





[bookmark: _Toc243340039]Declaration of Prior Work
This project builds on my own Year 2 coursework for the ChangeMakers module, where I designed and specified DevTrace: an Agile-based bug-tracking and DevOps management tool (individual, unpublished coursework, ChangeMakers module, University of Wales Trinity Saint David). That work involved a requirements specification, an ERD (User, Role, Project, Sprint, Issue, Comment, Repository), a use-case model, and a fairly basic rule-based 'Smart Issue Priority Suggestion' feature that just matched keywords, flagging things like 'crash' or 'security' as high priority.
None of that documentation, code or writing is being reused or resubmitted here; it's a starting point, not material I'm recycling. What's actually different this time; replacing that keyword-matching classifier with a proper diff- and dependency-based risk-ranking approach, adding an LLM layer to explain that risk in plain language (neither of which existed in the Year 2 work), and running an evaluation that Year 2 never had. Since the prior work was entirely my own individual submission, no one else's contribution is involved. I hope this is fine due to other’s project ideas being accepted on similar terms.


[bookmark: _Toc243340040]Contents
Declaration of Prior Work	1
Contents	1
1. Introduction	1
2. Background to the Proposed Research	1
3. Research Problem Statement	1
4. Research Aim & Objectives	1
5. Methodology	1
5.1 Methods	1
5.2 Materials	1
6 Project Plan	1
7. References	1



