Casey

	2
	Student Number:
	2106451


	3
	Email address:
	2106451@student.uwtsd.ac.uk

	4
	Programme of Study:
	MSc Software Engineering and Artificial Intelligence

	5
	Supervisor:
	Prof.Nik Whitehead



SECTION B:  Internal and External Ethical Guidance Materials
	
	Please list the core ethical guidance documents that have been referred to during the completion of this form (including any discipline-specific codes of research ethics, location-specific dodes of research ethics, and also any specific ethical guidance relating to the proposed methodology).  Please tick to confirm that your research proposal adheres to these codes and guidelines. You may add rows to this table if needed.

	1
	UWTSD Research Ethics & Integrity Code of Practice
	☒
	2
	UWTSD Research Data Management Policy
	☒

	3
	BCS Code of Conduct
	☒

	4
	
	☐



SECTION C: Details of Research Activity
	1
	Indicative title:
	A Comparative Evaluation of Microsoft Copilot and a Bespoke Large Language Model System for AI-Assisted Research Ethics Review

	2
	Proposed start date:
	June 2026
	Proposed end date:
	September 7th, 2026

	
	Introduction to the Research (maximum 300 words in each section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the three points below:
· Purpose of Research Activity
· Proposed Research Question
· Aims of Research Activity
· Objectives of Research Activity
Demonstrate, briefly, how Existing Research has informed the proposed activity and explain
· What the research activity will add to the body of knowledge 
· How it addresses an area of importance. 

	3
	Purpose of Research Activity
The purpose of this research is to explore whether AI could be used to support the review of research ethics applications. Research Ethics Committees review applications to identify possible ethical concerns, assess risks and decide whether any changes are needed before a study can go ahead. Although this relies on human judgement, reviewing applications can take time and different reviewers may sometimes identify different concerns.

This study will compare Microsoft Copilot, which is the AI tool approved for use by the University, with a bespoke LLM-based system designed specifically to analyse research ethics applications. Both systems will be given the same ethics applications and asked to identify ethical issues, assess the level of risk and provide recommendations explaining their reasoning.

The original reviewer decisions and comments will not be shown to either AI system during the analysis. They will instead be kept separately and used afterwards to compare the AI results with the decisions made by human reviewers. The aim is not to replace human ethics reviewers, but to explore how accurate, consistent and useful AI could be as a tool to support them.


(this box should expand as you type)

	4
	Research Question


How effectively can Microsoft Copilot and a bespoke LLM-based system support the review of research ethics applications when compared with historical human reviewer decisions?

(this box should expand as you type)

	5
	Aims of Research Activity
Number your aims and link them to your objectives

1. To investigate and compare the effectiveness of Microsoft Copilot and a bespoke LLM-based system in supporting the review of research ethics applications, using historical human reviewer decisions and comments as a reference for evaluation.
(this box should expand as you type)

	6
	Objectives of Research Activity

1. To review existing research on LLMs, research ethics review and AI-assisted decision support, and use this to identify the requirements for evaluating AI within research ethics review.

2. To develop a bespoke LLM-based system and configure Microsoft Copilot to analyse the same research ethics applications and produce comparable outputs, including identified ethical concerns, risk levels and recommendations.

3. To evaluate and compare the outputs of both AI approaches against historical human reviewer decisions and comments, focusing on accuracy, consistency, explainability and usefulness, while considering the importance of human oversight.

(this box should expand as you type)

	
	Proposed data collection methods (maximum 600 words)
Provide a brief summary of all the methods that may be used in the research activity to collect data, making it clear what specific techniques may be used. If methods other than those listed in this section are deemed appropriate later, additional ethical approval for those methods will be needed. You do not need to justify the methods here, but should instead describe how you intend to collect the data necessary for you to complete your project.

	7
	This should describe how you intend to collect data. It should not include a discussion of the theoretical basis for your data collection methods. Please note, that if you intend to collect any audio/video recordings of interviews with participants then these will be are classified as Personal Data under GDPR/DPA2018. If you intend to use these then note this in section H.
The research will use an existing dataset of research ethics applications covering a six-month period from June to November 2024. The dataset contains 95 application documents representing 77 unique application IDs, with some applications appearing more than once where they were resubmitted for further review. Historical Research Ethics Committee (REC) outcomes and reviewer comments are also available and will be used as reference data during the evaluation.
The research ethics applications, historical outcomes and reviewer comments were anonymised before the dataset was provided to me. Historical outcomes and reviewer comments will be kept separately from the application copies provided to the AI systems and will only be used afterwards for comparison and evaluation.
Each application will be analysed using Microsoft Copilot and the bespoke LLM-based system. Both systems will be asked to identify ethical concerns, assess the level of risk and provide recommendations with explanations. The outputs generated by both systems will be saved and linked to the relevant anonymised application ID.
Once the AI analysis has been completed, the results will be compared with the historical REC outcomes and reviewer comments. Data will be collected on areas such as the ethical concerns identified, risk assessments, recommendations, agreement with historical reviews and consistency between repeated analyses. No new participants will be recruited and no interviews, questionnaires or other direct participant data collection will take place.


