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[bookmark: _Toc221226238]1. INTRODUCTION
Clinical deterioration in hospitals is often detectable prior to a critical event occurring, however, the signs of illness early on in the course can be subtle and fragmented between routine measurement. This project aims at predicting if a patient will decline over the next 24 hours given multimodal hospital data streams at observation time, including demographics, vitals, laboratory testing, comorbidities and ongoing clinical support. The practical motivation is simple, earlier identification aids escalation decisions and closer monitoring and resources prioritisation, which are consistently emphasised in the context of recent deterioration prediction studies incorporating electronic health record data and machine learning [1], [4], [6].
The proposed work use the Patient Deterioration dataset (1,000 000 synthetic observations, 32 columns) where every row is a patient observation in a hospital encounter and the target is deteriorationwithin24h (target value: 1 if deterioration within 24 hours and 0 otherwise). The dataset is explicitly designed with similar missingness patterns to real clinical practise as well as a class imbalance in ~8-12% deterioration, thus recall sensitive modelling is critical. The model will be developed in python with google colab and the five machine learning models will be implemented and compared with AUC, F1, etc. and will focus on improving the performance of early detection (high recall) while maintaining precision that is usable [3], [6], [8].
[bookmark: _Toc221226239]2. LITERATURE REVIEW
[bookmark: _Toc221226240]2.1 Predicting Deterioration With EHR and ML
Recent work has demonstrated that deterioration risk can be predicted by routinely collected EHR variables in general, particularly when temporal indicators or near-real time indicators are available. Data-driven machine learning has predicted unplanned ICU transfers and critical deterioration from EHR data and shown the viability of learning complex patterns with respect to simple score thresholds [1]. Similar approaches have been evaluated in a hospital setting: the use of artificial neural networks, and tree-based models; hence, there may be several families of models that work well depending on the feature design and imbalance treatment [2], [18]. Systematic reviews in the last few years point to considerable variability in model performance caused by variations in outcomes, prediction window, cohorts and treatment of missingness and imbalance [3].
Interpretable models have also received more attention due to the need for trust and actionability in setting up models for deployment in hospitals. Interpretable machine learning systems have been suggested for assisting with decisions in emergency care, the systems must balance between accuracy and explanations that clinicians can interpret [4]. ICU-specific deterioration and adverse event prediction is a very strong use case, both ICU deterioration prediction using machine learning techniques, and model evaluation against early warning score systems [5], [6]. There is evidence that suggests machine learning may be superior to traditional scoring in certain circumstances but there is a need to consider calibration, cohort shift, and false alarm burden [6],[19].
[bookmark: _Toc221226241]2.2 Multimodal approaches and "Streams"
The term "multimodal" is used in two related ways: combining multiple structured clinical sources (vitals, labs, demographics, comorbidities) and combining structured and unstructured text. Studies have been conducted about multimodal machine learning in intensive care, including how to predict in-hospital cardiac arrest with multimodal approach, indicating there is value with incorporating heterogeneity of signals instead of one category of signal [7]. Deep learning has been proposed for the prediction of real-time patient deterioration in the emergency department as part of multimodal decision support systems, which reinforces the direction of multicenter integrated pipelines to speed [9].
More recent comparisons investigate different multimodal deep learning strategies for ward patients showing that architecture choice and feature representations are decisive [14], [20]. Work within paediatric settings is also helpful towards the broader generalisability of deterioration modelling concepts, albeit that predictors and definitions of events vary in different populations [13], [17]. Related machine learning subject matter in adjacent tasks such as discharge prediction and long-term sequelae strengthens aspects that denote clinical trajectory signals existing in routine data and may be learned if clinical outcome is well-defined and pipeline is strong [11], [12].
[bookmark: _Toc221226242]2.3 How This Project Situates Itself
This project is situated as an applied modelling and system development project using a huge scale tabular dataset simulating real hospital observation patterns. The key goal isn't to assert clinical truth from synthetic data, but to showcase a rigorous end-to-end: preprocessing for realistic missingness, careful handling of imbalance, comparative modelling throughout five algorithms, and evaluation using recall-sensitive metrics. This is in line with calls from the systematic work for an increase of transparent, comparable pipelines and an easier to follow reporting of design choices [3], [15]. It is also consistent with the actual expectation that deterioration models be able to support nurse-led or clinician-led monitoring workflows rather than replace decision-making [16].
[bookmark: _Toc221226243]2.4 Comparison Table: Prior Work vs This Project
	Study / Approach
	Data Type
	Target / Setting
	Method Focus
	Key Limitations
	How This Project Differs