[bookmark: _Toc243340041]1. Introduction
Most software isn't written by one person working in isolation; it gets pulled, merged, reviewed and picked back up by whoever's turn it is next. Coming back to a codebase after someone else has changed it is something every developer deals with, and it's more mentally taxing than it sounds. Recovering full focus after being interrupted takes around 23 minutes on average (Mark, 2023), and programmers specifically tend to make more mistakes and take longer getting back into a task once they've been pulled out of it (Parnin and Rugaber, 2011). A pull or a merge is basically a forced version of that: you didn't write the change, but you still must work out what it did before you can safely carry on.
That's not a new problem, it's the whole premise behind Change Impact Analysis (CIA), a field that has spent decades building techniques to work out what parts of a system are affected by a given change (Li et al., 2013; Sun et al., 2014). What's surprising is how little of that research gets used in practice. Studies of real developers keep finding the same thing: people don't reach for dedicated CIA tools, they just navigate the IDE and figure it out by trial and error (Jiang, McMillan and Santelices, 2016; Tóth, 2010). More recently, LLMs have started being applied to code review and bug-finding, with mixed results useful, but prone to confidently getting things wrong (Ramesh et al., 2025; Poudel, 2026).
This project grows out of my Year 2 ChangeMakers coursework, DevTrace, a web-based Agile bug-tracking and DevOps tool (see the Declaration of Prior Work for exactly what that did and didn't cover). DevTrace had a very basic rule-based feature for flagging issue priority by keyword; the plan here is to turn that idea into something genuinely useful, a tool that looks at what actually changed in a pull or merge, works out which parts are risky, and explains that to a developer in plain language. The point isn't to replace program analysis with AI, but to use AI to make program analysis something people will use.
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Understanding why a change was made is one of the hardest parts of reviewing code (Bacchelli and Bird, 2013), and it gets harder the messier the change is. Di Biase et al. (2019) ran a controlled experiment with 28 developers and found that changes mixing several unrelated edits together ('tangled' changes) led to more false alarms and less careful checking than changes that were cleanly split up. Interestingly, it didn't change how many real bugs people found, just how confidently and accurately they reasoned about the change. That's a useful finding for this project: how change information is presented seems to matter almost as much as what's in it.
Change Impact Analysis is the field most directly about this problem, working out what a modification affects, and what else might need to change because of it (Sun et al., 2014). There's a lot of research here: static techniques that trace dependencies without running the code, dynamic techniques based on test execution, and hybrids of the two, with surveys listing dozens of different approaches (Li et al., 2013; Aro et al., 2021). But almost none of it seems to reach real developers. Jiang, McMillan and Santelices (2016) observed nine professional programmers and surveyed 35 more and found that not one of them used a dedicated CIA tool that they all just navigated the IDE and ran the code to figure things out. Tóth (2010) found something similar, what CIA algorithms flag as important and what programmers care about don't line up especially well.
The other relevant strand of research is much newer: using LLMs for code review and bug detection. Ericsson's own experience report on combining an LLM with static analysis for code review was cautiously positive developers found it useful, though the researchers were clear that reducing workload, not full automation, was the realistic near-term goal (Ramesh et al., 2025). Other evaluations are more cautious, pointing out that LLM-based bug detection can hallucinate or give inconsistent results, and tends to work better as a support to existing analysis than as a replacement for it (Poudel, 2026).
Putting together, there's a gap here worth building something for. CIA research has produced solid techniques that barely anyone uses, largely because the output isn't presented in a form developers find usable (Jiang, McMillan and Santelices, 2016; Tóth, 2010). AI-based review tools are mostly built to catch bugs at commit time, not to help someone get their bearings in a change they didn't write. Nothing I've found combines a lightweight, diff-based risk check with a plain-language explanation aimed specifically at that 'I've just pulled and I don't know what changed' moment, which is exactly what this project is trying to build.
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Coming back to a codebase after someone else has pushed or merged changes means having to work out what changed and whether it's still safe to carry on, and that takes time during which things get missed. Change Impact Analysis has studied this problem for years, but developers rarely use dedicated tools for it in practice. AI code-review tools, meanwhile, are mostly built to catch bugs at commit time rather than to help someone quickly get their bearings in changes they didn't write themselves.
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Aim: To build a tool that helps a developer quickly understand what changed in a pull or merge, why it matters, and which parts of the code need the closest look, cutting down the time it takes to get back up to speed after someone else's changes.
Objectives:
1. 1. Look at existing Change Impact Analysis techniques and AI-assisted review tools, to see what's already out there and where the actual gap is.
1. 2. Build a simple tool that reads a git diff and works out which changed files or functions are riskiest, based on how connected they are to the rest of the codebase.
1. 3. Add an AI layer that turns that risk information into a short, plain-English summary — what changed, and what to check first.
1. 4. Wire this into the existing ChangeMakers/DevTrace tool as a real feature, not just a script that sits on its own.
1. 5. Try it out on a handful of real or seeded examples to see if it helps, and be upfront about where it falls short, including where the AI gets things wrong.
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This is mainly a software development project: the main output is a working tool, built and tested as I go rather than all at once at the end. Alongside that, I want to check whether the tool helps, rather than just assuming it does, so there's a small evaluation built in too. Given the time I have and how new I still am to this kind of write up, I've kept the evaluation deliberate, a case study comparison rather than a full formal experiment, so it's something I can realistically plan, run and write up properly.
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I'll build the tool in stages: first the part that reads a diff and works out risk based on dependencies, then the AI summary layer, then wiring it into ChangeMakers. Each stage gets tested against sample repositories as I go, rather than leaving all the testing to the end. For the evaluation, I'll use a small number of test cases, open-source repositories where I introduce a known change and a known bug and try to spot the issue with and without the tool, timing myself and noting what I did or didn't notice. If time allows, I'd like one or two course mates to try the same thing, just to see if my own results hold up with someone else. It's a small, practical comparison rather than anything close to a full study, which is deliberate given the time I have.
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All the test material will be public, open-source repositories with changes I add myself, so there's no need to touch anyone's private code. If anyone besides me takes part, it will be entirely voluntary and informal, and I'll check with my supervisor what level of approval, if any, that needs before asking anyone. On the technical side: JavaScript/TypeScript and Node.js, building on the existing ChangeMakers codebase; the Git/GitHub API to pull diffs; a dependency-analysis library to help judge risk, and an LLM API for the plain-English summaries. Nothing needs specialist hardware, since the AI side runs through an API call rather than anything local.
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The table below is my rough plan for the year, from finishing this proposal through to final submission. I've tried to keep it realistic rather than ambitious, since it's easier to build in some slack now than to fall behind later.
	Phase / Weeks
	Milestone
	Key Tasks

	Weeks 1–3 (Sept–Oct)
	Proposal finalised; ethics application submitted
	Complete literature review; confirm scope with supervisor; submit departmental ethics application for the evaluation study.