(this box should expand as you type)



SECTION D: Scope of Research Activity
	
	Will the research activity include:
	YES
	NO

	1
	Use of a questionnaire or similar research instrument?
	☐
	☒

	2
	Use of interviews?
	☐
	☒

	3
	Use of focus groups?
	☐
	☒

	4
	Use of participant diaries? 
	☐
	☒

	5
	Use of video or audio recording?
	☐
	☒

	6
	Use of computer-generated log files?
	☒
	☐

	7
	Participant observation with their knowledge?
	☐
	☒

	8
	Participant observation without their knowledge?
	☐
	☒

	9
	Access to personal or confidential information without the participants’ specific consent?
	☐
	☒

	10
	Administration of any questions, test stimuli, presentation that may be experienced as physically, mentally or emotionally harmful / offensive?
	☐
	☒

	11
	Performance of any acts which may cause embarrassment or affect self-esteem?
	☐
	☒

	12
	Investigation of participants involved in illegal activities?
	☐
	☒

	13
	Use of procedures that involve deception?
	☐
	☒

	14
	Administration of any substance, agent or placebo?
	☐
	☒

	15
	Working with live vertebrate animals?
	☐
	☒

	16
	Procedures that may have a negative impact on the environment?
	☐
	☒

	17
	Other primary data collection methods. Please indicate the type of data collection method(s) below.
	☐
	☒

	
	Details of any other primary data collection method:



(this box should expand as you type)
	
	



If you have ticked NO to every question then the research activity is (ethically) low risk and you may skip section E and continue to section F.

If YES to any question, then no research activity should be undertaken until full ethical approval has been obtained. 

SECTION E: Intended Participants
	
	Who are the intended participants:
	
YES
	
NO

	1
	Students or staff at the University?
	☐
	☒

	2
	Adults (over the age of 18 and competent to give consent)?
	☐
	☒

	3
	Vulnerable adults?
	☐
	☒

	4
	Children and Young People under the age of 18? (Consent from Parent, Carer or Guardian will be required)
	☐
	☒

	5
	Prisoners?
	☐
	☒

	6
	Young offenders?
	☐
	☒

	7
	Those who could be considered to have a particularly dependent relationship with the investigator or a gatekeeper?
	☐
	☒

	8
	People engaged in illegal activities?
	☐
	☒

	9
	Others. Please indicate the participants below, and specifically any group who may be unable to give consent.

	☐
	☒

	
	Details of any other participant groups:
Complete this only if your participants cannot give consent. This includes animals

(this box should expand as you type)
	
	



	
	Participant numbers and source
Provide an estimate of the expected number of participants. How will you identify participants and how will they be recruited? 

	10
	How many participants are expected?

	Ballpark figures are fine, but make sure that you explain how you will identify and contact your participants.

N/A
(this box should expand as you type)

	11
	Who will the participants be?

	
N/A

(this box should expand as you type)

	12
	How will you identify the participants?
	
N/A

(this box should expand as you type)




	
	Information for participants:
	
YES
	NO
	
N/A

	13
	Will you describe the main research procedures to participants in advance, so that they are informed about what to expect?
	☐
	☐
	☒

	14
	Will you tell participants that their participation is voluntary?
	☐
	☐
	☒

	15
	Will you obtain written consent for participation?
	☐
	☐
	☒

	16
	Will you explain to participants that refusal to participate in the research will not affect their treatment or education (if relevant)?
	☐
	☐
	☒

	17
	If the research is observational, will you ask participants for their consent to being observed?
	☐
	☐
	☒

	18
	Will you tell participants that they may withdraw from the research at any time and for any reason?
	☐
	☐
	☒

	19
	With questionnaires, will you give participants the option of omitting questions they do not want to answer?
	☐
	☐
	☒

	20
	Will you tell participants that their data will be treated with full confidentiality and that, if published, it will not be identifiable as theirs?
	☐
	☐
	☒

	21
	Will you debrief participants at the end of their participation, in a way appropriate to the type of research undertaken?
	☐
	☐
	☒

	22
	If NO to any of above questions, please give an explanation 

	
	You should be able to tick YES for all of these questions. If not, then explain why not in this box.

