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[bookmark: _Toc241856743]1. Introduction and rationale
This section provides the patient-level/operational basis for integrating patient-level triage support with service-level demand forecasting. In the case of the A&E departments, they need to be able to recognize patients with time-critical workloads and adapt to constantly fluctuating demand. Initial assessment is considered to be safety significant in NHS guidance [1]. AI-assisted triage is encouraging, but evidence is still unvalidated, transparent and maintains the autonomy of the clinics [2].
Historical activity also is included in the Supervisor feedback for the project to determine if historical activity can predict future service pressure. The inclusion of an operational forecasting component can be backed up by the work of Yusuf et al. [3] predicting Type 1 A&E attendances and admissions using both regression and ARIMA family models.
The updated project thus examines predictive challenges of patient acuity on initial assessment and demand for A&E attendance/admission. Different population and target datasets and criteria will be used for the tasks, to avoid mixing incompatible populations and targets.
[bookmark: _Toc241856744]2. Problem statement, research gap and scope
Here the research problem and the scope of the research is determined. Promising results have been reported in studies of ML for triage, but outcomes and data sets vary, and studies have lacked validation [4]. The amount and quality of prospective evidence are comparatively small and retrospective accuracy does not necessarily translate into clinical effectiveness [5].
A&E pressure is not constant at service level; it varies depending on seasonality and changes in the system. In [3] Yusuf et al. demonstrate that multi-year series of attendance/admission can be used for forecasting but need to be recalibrated and properly handled when significant breaks occur.
No diagnosis, advice on treatment, no safe to wait, no automatic staff or bed allocation will be given by the project. MIMIC-IV-ED will be used only as a US research proxy [6] and NHS statistics will be used to support the forecasting task in the UK. ESI and NHS ECDS will NOT be considered equivalent.
[bookmark: _Toc241856745]3. Critical literature review
This section provides a synthesis of evidence related to AI triage, A&E forecasting and responsible explainable AI.
[bookmark: _Toc241856746]3.1 Machine learning for emergency triage
Acuity and prediction of admission and utilization of resources has been done using multiple supervised approaches in ML [7]. Common is Logistic Regression as identified by Porto [4] and boosted methods are often very good. Structured EHR data and clinical NLP can be combined to enhance ESI assignment as demonstrated by Ivanov et al. [8]. Agius et al. [9] provide up to-date examples of predicting ESI and admission.
Reproducibility and leakage control is still of utmost importance. Xie et al. [10] provide for consistent pre processing and benchmarking; El Ariss et al. [11] show prediction based on triage-time variables. The results of one systematic review of emergency-service triage also call for ML for predicting the classification of severity of disposition [12]. A recent scoping review highlights current evidence and gaps in implementation for AI used in ED triage [13]. Validation and safe integration are also noted in broader evidence of emergency and disaster, for example [14]. Interpretable triage modelling also demonstrates the importance of transparent estimation of risk in emergency admissions [15]. Patient-level predictors of post-triage outcomes, diagnoses, tests and treatments will therefore not be included in this study.
[bookmark: _Toc241856747]3.2 Forecasting A&E attendances and admissions
Yusuf et al. [3] directly inform us on the forecasting component where they model one to twelve-months horizons of monthly NHS Type 1 A&E attendances and admissions in regression and ARIMA-family approaches. This proposal was inspired by their use of the MAE, RMSE, R² and Rolling-origin evaluation.
The new design has a great emphasis on seasonality. Analysis of repetitive annual trends using SARIMA will be discussed. Forecasts will first be made for the total attendances then for admissions and the admission rate, and then translated into transparent low / medium / high pressure bands based on the historical training data.
[bookmark: _Toc241856748]3.3 Explainability, human factors and governance
Explainability is required because predictiveness is not sufficient to ensure model safety and challengeability. SHAP can provide interpretation in terms of both global and individual model attributions [16]. Emergency-medicine literature supports XAI as a transparency aid [17]. SHAP can support integrating both of these local and global explanations while maintaining the predictive performance in recent ED admission modelling [18].
Explainability does not transfer accountability to AI. DECIDE-AI emphasises human factors and safety [19], while TRIPOD+AI stresses transparent development and validation reporting [20].
[bookmark: _Toc240914813]Table 1 Selected literature informing the revised proposal
	Source
	Focus / method
	Key contribution to this proposal
	Important limitation