	Shi et al. [1]
	EHR data
	Unplanned ICU transfer / deterioration
	Data-driven ML on EHR
	Real-world cohort constraints; site-specific patterns
	Uses a large synthetic dataset to stress-test modelling pipeline with controlled variables and missingness

	Yazdanpanah et al. [2], [18]
	Hospital EHR
	Deterioration prediction
	ANN + tree models
	Implementation and generalisation challenges
	Implements five models with a unified evaluation framework and explicit imbalance handling

	Jahandideh et al. [3]
	Systematic review
	Deterioration ML models
	Evaluation across studies
	Heterogeneity across outcomes and cohorts
	Addresses heterogeneity by tightly defining target (24h deterioration) and reporting choices clearly

	Logothetis et al. [4]
	Clinical data
	Acute deterioration
	Interpretable ML
	Trade-off between interpretability and performance
	Includes interpretable model outputs and feature importance as part of deliverable

	Lashen et al. [6], [19]
	Clinical data
	Deterioration vs NEWS
	ML vs score systems
	Alarm burden; cohort dependence
	Prioritises recall but reports precision and threshold selection to control false positives

	Kotula et al. [14], [20]
	Structured + unstructured
	Ward deterioration
	Multimodal deep learning comparisons
	Data integration complexity
	Uses structured multimodal tabular features and focuses on practical modelling pipeline suitable for MSc build

	Choi et al. [9]
	ED data
	Real-time deterioration
	Deep learning + multimodal CDS
	Deployment complexity
	Implements batch prediction with 24h horizon, focusing on reproducibility in Colab