(this box should expand as you type)



	
	Information for participants:
	
YES
	NO
	
N/A

	24
	Will participants be paid?
	☐
	☐
	☒

	25
	Is specialist electrical or other equipment to be used with participants?
	☐
	☐
	☒

	26
	Are there any financial or other interests to the investigator or University arising from this study?
	☐
	☒
	☐

	27
	Will the research activity involve deliberately misleading participants in any way, or the partial or full concealment of the specific study aims?
	☐
	☐
	☒

	28
	If YES to any question, please provide full details 

	
	You should be able to tick NO for most of these questions. For any cases that you have ticked YES then provide details in this box. If you are using cameras/voice recorders to record interviews then please state that in this box.

(this box should expand as you type)



SECTION F: Anticipated Risks

	
	
Outline any anticipated risks that may adversely affect any of the participants, the researchers and/or the University, and the steps that will be taken to address them.  

	1
	Risks to participants
For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm, transfer of personal data, sensitive organisational information. If you have identified in section D that there are no participants then enter N/A and go skip to question 3.

	
	Risk to participants:
There are always risks. Do not write N/A unless you have no participants.

(this box should expand as you type)
	How you will mitigate the risk to participants:

N/A

(this box should expand as you type)

	2
	If research activity may include sensitive, embarrassing or upsetting topics (e.g. sexual activity, drug use) or issues likely to disclose information requiring further action (e.g. criminal activity), give details of the procedures to deal with these issues, including any support/advice (e.g. helpline numbers) to be offered to participants. Note that where applicable, consent procedures should make it clear that if something potentially or actually illegal is discovered in the course of a project, it may need to be disclosed to the proper authorities

	
	

N/A
(this box should expand as you type)

	3
	Risks to the investigator
For example: personal health & safety, physical harm, emotional distress, risk of accusation of harm/impropriety, conflict of interest

	
	Risk to the investigator:
There are always risks. Do not write NA.
The main risks to the researcher are accidental loss or disclosure of research data and the possibility of incorrectly interpreting AI-generated outputs or historical reviewer decisions during the evaluation.


(this box should expand as you type)
	How you will mitigate the risk to the investigator:

Research data will be stored securely using University-approved storage and will not be shared with unauthorised individuals. Identifying information will be removed from the applications used for AI analysis. AI outputs will be treated as research data rather than authoritative decisions, and findings will be checked systematically against the historical reviewer information using predefined evaluation criteria.

(this box should expand as you type)

	4
	University/institutional risks
For example: adverse publicity, financial loss, data protection

	
	Risk to the University:
There are always risks. Do not write NA.

Potential risks to the University include accidental disclosure of confidential research information, inappropriate use of AI tools, data-protection breaches and inaccurate conclusions about the effectiveness of AI-assisted research ethics review.

(this box should expand as you type)
	How you will mitigate the risk to the University:

Only the AI tools and methods described and approved as part of this research will be used to process the research data. The research ethics applications, historical outcomes and reviewer comments were anonymised before the dataset was provided to me. Research data will be stored securely using University-approved storage and access will be restricted. AI-generated assessments will not be used to make real ethical decisions, and the dissertation will clearly present the systems as decision-support tools rather than replacements for human Research Ethics Committees.

(this box should expand as you type)

	5
	Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

	
	Risk to the environment:

Generative AI can require large amounts of computing resources, and concerns have been raised about its environmental impact, particularly the energy required for AI processing.
(this box should expand as you type)
	How you will mitigate the risk to environment:

AI tools will only be used where required to complete the research and unnecessary or repeated processing will be avoided.

(this box should expand as you type)



SECTION G: Feedback, Consent and Confidentiality

If you have identified in section D that there are no participants then enter skip this section and continue to section H.

	1
	Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when? 

	
	You don’t need to email your participants with your final report. A good alternative is to set up an email address that they will be able to contact for further details or results.
N/A
(this box should expand as you type)

	2
	Informed consent
Describe the arrangements to inform potential participants, before providing consent, of what is involved in participating. Describe the arrangements for participants to provide full consent before data collection begins. If gaining consent in this way is inappropriate, explain how consent will be obtained and recorded in accordance with prevailing data protection legislation.

	
	If you are using a paper questionnaire then you should have the participants sign an appropriate consent form. These forms will count as personal data and should be noted as such in section J.
If you are using an online questionnaire, then you should have a screen before the questions start that acts as a consent form, informing participants that by clicking on the NEXT button they are providing consent.
N/A

(this box should expand as you type)

	3
	Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality will be ensured in any outputs. If anonymity is not being offered, explain why this is the case. 