	Yusuf et al. [3]
	NHS Type 1 A&E forecasting; ARIMA, SARIMA, regression
	Supports multi-year attendance/admission forecasting, seasonality and 1-12 month horizons
	Historical forecasts can smooth sudden surges and require recalibration

	Porto [4]
	Systematic review of ML/NLP triage
	Supports comparative classification and recurrent triage predictors
	Evidence heterogeneous across outcomes and settings

	Ivanov et al. [8]
	ML + clinical NLP for ESI
	Direct precedent for acuity prediction using structured data and complaint text
	External transferability remains uncertain

	Agius et al. [9]
	Data-driven ESI/admission prediction
	Shows contemporary feasibility of multiple ED targets
	Single-system validation limits generalisation

	Xie et al. [10]
	MIMIC-IV-ED benchmarking
	Supports reproducible preprocessing and public-data experimentation
	Benchmark targets are not identical to this study

	Okada et al. [17]
	XAI in emergency medicine
	Supports explanation as part of clinical AI evaluation
	Explanation does not prove causality or safety

	Vasey et al. [19]
	DECIDE-AI reporting guideline
	Supports human factors, safety and early-stage evaluation
	Not a substitute for local governance or regulation



[bookmark: _Toc241856749]4. Research aim, questions, objectives and working hypotheses
This section transforms the adjusted idea into research questions and goals in degree terms that are measurable and expressed in exploratory, non-presumptive terms.
Research aim. To create and test a prototype of an explainable AI decision support tool covering emergency acuity at patient level and emergency department A&E demand forecasting including consideration of predictive performance, seasonality, technical risks, ethical issues and human accountability.
Primary research question. How to support patient-level risk stratification and operational demand anticipation with explainable predictive models in an context of interest: the emergency department; to the extent to which is it possible to keep explicit human oversight?


Secondary research questions.
RQ1. Which pre-triage features are most influential on recorded ESI acuity and is there a comparison between Logistic Regression, Random Forest and XGBoost?
RQ2. Are patient level classification accuracy better if the cleaned chief complaint data is included in addition to structured data?
RQ3. What is the level of predictability of the NHS Type 1 A&E data in predicting the number of total attendances, admissions and admission rate at 1 to 12 months horizon?
RQ4. What are the seasonal changes how do they change from winter through spring, summer and autumn and what are the peak time exploratory patterns?
RQ5. What technical, ethical, safety and accountability mechanisms are needed for a human-supervised AI decision-support process?
Objectives.
O1. Evaluate the literature of emergency triage, A&E demand forecasting, XAI and responsible clinical decision support. 
O2. Secure and prepare suitable de-identified patient level and NHS operational data, without conflating incompatible populations.
O3. Define explicit features, predictions and labels/targets for both predictive tasks and establish leakage-safe preprocessing.
O4. Build and test Logistic Regression, Random Forest and XGBoost in patient level ESI classification.
O5. Understand how to use Linear Regression, ARIMA and SARIMA to forecast the total Type 1 A&E attendance rates, admission numbers and admissions as a rate.
O6. Analyse demand in different seasons and perform an exploratory time-of-day arrival analysis.
O7. Measure transparency and safety through the use of SHAP, high-acuity error analysis and calibration and subgroup checks.
O8. Create a Streamlit decision support demonstrator to review and override AI outputs for authorised users.
O9. Critically appraise limitations, ethics, accountability and transferability to an NHS context. Working hypotheses.
Working hypotheses.
H1. Macro F1 and high accuracy recall will be achieved by at least one trained classification model that will surpass a majority-class baseline. 
H2. The chief-complaint text will contribute to and improve the predictive value for measurables over structured variables alone. 
H3. If there is recurring monthly structure, then a seasonal forecasting model will give a better forecast than a simple non-seasonal baseline. 
H4. The forecasted attendance series will indicate a positive relationship to the admission series, which will enable the estimation and comparison of admission rate from one season to the next.
[bookmark: _Toc241856750]5. Conceptual framework and intended users
The results are summarized in the following figure: Figure 1 depicts how patient models and operational models are separated and data is fed into a common human-in-the-loop decision-support concept. MIMIC can be used for acuity classification while NHS statistics can be used for demand forecasting. Final decisions to be made by humans.
[image: ]
[bookmark: _Toc240914823]Figure 1 Proposed dual-model human-in-the-loop architecture for explainable patient risk stratification and A&E demand forecasting.
[bookmark: _Toc241856751]5.1 Intended support for nurses and doctors
The patient-level component will display an indication of acuity, class probability and important contributing features regarding the clinical review. It will not declare a patient 'safe' or it will not change formal triage automatically. The output may be accepted, questioned or overruled by a nurse or doctor.
[bookmark: _Toc241856752]5.2 Intended support for operational planning
Forecasting component's will be used to plan and not treat. It will provide Prediction interval estimates of the total attendances, admissions, and rates of admissions. Low/medium/high pressure bands will serve as secondary indicators (transparent), based on the training distribution history.
[bookmark: _Toc241856753]6. Research and development methodology
The quantitative experimental and software-developing procedures are described here. Patient specific and operational data will be stored separately.
[bookmark: _Toc241856754]6.1 Data sources and predictive-task specification
Where appropriate, Patient-level modelling will be conducted at MIMIC IV-ED v2.2 [6] and MIMIC IV demographics [21]. Development work to be done with demo data; credentialed data to be used in case of final claims approval. Multi-year data on attendance at NHS England Type 1 clinics [22] will be used for operational forecasting. Multi-year history is necessary to study repeat seasonality [3].
[bookmark: _Toc240914814]Table 2 Feature, prediction and label/target specification
	Predictive task
	Features / inputs
	Prediction
	Label / target
	Primary user