[bookmark: _Toc221226244]3. RATIONALE AND RESEARCH GAP
Despite the good progress, there seem to be three inherent gaps throughout the recent deterioration literature. First off, the studies vary in outcome definitions, prediction horizons, cohorts, and methods of evaluation which makes results difficult to compare and prevents things from being readily adopted in practise [3], [15]. Second, while many models show a high acuity, fewer show how threshold decision affects recall, precision, and operational alarm rates, which is important for early warning use [6], [19]. Third, multimodal approaches are very popular but the complexity of implementation often prevents any practical replication in student or resource poor settings, despite the soundness of the concept [14], [20].
This project addresses these gaps at a "system build" level with a development of a transparent and reproducible pipeline of 24hour deterioration prediction from routinely collected multimodal structured data. It highlights clear modelling choices, consistent evaluation and comparisons of models using five algorithms. The dataset is synthetic, along with small sample size, which reduces generalisability to the clinical setting, but it still allows to create a controlled, large-scale testbed to demonstrate the best how to handle missingness, imbalance and interpretability-oriented reporting.
[bookmark: _Toc221226245]4. PROBLEM STATEMENT
Hospitals produce vast amounts of routinely collected data about individual patients and important deterioration signals may be scattered across vital signs to laboratory values to comorbidity to the presence of clinical support interventions. Clinicians may fail to recognize or underestimate little patterns, particularly where there is pressure of workload. The problem tackled in this project is as follows: How to construct and test machine learning models for predicting whether or not the patient will deteriorate within 24 hours based on multimodal structured observations from the hospital, while focusing on high recall to facilitate early detection.
[bookmark: _Toc221226246]5. RESEARCH AIM AND OBJECTIVES
[bookmark: _Toc221226247]5.1 Research Aim
To develop and evaluate a machine learning–based predictive system in Python (Google Colab) that predicts deterioration_within_24h using multimodal structured hospital data, optimised for early detection performance and reported with robust evaluation metrics.
[bookmark: _Toc221226248]5.2 Main Objectives
1. To preprocess and engineer features from multimodal hospital observation data, including demographics, vitals, laboratory results, comorbidity indicators, and clinical support variables.
2. To develop and compare five machine learning models for binary classification of deterioration within 24 hours.
3. To evaluate model performance using AUC, F1, recall, precision, confusion-matrix metrics, and threshold analysis aligned to early warning priorities.
4. To produce a reproducible pipeline and reporting artefacts suitable for potential integration into decision-support workflows and future extension to real-world EHR data.
[bookmark: _Toc221226249]6. SCOPE AND LIMITATIONS
[bookmark: _Toc221226250]6.1 Scope
This project includes: data preprocessing, missing value treatment, categorical variable encoding, feature scale where relevant, selection of five ML models, hyper parameter treatment at practical level, comparative evaluation. The modelling target is restricted to the label of the dataset which is defined as deteriorationwithin24h. The dataset variables include identifiers and timestamps, ward context, demographics, vitals, labs, comorbidities, body metrics and interventions such as oxygen support and vasopressors, making it suitable to represent multimodal structured streams at observation time.
[bookmark: _Toc221226251]6.2 Limitations
The dataset is deliberately artificial, that is, it may fall short of representing real outlet clinical distributions, behaviours for documentation or hidden confounders. As a result, performance results cannot be interpreted as clinical effectivity. Also, the dataset is observation-level; if there are multiple encounters for a single patient, special care must be taken to not create data leakage upon splitting data. Finally, there are no unstructured notes including, which makes multimodality more for structured streams than text+structured fusion as for some deep multimodal studies [14], [20]. These limitations are acceptable for an MSc project concerned with the design of pipelines which is to be used for modelling rigour rather than clinical deployment.
[bookmark: _Toc221226252]7. METHODOLOGY
[bookmark: _Toc221226253]7.1 System Development Approach
A Waterfall with iterative refinement will be taken. The project will be developed according to the steps of requirement analysis, dataset understanding, preprocessing design, models, evaluation and documentation. Iteration will be performed inside modelling stage to challenging perform and threshold selection on performance of evaluation This suits an MSc delivery where requirements are stable (predict deterioration within 24 hours) and outputs clearly defined.
[bookmark: _Toc221226254]7.2 Tools & Technologies
The system will be developed in Python through Google Colab system. Key libraries are expected to include pandas and NumPy for the data processing, scikit-learn for the modelling and evaluation and matplotlib for the visualisations. The codebase will be notebook driven and there will be some reusable functions that will include preprocessing, training and evaluation code to ensure for reproducibility.
[bookmark: _Toc221226255]7.3 Requirements Analysis
Functional Requirements
The system should load dataset, clean preprocess data and records, encode categorical variables (see below) such as sex, ethnicity, ward, oxygensupport, train 5 models of machine learning, generate predictions for deteriorationwithin24h and output evaluation metrics such as AUC and F1. It should also produce threshold-based measures and confusion matrices which aid in early detection objectives.