	
	Do not collect names unless you really need them. Do not name participants or organisations in any research publications (including the thesis) without their explicit permission.
The research ethics applications, historical outcomes and reviewer comments were anonymised before the dataset was provided to me. Anonymised application IDs will be used throughout the research and no individuals will be identified in the dissertation or reported results.
(this box should expand as you type)



SECTION H: Data Protection and Storage

	
	Does the research activity involve personal data (as defined by the General Data Protection Regulation 2016 “GDPR” and the Data Protection Act 2018 “DPA”)?
	YES
	NO

	1
	“Personal data” means any information relating to an identified or identifiable natural person (‘data subject’). An identifiable natural person is one who can be identified, directly or indirectly, in particular by reference to an identifier such as a name, an identification number, location data, an online identifier or to one or more factors specific to the physical, physiological, genetic, mental, economic, cultural or social identity of that natural person. Any video or audio recordings of participants is considered to be personal data.
	☐
	x☐

	
	If YES, provide a description of the data and explain why this data needs to be collected:

	2
	This includes audio/video data of participants, but can also include IP addresses and usernames. Names, addresses and emails also count, as do consent forms.
N/A
(this box should expand as you type)

	
	Does it involve special category data (as defined by the GDPR)?
	YES
	NO

	3
	“Special category data” means sensitive personal data consisting of information as to the data subjects’ –
(a) racial or ethnic origin,
(b) political opinions,
(c ) religious beliefs or other beliefs of a similar nature,
(d) membership of a trade union (within the meaning of the Trade Union and Labour Relations (Consolidation) Act 1992),
(e) physical or mental health or condition,
(f) sexual life,
(g) genetics,
(h) biometric data (as used for ID purposes),
	
☐
	
x☐

	
	If YES, provide a description of the special category data and explain why this data needs to be collected:

	4
	What counts as ‘sensitive’ will differ between cultures. Any information on behaviour that is not in accordance with cultural norms would count as sensitive personal data.
N/A – the dataset provided to me is anonymised and does not contain identifiable special category data.
(this box should expand as you type)



	
	
Will data from the research activity (collected data, drafts of the thesis, or materials for publication) be stored in any of the following ways?
	YES
	NO

	5
	Manual files (i.e. in paper form)?
	☐
	☒

	6
	University computers?
	☐
	☒

	7
	Private company computers?
	☐
	☒

	8
	Home or other personal computers?
	☒
	☐

	9
	Laptop computers/ CDs/ Portable disk-drives/ memory sticks?
	☒
	☐

	10
	“Cloud” storage or websites?
	☒
	☐

	11
	Other – specify:

	☐
	☒

	12
	For all stored data, explain the measures in place to ensure the security of the data collected, data confidentiality, including details of backup procedures, password protection, encryption, anonymisation and pseudonymisation:

	
	If possible, save your data on computers that are secure and regularly backed up. Many cloud services only provide GDPR-compliant storage for business customers. An example of suitable text is given below.

Research will be carried out using my password-protected personal laptop. Research data will be stored within my password-protected University Microsoft 365/OneDrive account and will not be shared publicly. The research ethics applications, historical outcomes and reviewer comments were anonymised before the dataset was provided to me, and anonymised application IDs will be used when recording and reporting results.
Historical REC outcomes and reviewer comments will be kept separately from the application content used for AI testing. AI-generated outputs will also be stored securely and linked only to the relevant anonymised application ID. Research data will be retained in accordance with University requirements and securely deleted when it is no longer required.



(this box should expand as you type)



	
	Data Protection

	
	Will the research activity involve any of the following activities:
	YES
	NO

	13
	Electronic transfer of data in any form?
	☒
	☐

	14
	Sharing of data with others at the University outside of the immediate research team?
	☐
	☒

	15
	Sharing of data with other organisations?
	☒
	☐

	16
	Export of data outside the UK or importing of data from outside the UK?
	☒
	☐

	17
	Use of personal addresses, postcodes, faxes, emails or telephone numbers?
	☐
	☒

	18
	Publication of data that might allow identification of individuals?
	☐
	☒

	19
	If YES to any question, please provide full details, explaining how this will be conducted in accordance with the GDPR and Data Protection Act (2018) (and/or any international equivalent):

	
	This includes data such as drafts of your thesis as well as experimental or survey data. An example of suitable text is given below.
Research data will be transferred electronically between my password-protected personal laptop, my University Microsoft 365/OneDrive account and the AI systems used for the research. Before any research ethics application is submitted to an AI system, identifying information and the historical reviewer outcome and comments will be removed.

The study will use the UWTSD-approved version of Microsoft Copilot and a bespoke Python-based system that uses the OpenAI API. Only the anonymised application content required for the research will be processed by the AI systems. Historical reviewer information will be stored separately and used only after the AI analysis for comparison and evaluation.

Research files and generated results will be stored securely in my password-protected University OneDrive account and will not be shared publicly. Anonymised application IDs will be used when recording and reporting the results.