	Weeks 4–6 (Oct–Nov)
	Technical design complete
	Select tech stack; design the diff/dependency risk-ranking algorithm; design the LLM prompt/response schema.

	Weeks 7–10 (Nov–Dec)
	Core engine implemented
	Implement git-diff parsing, dependency/call-graph analysis and risk-ranking logic; unit test against sample repositories.

	Weeks 11–12 (Dec–Jan)
	Interim demo
	Integrate risk-ranking output into the existing ChangeMakers tool; present interim progress demo for supervisor feedback.

	Weeks 13–16 (Jan–Feb)
	AI explanation layer complete
	Integrate LLM API to translate ranked diff data into natural-language change summaries; build the summary UI.

	Weeks 17–19 (Feb–Mar)
	Test cases prepared
	Pick open-source repositories; introduce a few known changes/bugs into them to test against; do a quick trial run to check the approach works.

	Weeks 20–22 (Mar)
	Comparison completed
	Work through the test cases with and without the tool; note time taken and what was noticed/missed.

	Weeks 23–25 (Mar–Apr)
	Analysis complete
	Analyse quantitative and qualitative results; identify limitations, including LLM hallucination risk.

	Weeks 26–28 (Apr–May)
	Submission
	Write up final report; proofread; prepare demonstration; submit.


[bookmark: _Toc243340049]7. References
Aro, T.O., Yusuff, S., Bajeh, A. and Adewole, K. (2021) 'Improving the Accuracy of Static Source Code Based Software Change Impact Analysis Through Hybrid Techniques: A Review', International Journal of Software Engineering and Computer Systems, 7(1).
Bacchelli, A. and Bird, C. (2013) 'Expectations, outcomes, and challenges of modern code review', Proceedings of the 2013 International Conference on Software Engineering (ICSE). San Francisco: IEEE, pp. 712–721.
di Biase, M., Bruntink, M., van Deursen, A. and Bacchelli, A. (2019) 'The effects of change decomposition on code review — a controlled experiment', PeerJ Computer Science, 5, e193.
Jiang, S., McMillan, C. and Santelices, R. (2016) 'Do Programmers do Change Impact Analysis in Debugging?', Empirical Software Engineering, 21(4), pp. 1148–1179.
Li, B., Sun, X., Leung, H. and Zhang, S. (2013) 'A survey of code-based change impact analysis techniques', Software Testing, Verification and Reliability, 23(8), pp. 613–646.
Mark, G. (2023) Attention Span: A Groundbreaking Way to Restore Balance, Happiness and Productivity. New York: Hanover Square Press.
Parnin, C. and Rugaber, S. (2011) 'Resumption strategies for interrupted programming tasks', Software Quality Journal, 19(1), pp. 5–34.
Poudel, A. (2026) Automated testing: bug identification using large language models. Bachelor's thesis. LUT University.
Ramesh, S., Bose, J., Singh, H., Ak, R., Roychowdhury, S., Sridhara, G., Saini, N. and Britto, R. (2025) 'Automated Code Review Using Large Language Models at Ericsson: An Experience Report', Proceedings of the 2025 IEEE International Conference on Software Maintenance and Evolution (ICSME). Auckland: IEEE.
Sun, X., Li, B., Chen, Y., Li, B. and Wen, W. (2014) 'A Survey of Software Change Impact Analysis Techniques', Acta Electronica Sinica, 42(12), pp. 2467–2476.
Tóth, G. (2010) 'A comparison of programmers' opinions in change impact analysis', Periodica Polytechnica Electrical Engineering, 54(3–4), pp. 111–121.