Non-Functional Requirements
The pipeline layers should be reproducible, clearly documented and computationally feasible in Google Colab. It should be able to handle large-scale data efficiently.(1 million rows) by using chunked or memory efficient operation, if required. It should also support explainability outputs like feature importance where applicable, which are coupled with the interpretability requirements in clinical situations [4].
[bookmark: _Toc221226256]7.4 System Architecture
The system architecture is a modular pipeline:
[image: ]
Figure 1: End-to-end pipeline for predicting deterioration within 24 hours.
[image: ]
Figure 2: Modular architecture showing preprocessing module, modelling module, and evaluation/reporting module.
[bookmark: _Toc221226257]7.5 Data Collection Method
This project uses secondary data from the provided Kaggle dataset "Patient Deterioration" specifically file patientdeterioration_1M.csv. Data will be downloaded from Kaggle and loaded on Google Colab. There is no primary data-collection involved. The dataset contains realistic missingness patterns and this will be handled using strategies consistent with clinical ML practise; model-compatible (median for numeric), missingness indicators for the high signal labs as well as careful handling of timestamp/identifier fields to avoid leakage. Due to the imbalance between the target class (~8-12%), the project will used imbalance-aware methods like class weighting and/or resampling during training and each evaluation will focus on recall and F1 in addition to AUC [3], [6], [19].
[bookmark: _Toc221226258]7.6 Machine Learning Models (Five Models)
Five models will be trained and compared for binary classification:
1. Logistic Regression (baseline, interpretable)
2. Random Forest
3. Gradient Boosting (e.g., XGBoost-like approach using available tooling)
4. Support Vector Machine (or alternative linear/nonlinear classifier depending on runtime feasibility)
5. Multi-layer Perceptron / Neural Network (to align with ANN evidence in prior work) [2], [18]
This selection provides a compromise between interpretability, nonlinearity treatment and performance similar to the range of diversity across deterioration modelling studies [3], [5], [6]. Wherever possible, explainability outputs from the models (e.g. feature importance, permutation importance, SHAP-like summaries if possible) will be generated to match expectations of interpretability [4].
[bookmark: _Toc221226259]7.7 Evaluation Strategy
The primary evaluation metrics will be:
· AUC-ROC: discrimination ability across thresholds
· F1-score: balance between precision and recall
· Recall (Sensitivity): priority metric for early detection
· Precision: to control false alarm burden
· Confusion matrix, specificity, and calibration checks if feasible
Threshold selection will be explicitly analysed as operational deployment requires a threshold value to be selected that represents the hospital's risk tolerance. This is in accordance with comparison against early warning scores, many of which the issues of alarm fatigue and cohort sensitivity are important [6], [19]. The evaluation will additionally involve ward-stratified evaluation (e.g. ED vs ICU vs Stepdown) to see whether performance varies based on clinical context.
[bookmark: _Toc221226260]8. EXPECTED OUTCOMES & IMPACT
[bookmark: _Toc221226261]8.1 Expected Deliverables
The expected deliverables are:
1. A complete Google Colab notebook implementing the end-to-end pipeline.
2. A comparative model performance report using AUC, F1, recall, and precision.
3. Visual outputs: ROC curves, precision–recall curves, confusion matrices, and feature importance plots.
4. A reproducible process that can be adapted to real EHR datasets in future work.
[bookmark: _Toc221226262]8.2 Impact and Potential Applications
The value of the project is educational and practical in that it shows how to create early warning prediction models using multimodal structured hospital streams and evaluate using clinically meaningful metrics. This is in line with research trends towards machine-learning based early warning systems which can support nurse-led monitoring and escalation [16] and can forecast adverse events such as cardiac arrest in ICU using multimodal inputs [7]. Although a limitation of synthetic data is that clinical claims cannot be linked to it, there is the potential to transfer the insights from the pipeline and modelling to real-world data that can support future work on generalisation, calibration, and decision-support integration [9], [14], [20].
[bookmark: _Toc221226263]9. PROJECT TIMELINE
Table 1: 12-Week Project Plan (Gantt-style Table)
	Week
	Task

	1
	Finalise proposal, define outcome, confirm evaluation priorities

	2
	Dataset acquisition, data dictionary creation, exploratory analysis

	3
	Data cleaning design, missingness profiling, leakage risk checks

	4
	Feature engineering (vitals/labs/interventions), categorical encoding

	5
	Baseline model (logistic regression) + initial metrics

	6
	Train Model 2–3 (Random Forest, Gradient Boosting)

	7
	Train Model 4–5 (SVM/alt classifier, MLP/NN)

	8
	Hyperparameter tuning and imbalance handling experiments

	9
	Threshold analysis, PR curve analysis, ward-stratified evaluation

	10
	Interpretability outputs (feature importance/explanations)

	11
	Documentation, write-up of results, prepare figures and tables

	12
	Final report assembly, quality checks, final submission pack
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Figure 1: End-to-end pipeline for predicting deterioration within 24 hours from multimodal observations (data ingestion to evaluation).
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Figure 2: Modular architecture showing preprocessing module, modelling module, and evaluation/reporting module.