(this box should expand as you type)

	20
	List all who will have access to the data generated by the research activity:

	
	Normally the principal researcher, possibly also the supervisor and, if the project has an industrial partner, a representative of that partner. Possibly also external examiner or second marker?

The principal researcher will have access to the research data. The research supervisor may also have access where required for supervision and review. University markers or examiners may have access to anonymised data and results included within the final dissertation and submitted project materials.

(this box should expand as you type)

	21
	List who will have control of, and act as custodian(s) for, data generated by the research activity:

	
	Usually the principal researcher.

The principal researcher will have control of and act as the main custodian of the research data, under the supervision and data management requirements of the University.

(this box should expand as you type)

	22
	Give details of data storage arrangements, including security measures in place to protect the data, where data will be stored, how long for, and in what form. 

	
	Research will be carried out using my password-protected personal laptop. Research data will be stored securely within my password-protected University Microsoft 365/OneDrive account and will not be shared publicly. The dataset was anonymised before being provided to me. Historical reviewer outcomes and comments will be stored separately from the application content used for AI analysis, and AI-generated results will be recorded using anonymised application IDs.
The data will be retained until the research and assessment process has been completed, in accordance with University data management requirements, and will then be securely deleted when it is no longer required.

(this box should expand as you type)

	22
	Confirm that you have read the UWTSD guidance on data management (see https://www.uwtsd.ac.uk/library/research-data-management/)
	☒

	23
	Confirm that you are aware that you need to keep all data until after your research has completed or the end of your funding
	☒




SECTION I: Use of AI tools
	Use of generative AI and other AI-based tools
There are a number of ethical issues relating to the use of generative AI and other AI-based tools, including data security, output bias, and output errors. In general you should assume that any generative AI or other AI-based tool that you pay to use is more secure and accurate than one which is free to use.

Will the research use AI tools to do any of the following:
	YES
	NO
	N/A

	1
	Capture data?
	☐
	☒
	☐

	2
	Generate and/or edit text?
	☐
	☒
	☐

	3
	Generate graphics?
	☐
	☒
	☐

	4
	Generate video?
	☐
	☒
	☐

	5
	Generate sound/music?
	☐
	☒
	☐

	6
	Generate code?
	☐
	☒
	☐

	7
	Generate synthetic data?
	☐
	☒
	☐

	8
	Analyse data?
	☒
	☐
	☐

	9
	Analyse personal or sensitive data?
	☐
	☒
	☐

	10
	Classify data?
	☒
	☐
	☐

	11
	Do you intend to use the free version of any AI tools?
	☐
	☒
	☐

	If you have answered YES to any of questions O1-O11, please provide justification detailing why this is necessary for the research.  

	12
	State which AI tool or tools you will be using, and where they are based (or store their data – you may need to check their webpages or user agreement for this). If you are planning to use Copilot then say if you’re using the UWTSD version of it or the public version. You should also show how you are complying with current UWTSD guidance/policy of the use of AI.


This research requires the use of AI because the purpose of the study is to evaluate and compare two AI-based approaches to supporting research ethics review. The study will use the UWTSD-approved institutional version of Microsoft Copilot and a bespoke Python-based LLM system developed specifically for this project. The bespoke system uses a paid OpenAI API account to analyse application text and return structured results.
Both systems will analyse the same anonymised research ethics applications and will be used to identify potential ethical concerns, classify levels of risk and generate recommendations with explanations. The research ethics applications, historical outcomes and reviewer comments were anonymised before the dataset was provided to me. Historical reviewer decisions and comments will not be provided to either AI system during analysis and will only be used afterwards for comparison and evaluation.
Only the anonymised application content required for the research will be submitted for AI processing. Microsoft Copilot will be accessed through the UWTSD-approved institutional environment rather than the public version. The bespoke system will use a paid OpenAI API account rather than a free public AI service.
OpenAI states that data submitted through its API is not used to train or improve its models by default unless the customer explicitly opts in to data sharing. I will not opt in to sharing API inputs or outputs for model training or improvement. OpenAI may retain API data in abuse-monitoring logs for up to 30 days under its standard data-retention arrangements. Only anonymised application content required for the research will be processed through the API.
AI-generated outputs will be stored securely and will only be used for the purposes of this research. They will not be used to make or change any real research ethics decisions.

(this box should expand as you type)






SECTION J: Declaration
	
	The information which I have provided is correct and complete to the best of my knowledge. I have attempted to identify any risks and issues related to the research activity and acknowledge my obligations and the rights of the participants.