	Model A: Patient acuity classification
	Age where available; arrival mode; temperature; heart rate; respiratory rate; SpO2; SBP; DBP; pain; chief complaint
	Patient acuity class and class probabilities
	Recorded ESI 1-5; secondary safety analysis focuses on ESI 1-2
	Triage nurse / clinician

	Model B1: Attendance forecast
	Historical monthly Type 1 attendances; trend; month; season; lagged values
	Future total A&E attendances for 1-12 months
	Observed monthly attendance count
	Operational/clinical manager

	Model B2: Admission forecast
	Historical monthly admissions; attendance history; trend; month; season; lagged values
	Future emergency admissions
	Observed monthly admission count
	Operational/clinical manager

	Derived operational indicator
	Forecast attendances and admissions
	Admission rate and low/medium/high pressure band
	Admissions ÷ attendances; pressure thresholds derived from training distribution
	Operational/clinical manager



[bookmark: _Toc241856755]6.2 Patient-level preprocessing and leakage control
Patient preprocessing will be done for missingness, duplicates, range and class balance. Training derived imputation for Continuous data types and an unknown category for categorical will be used. TF-IDF will be used to represent the chief complaint in a pain-free text-enhanced experiment.
Identifier will only be accessed to link and split on patient-grouped. Disposition, diagnosis, any later observations, tests and treatments will not be included as these are not available at time of intended prediction.
[bookmark: _Toc241856756]6.3 Patient classification experiments
Multinomial Logistic Regression, Random Forest and XGBoost will be compared for patient classification. Two experiments will be conducted: structured and structured-plus-chief-complaint. Hyperparameters will be optimized in grouped cross validation and a class-weighting approach will be used as the main imbalancing method.
[bookmark: _Toc241856757]6.4 Demand forecasting and seasonal analysis
The forecasting pipeline will take into account the number of patients attending and admitted to NHS Type 1 hospitals every month. Linear regression will be used for providing an initial baseline and specifying the quantitative attendance-admission association; ARIMA to model the temporal dependence, and SARIMA will be investigated to represent the annual seasonality, in accordance with the guidance of the supervisor's forecasting study [3].
Using a rolling-origin evaluation method, forecast performance will be assessed for one, three, six and twelve months ahead. Comparisons will be made between winter, spring, summer and autumn. Low, medium and high pressure bands will remain secondary methods of display based on thresholds derived from past experience, with numerical forecasting being the main method of presentation.
[bookmark: _Toc241856758]6.5 Peak-time and time-of-day exploration
Due to the inability to compare hour to hour using NHS monthly statistics, MIMIC-IV-ED's arrival timestamps will be used for peak time analysis. Acuteness mix and volumes of arrivals after relative periods of the day including night, morning, afternoon and evening will be explored separately from NHS seasonal forecasting.
[bookmark: _Toc241856759]6.6 Evaluation framework
Tackling of classification and prediction will be based upon task appropriate measures. Meanwhile, classification will be based on class-specific recall and under-triage, forecasting will be based on count error and uncertainty, and temporal order is maintained.
[bookmark: _Toc240914815]Table 3 Evaluation framework
	Component
	Measures
	Reason

