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[bookmark: _Toc227913187]INTRODUCTION
Our team designed EduGuardian AI, a desktop-based early warning prototype for detecting students at risk of dropout or burnout in UK higher education. 
The system combines a relational database, a rule-based Python scoring engine, and a Streamlit dashboard. This reflection captures my personal perspective on what I contributed, how the team worked, and where our design falls short, rather than restating shared material from the group presentation
[bookmark: _Toc227913188]SCOPE OF MY CONTRIBUTION
My primary contribution was the conceptual architecture of the system. I proposed the central design pattern: a normalised SQLite database holding raw behavioural events, with Python acting as the logic layer that queries the data and calculates a penalty for each risk criterion. 
I argued that each rule, whether low attendance, missing submissions, LMS inactivity or ignored outreach, should be expressed as an independent function producing a deductible score from a starting total of 100. 
This function-per-criterion pattern mattered because it kept the scoring logic explainable: a tutor can read off exactly why a student lost 20 points rather than being handed a black-box number. I also contributed to the scoring engine design, including the Low, Medium and High-risk bands and the weighting mechanism that scales the severity of different events so that a missed final exam penalises more than a missed quiz. 
While Mirela translated the design into working code, the database shape, the penalty model and the scoring rationale originated from my design work.
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Overall, the team worked smoothly. Responsibilities were distributed fairly, no one disengaged, and the deliverables came together on schedule. 
The biggest practical challenge was scheduling: five people with different timetables made synchronous meetings difficult, and we relied more on asynchronous messaging than I anticipated at the start. I learned two things from this. 
· First, asynchronous work only scales if written hand-offs are precise; vague notes cost time. 
· Second, small decisions benefit from ad-hoc calls rather than long chat threads. I initially over-indexed on written specifications and should have called Mirela sooner when the scoring engine’s edge-case behaviour needed clarifying. 
In a future project I would introduce short weekly stand-up style check-ins from the outset rather than letting them emerge halfway through. The team’s good sportsmanship kept frustrations minor, but more structure earlier would have reduced coordination overhead and given us more time for testing, which ultimately was the area that felt most rushed.
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I would rate every team member 5 out of 5. Each one pulled their weight and the project would not have shipped without any one of them.
1. Mirela Balabanova-Kehayova (5/5): Turned the design into a working prototype; wrote the SQLite schema and the Python scoring logic.
1. Catalin Dragomir (5/5): Acted as de facto team lead, coordinating meetings, mediating decisions, and keeping momentum when others were busy.
1. Muhammad Kamrul Hasan Sohel (5/5): Highly organised; assembled the presentation deck and kept version control of shared materials tight.
1. Pedro Gaetjens Molongua (5/5): Produced the visuals: Gantt chart, ERD, system flowchart and dashboard mock-ups, which gave the project its professional finish.
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Designing the system stretched my thinking in ways that writing code alone would not have. The ERD evolved during development: I had initially modelled Assessments with a non-nullable grade, but realised a missing submission is semantically different from a low mark, so grades needed to be nullable. 
Similarly, we added a weighting field so that the scoring engine could reflect that a final exam matters more than a formative quiz. A subtler lesson came from SQLite’s loose typing: Booleans are stored as INTEGER, which meant our penalty functions had to treat logical flags defensively. 
These are small design choices, but they compound: each one either protects the explainability of the system or quietly undermines it. I came away with a deeper appreciation that data-model shape is itself an ethical decision in analytics work.
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Our approach sits deliberately apart from existing learning-analytics platforms. The Open University’s OU Analyse uses predictive machine learning trained on institutional data [1], and Georgia State University’s GPS Advising issues more than 800 alert types from predictive models [2]. 
Both systems are powerful but opaque, and their predictions can be difficult to explain to the staff acting on them. 
Nottingham Trent’s Student Dashboard and Jisc’s learning-analytics work [3] emphasise engagement indicators and a wellbeing framing, which influenced our choice of behavioural features. 
EduGuardian AI’s novelty is not scale but transparency: a rule-based, GDPR-safe prototype that a tutor can read in full.
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The prototype has real limitations. Synthetic data protects student privacy during development but means our scoring thresholds are unvalidated against real behaviour; a high-risk student in simulation is not guaranteed to look the same in live cohort data. The rule-based approach, while transparent, is inflexible because thresholds are developer-chosen and may miss patterns a machine-learning model could detect. Because there is no Moodle API integration, records must currently be loaded manually, and any production deployment would need secure authenticated ingestion. Ethically, the largest risk is mis-framing burnout: we infer it from behavioural proxies such as attendance drop or LMS silence rather than measuring wellbeing directly, which is precisely the kind of indicator-to-outcome mismatch that introduces algorithmic bias in educational analytics [4]. 
The system should therefore support, never replace, pastoral judgement, aligning with sector guidance that positions learning analytics as a trigger for human intervention rather than an automated decision [5].
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Priority improvements are: a Moodle API layer to replace manual input; role-based access control for staff and student views; a small machine-learning component to flag patterns the rule-engine misses while preserving rule explanations as the primary output; and validation against anonymised institutional data once ethical approval is secured. 
EduGuardian AI taught me that good analytic systems are designed as much around what you choose not to automate as around what you do. Transparency was the most important design decision we made, and it is the one I would defend again.
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