In submitting this application I hereby confirm that I undertake to ensure that the above named research activity will meet the University’s Research Ethics and Integrity Code of Practice which is published on the website: https://www.uwtsd.ac.uk/research/research-ethics/ 

	1
	Signature of applicant:
	Kelly Casey
	Date:16/08/2026


	2
	Supervisor:
	Nik Whitehead
	Date:16/08/2026

	3
	Signature:
	
Nik Whitehead
	



[bookmark: _Toc239628147]Appendix C – Application-Level Comparative Results
This appendix presents the application-level data underlying the aggregate results reported in Chapter 5. It combines each historical REC outcome with the designated primary-run results from the bespoke GPT-5-mini system and Microsoft Copilot. Where an application appeared at multiple review stages, the version corresponding to the selected historical outcome was used. 

Table C.1: Application-Level Primary-Run Concern and Severity Results
	ID
	REC outcome
	Bespoke total
	H
	M
	L
	Copilot total
	H
	M
	L

	EC1275
	Approved
	8
	1
	7
	0
	11
	4
	7
	0

	EC1281
	Approved
	7
	0
	7
	0
	12
	4
	8
	0

	EC1287
	ASTC
	8
	0
	7
	1
	10
	2
	7
	1

	EC1289
	Resubmit
	6
	0
	6
	0
	8
	2
	5
	1

	EC1290
	Resubmit
	8
	0
	7
	1
	11
	4
	7
	0

	EC1293
	Resubmit
	8
	0
	8
	0
	11
	3
	8
	0

	EC1294
	ASTC
	7
	3
	4
	0
	10
	2
	6
	2

	EC1297
	ASTC
	8
	1
	7
	0
	12
	4
	7
	1

	EC1298
	Approved
	7
	1
	6
	0
	9
	0
	8
	1

	EC1301
	Approved
	7
	0
	7
	0
	14
	2
	6
	6

	EC1303
	Approved
	8
	0
	8
	0
	12
	2
	8
	2

	EC1304
	ASTC
	7
	1
	6
	0
	10
	3
	7
	0

	EC1308
	Approved
	2
	0
	0
	2
	6
	0
	3
	3

	EC1313
	ASTC
	4
	0
	3
	1
	6
	0
	2
	4

	EC1314
	ASTC
	8
	0
	8
	0
	12
	3
	8
	1

	EC1315
	Approved
	5
	0
	5
	0
	6
	0
	4
	2

	EC1319
	ASTC
	7
	0
	7
	0
	12
	4
	8
	0

	EC1322
	Approved
	7
	1
	6
	0
	10
	1
	9
	0

	EC1327
	ASTC
	8
	1
	7
	0
	12
	2
	10
	0

	EC1334
	Resubmit
	7
	0
	7
	0
	8
	2
	5
	1

	EC1338
	Resubmit
	7
	0
	7
	0
	10
	4
	6
	0

	EC1340
	ASTC
	5
	0
	5
	0
	8
	0
	3
	5

	EC1341
	Approved
	7
	1
	6
	0
	11
	3
	8
	0

	EC1343
	Resubmit
	7
	0
	6
	1
	10
	4
	6
	0

	EC1346
	Resubmit
	7
	2
	5
	0
	11
	5
	6
	0

	EC1350
	Resubmit
	7
	3
	4
	0
	12
	6
	5
	1

	EC1355
	Resubmit
	8
	0
	8
	0
	12
	2
	9
	1

	EC1360
	ASTC
	7
	0
	7
	0
	9
	1
	6
	2

	EC1361
	Approved
	8
	0
	7
	1
	12
	2
	9
	1

	EC1362
	Resubmit
	7
	1
	6
	0
	12
	5
	7
	0

	Total
	30 applications
		207



	



	16
	184
	7
	303
	76
	197
	30


Table C.1 provides the application-level figures used to calculate the aggregate results in Table 5.3. The bespoke system generated 207 concerns, whereas Copilot generated 303. Copilot also assigned High severity more frequently. Here, H, M and L represent High-, Medium- and Low-severity concerns, respectively.
Table C.2: Application-Level Recommendation Correspondence
	Application ID
	Historical outcome
	Bespoke mapped outcome
	Match?
	Copilot mapped outcome
	Match?