	Patient classification
	Macro-F1; weighted F1; per-class precision/recall; confusion matrix; ROC-AUC/PR-AUC where appropriate
	Prevents common classes from dominating evaluation and exposes high-acuity misses

	Safety analysis
	Recall for ESI 1-2; severe under-triage count/rate; calibration; bootstrap confidence intervals
	Makes clinically asymmetric errors and uncertainty visible

	Demand forecasting
	MAE; RMSE; R²; prediction-interval coverage
	Measures absolute error, large-error sensitivity, explained variation and forecast uncertainty

	Temporal validation
	Rolling-origin / expanding-window evaluation
	Prevents future information from leaking into earlier forecasts

	Season/time comparison
	Monthly/seasonal summaries; peak-period counts; admission rate
	Addresses winter-summer and morning-evening supervisory questions without confusing model targets



[bookmark: _Toc241856760]6.7 Explainability and prototype development
SHAP will offer interpretations in terms of global and local explanations for the model chosen among a set of patient models, but the attributions will not be interpreted as causal evidence [16]. Streamlit will publish prediction, probability/interval and explanations and explicit statements of warning.
[bookmark: _Toc241856761]7. Ethical, legal, professional and accountability considerations
Although the project relies on de-identified secondary data, AI in the healthcare sector carries risks such as false reassurance, bias, failure to safeguard patient privacy and automation bias. The NICE evidence standards are a framework to consider safety and evidence requirements in the United Kingdom for digital health technologies [23]. ICO guidance considers health information to be special category data see [24] for further detail on how this data is treated and this data must be safeguarded to a greater degree. WHO guidance strongly points to the importance of transparency, accountability and autonomy of humans in the case of AI for health [25].
[bookmark: _Toc240914816]Table 4 Ethical and accountability controls
	Issue
	Potential problem
	Planned control / response

	Patient safety
	A high-acuity patient may be predicted as lower acuity
	Prioritise high-acuity recall; analyse under-triage; never tell a patient that AI has declared them safe

	Bias and fairness
	Performance may differ across age, sex or ethnicity groups
	Report subgroup recall/FNR where sample size supports analysis; avoid using protected characteristics merely to inflate accuracy

	Privacy and data governance
	Health data are sensitive even when de-identified
	Use approved de-identified datasets, minimise fields, comply with dataset licences/DUAs and university governance

	Automation bias
	Staff may over-trust the model
	Display uncertainty and explanations; require human confirmation; provide visible override option

	Accountability
	Unclear whether AI or staff are responsible
	AI is advisory only; final clinical and operational decisions remain with authorised humans

	Transparency
	Users may not understand why a prediction was made
	Use SHAP for patient model and trend/prediction intervals for forecasts; document model limitations

	Scope / regulation
	Prototype could be mistaken for a deployable medical device
	Label as research demonstrator; no live clinical use; recommend external validation and regulatory review before deployment



Human override is required. Predictions of patients are not always a priority for clinicians when other information in the context of patient assessment confirms otherwise. The managers still have the discretion of refusing to accept operational forecasts. AI is advisory and authorised humans retain accountability.
[bookmark: _Toc241856762]8. Technical challenges, risks and mitigation
Table 5 summarises technical risks and planned mitigation.
[bookmark: _Toc240914817]Table 5 Technical problems and mitigation
	Technical problem
	Why it matters
	Mitigation