	EC1275
	Approved
	Resubmit
	No
	ASTC
	No

	EC1281
	Approved
	ASTC
	No
	ASTC
	No

	EC1287
	ASTC
	ASTC
	Yes
	ASTC
	Yes

	EC1289
	Resubmit
	ASTC
	No
	ASTC
	No

	EC1290
	Resubmit
	ASTC
	No
	ASTC
	No

	EC1293
	Resubmit
	ASTC
	No
	ASTC
	No

	EC1294
	ASTC
	Resubmit
	No
	ASTC
	Yes

	EC1297
	ASTC
	Resubmit
	No
	ASTC
	Yes

	EC1298
	Approved
	Resubmit
	No
	ASTC
	No

	EC1301
	Approved
	ASTC
	No
	ASTC
	No

	EC1303
	Approved
	ASTC
	No
	ASTC
	No

	EC1304
	ASTC
	Resubmit
	No
	ASTC
	Yes

	EC1308
	Approved
	Approved
	Yes
	ASTC
	No

	EC1313
	ASTC
	ASTC
	Yes
	ASTC
	Yes

	EC1314
	ASTC
	ASTC
	Yes
	ASTC
	Yes

	EC1315
	Approved
	ASTC
	No
	ASTC
	No

	EC1319
	ASTC
	ASTC
	Yes
	ASTC
	Yes

	EC1322
	Approved
	Resubmit
	No
	ASTC
	No

	EC1327
	ASTC
	Resubmit
	No
	ASTC
	Yes

	EC1334
	Resubmit
	ASTC
	No
	ASTC
	No

	EC1338
	Resubmit
	ASTC
	No
	ASTC
	No

	EC1340
	ASTC
	ASTC
	Yes
	ASTC
	Yes

	EC1341
	Approved
	Resubmit
	No
	ASTC
	No

	EC1343
	Resubmit
	ASTC
	No
	Resubmit
	Yes

	EC1346
	Resubmit
	Resubmit
	Yes
	Resubmit
	Yes

	EC1350
	Resubmit
	Resubmit
	Yes
	Resubmit
	Yes

	EC1355
	Resubmit
	ASTC
	No
	ASTC
	No

	EC1360
	ASTC
	ASTC
	Yes
	ASTC
	Yes

	EC1361
	Approved
	ASTC
	No
	ASTC
	No

	EC1362
	Resubmit
	Resubmit
	Yes
	ASTC
	No

	Total Match
	—
	10 of 30
	33.3%
	13 of 30
	43.3%



Table C.2 presents the application-level recommendation mapping underlying Tables 5.5 and 5.6. The bespoke system corresponded with 10 of the 30 historical outcomes (33.3%), while Copilot corresponded with 13 (43.3%). Correspondence represents agreement in the mapped level of intervention and does not imply that the AI assessment was objectively correct, because historical REC outcomes were treated as a real-world reference rather than infallible ground truth.










Primary-Run Severity Classifications by System

Bestoke	High	Medium	Low	16	184	7	Copilot	High	Medium	Low	76	197	30	



Historical reviewer concerns matched and missed by each AI approach

Historical concerns matched	Bespoke system	Microsoft Copilot	85	71	Historical concerns missed	Bespoke system	Microsoft Copilot	2	16	



Recommendation Correspondence by Historical REC Outcome

Bespoke	Approved	ASTC	Resubmit	0.1	0.6	0.3	Copilot	Approved	ASTC	Resubmit	0	1	0.3	
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def analyse_single_category(docunent_text, category):
prompt = build_category_prompt(category)

response = client.responses. create(
model="gpt-5-mini",
instructions=prompt,
“nput=document_text,
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response_text = response.output_text.strip()

try:
return json.loads (response_text)

except json.ISONDecodeError as error:
raise ValueError(
#"The AT response for ‘{category}' was not valid JSON."
) from error
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def calculate_overall_risk(issues):
severities = [
issue.get("severity”,
for issue in issues

-strip().lower()

if "high" in severities:
return "High"

if "mediun” in severities:
return "Medium"

return "Low"
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consistently. Clarifyingthese point should be required befor approval i granted.
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Overall Recommendation

Do not approve until the high-severity issues and required supporting documentation have been satisfactorily resolved.

Review automatically saved to:

results\EC1275_PG2_20260825_144019.json

~ System Decision Rules

Overall Risk is calculated by the system, not by the Al
+ Any High issue = High Risk
+ Otherwise any Medium issue = Medium Risk

+ Otherwise = Low Risk
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def build_category_prompt(category):
You are an expert university research ethics reviewer.

Analyse the supplied application ONLY for this review domain:
{category}

Guidance:

{guidance}

Return ONLY valid JSON using this exact structure:

«

“recommendation"

n

Rules:

- category must remain exactly "{category}".
- issue_found must be true or false.

- Report an issue only when there is a clear, meaningful concern,
contradiction or important omission.

Do not report minor stylistic improvements as ethical issues.

- Do not force an issue to be found.




image12.png
Severity definitions:

High:
A serious legal, safety, safeguarding, consent, data-protection,
environmental or governance concern that should prevent approval until resolved.

Medium:
A meaningful concern requiring revision or clarification before full approval.

Low:
A minor but genuine ethical or administrative concern that would not normally
prevent approval.

Return JSON only.
Do not include markdown.

Do not include introductory or closing comments.
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&z Al Ethics Review System

Upload an anonymised ethics application and the system will identify potential ethical concerns.

Choose an ethics application

EC1215PG2ocx ©
130K

File uploaded: EC1275 PG2.docx
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File uploaded: EC1275 PG2.docx

~ View Extracted Document Text

Extracted Content

APPLICATION FOR ETHICAL APPROVAL

In order for research to result in benefit and minimise risk of harm, it must be conducted ethically. A researcher may not be covered by the University's insurance if et
approval has not been obtained prior to commencement.

The University follows the OECD Frascati manual definition of research activity: “creative work undertaken on a systematic basis i order to increase the stock of knowledge,
including knowledge of man, culture and society, and the use of this stock of knowledge to devise new applications’”. As such this covers activities undertaken by members of
staff,postgraduate research students, and both taught postgraduate and undergraduate students working on dissertations/projects.

The individual undertaking the research activity is known as the “principal researcher”.

Ethical approval is not required for routine audits, performance reviews, quality assurance studies, testing within normal educational requirements, and literary or artistic
iticism.

Please read the notes for guidance before completing ALL sections of the form.
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Ethical Issues

> lIssue 1: Consent and Withdrawal —Medium
> Issue2: Data Protection and Confidentiality — Medium

ant Welfare and Safeguarding — Medium

> lssue: Recruitment and Payments — Medium

> Issues: Researcher Safety — Medium

> Issue6: External Permissions and Legal Compliance — Medium

nmental and Heritage Impact — Medium

> Issue 8 Documentation and Governance — High
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Review automatically saved to:

results\EC1275_PG2_20260825_144019.json
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You are acting as a research university ethics reviewer.

Your task i to review an anonymised research cthics application and

identify clear, meaningful ethical concerns, contradictions, important
omissions, and areas requiring claification before ethical approval.
Assess the application across the following eight categories:

1. Consent and Withdrawal

2. Data Protection and Confidentiality

3. Participant Welfare and Safeguarding

4. Recruitment and Payments

5. Researcher Safety

6. External Permissions and Legal Compliance.

7. Environmental and Heritage Impact

8 Documentation and Governance

For each category, determine whether a material ethical issue s present.
Do not report minor stylstic improvements as ethical issues.

Do not force an issue to be identified in every category.

Base the assessment only on information contained in the supplied
application.

Do not invent missing facts

I information is unclear or absent, explicily state that dlarification or

further documentation s required rather than assuming it exists.
For every identified issue |, vide:
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Category:

Severity:

Evidence:

Explanation:

Recommendation:

Use the following severity definitions:

High

A serious legal,safety, safeguarding, consent, data-protection,
environmental or govemance concen that should prevent approval until
resolved.

Medium:

A meaningful concern requiring revision or clarification before full
approval.

Low:

A minor but genuine ethical or administrative concer that would not
normally prevent approval,

Evidence must be based directly on the supplied application.

‘The explanation should clearly state why the evidence represents an
ethical concern.

The recommendation should state what action o clarification is required
to address the concern.

At the end, provide an Overall Recommendation based on the issues
identified

Do not begin the review unii | provide the anonymised ethics application.
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Q search

o Library

Agents

® Study and Learn

{J& New agent

*++ More agents

Chats

You are acting as a research univ.

Auto v

Understood.

©

Enterprise data protection applies to this chat.

You are acting as a research university ethics reviewer.

Your task is to review an anonymised research ethics application and

identify clear, meaningful ethical concerns, contradictions, important
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1. Consent and Withdrawal

Issue 1

Category: Consent and Withdraval
Severiy: Medium

Evidence:
The study proposes multiple forms of consent depending on partcipant ype. Wrtten consent
will be obtained from some partcipants,while verbal/audio-recorded consent will be used for
others,including loca residents and park rangers. Patiipants are informed that conversations:
may be used in the research, but the applicant also repeatecly states that they “may or may not
s information and may decide ater whether materia is included. &

[—
The consent process lacks clarty regarding exacly what paricipants are consenting to.In
particular, the application suggests that decisions about whether contributions il be used, and
how individuals may be dentified, may occur after data collcton. This creates uncertanty
about the scope of consent and whether consent i sufficienty informed a the time of
partiipation.
Recommendation:
Provide a ear, standardised consent process specifying

+ What data wilbe collected.

+ Whether quotations may be used.

- Whether participants will be identifiable or anonymised by defaul

+ How consent for audio recording, photography, quotation, and atsbution will be

separately obained.
¢
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Ethics Review Results
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Ethics Review Results

Overall Risk
@ Medium Risk
Total Issues. High Medium
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Ethical Issues

> Issue 1: Data Protection and Confidentiality — Medium

> Issue 2: Documentation and Governance — Medium
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Ethics Review Results

Overall Risk
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Al-Assisted Research Ethics Review Project Gantt Chart
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Al-Assisted Research Ethics Review Project: Actual Timeline
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