	Full MIMIC access delayed
	Final patient-level experiments may be delayed
	Develop and test code on open demos; begin credentialing early; clearly separate demo results from final evidence

	Class imbalance
	Rare ESI classes may produce unstable estimates
	Class weighting, grouped validation, class-specific metrics and confidence intervals

	Missing/noisy triage values
	Can distort training and reduce usable records
	Quantify missingness; training-only imputation; range checks; transparent exclusion rules

	Data leakage
	Can create unrealistically high performance
	Pre-specify prediction time; exclude post-triage data; fit preprocessing only on training folds

	Seasonal model over-smoothing
	May miss sudden surges or shocks
	Prediction intervals, rolling evaluation, residual diagnostics and regular recalibration recommendation

	COVID/system shocks
	Historical patterns may change abruptly
	Include sensitivity analysis/intervention periods where feasible; discuss structural breaks

	Model drift
	Future demand or triage practice may change
	Recommend monitoring, periodic retraining and performance thresholds

	System/API failure
	A prototype may become unavailable
	Fail-safe design: revert to normal clinician-led triage and conventional operational processes

	Scope creep
	Dual-model project could become too large
	Limit classification to three models and forecasting to regression/ARIMA/SARIMA; reserve complex LLMs for future work



[bookmark: _Toc241856763]9. Expected outcomes and contribution
The outputs are expected to be: Replicable patient-level pipeline, Comparative classification outputs, Multi-year NHS forecasting pipeline, Seasonal/Peak analyses, SHAP explanations and a Streamlit demonstrator. Errors, uncertainty and governance constraints will be clearly disclosed in the study.
Contribution is the technology of bounded context-human-in-the-loop service and patient prediction, not autonomous triage. Forecasting can also illustrate how past data can be used in staffing and bed and capacity planning during “peak” times [3].
[bookmark: _Toc241856764]10. Limitations
Main caveats are limited to the US MIMIC population, differences between ESI and ECDS, misspelling and missing variables, as well as infrequent acuity classes. Results obtained on patient-models cannot be simply applied to NHS workflows.
The NHS monthly data are for planning seasonal needs but cannot be used for forecasting needs on an hourly basis. Forecasts may be less accurate if caused by structural breaks due to epidemics, policy or capacity change. Pressure bands help with communication and SHAP cannot make statements of cause and fairness.
[bookmark: _Toc241856765]11. Resources and project timetable
It will be implemented using Python, pandas, NumPy, scikit-learn, XGBoost, stats models, SHAP, Matplotlib/Plotly, Streamlit and Joblib. Access to PhysioNet will commence early to safeguard the schedule, and so will also the acquisition of data from the NHS.
The provided one-sheet sixteen week (Weeks 1-16) Gantt chart is reproduced in Figure 2. The new set of forecast the output, seasonal compare the output, ethics and accountability will be included in the pre-existing algorithm test, analysis, discussion, and dissertation writing, without changing the provided project time schedule.
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[bookmark: _Toc240914824]Figure 2 Sixteen-week project Gantt chart reproduced from the supplied project plan.

[bookmark: _Toc241856766]12. Conclusion
To tackle the above gaps, features and predictions and labels are made explicit in the revised proposal, seasonal attendance/admission forecasting is added and the scope of the technical controls, ethical and accountability controls are strengthened. MIMIC-IV-ED will be used to help perform patient acuity research, while NHS historical data will be useful in operational forecasting. All AI responses will remain advisory and subject to override, and numerical forecasts will go first, before pressure categorisation occurs.
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Week 13: Results analysis Student 0% 01-12-26 07-12-26
Week 14: Discussion and interpretation Student 0% 08-12-26 14-12-26
Week 15: Draft dissertation, slides and rehearsal Student 0% 15-12-26 21-12-26
Week 16: Final dissertation and slides submission Student 0% 22-12-26 22-12-26
Editing, referencing, QA and submission checks Student 0% 24-11-26 22-12-26
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Proposed dual-model human-in-the-loop architecture for explainable patient risk

stratification and A&E demand forecasting
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Figure 1. Proposed dual-model human-in-the-loop architecture for explainable patient risk stratification and A&E demand forecasting. Source: Author developed.




