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Abstract
Early identification of patient deterioration remains a major challenge in hospital care because clinical decline can occur within a short period and lead to intensive ventilation, cardiac arrest, unplanned escalation, or death. This study evaluated machine learning models for predicting patient deterioration within 24 hours using multimodal structured hospital data. The secondary Kaggle dataset contained 1,000,000 observations, including demographic attributes, vital signs, laboratory measurements, comorbidity indicators, ward information, and intervention-related variables. A quantitative and positivist methodology was applied, and the modelling pipeline was implemented in Python using Google Colab. Data preprocessing included duplicate checking, missing-value handling, categorical encoding, feature scaling, and leakage prevention through removal of direct identifiers. Five algorithms were compared under consistent conditions: Logistic Regression, Random Forest, Gradient Boosting, Support Vector Machine, and Multi-layer Perceptron. The models were evaluated using accuracy, precision, recall, F1-score, ROC-AUC, PR-AUC, confusion matrices, ROC curves, precision-recall curves, and feature-importance analysis. Logistic Regression achieved the strongest ROC-AUC and PR-AUC, while Support Vector Machine produced closely comparable results. Random Forest identified clinically meaningful predictors such as age, respiratory rate, lactate, heart rate, haemoglobin, shock index, oxygen saturation, and creatinine. The findings show that simpler models can outperform more complex models when applied to structured healthcare data, highlighting the importance of model selection, threshold calibration, class imbalance handling, and interpretability for clinically meaningful deterioration prediction.
Keywords: patient deterioration, machine learning, multimodal hospital data, early warning systems, predictive modelling, clinical decision support, healthcare analytics. 





1.0 INTRODUCTION
[bookmark: _Toc228849740]1.1 Background
The fact that physiological deterioration is a slow progress occurring over time makes predicting patient deterioration a fundamental challenge in acute and critical care, when a rapid decision to escalate care needs to be made. In practice hospitals are founded on routine streams of multimodal data including vital signs, laboratory values, even basic demographics, and signs of clinical support. These indicators are observed to determine the patients who are likely to deteriorate so that clinicians can obtain an early review of those patients so that early treatment is possible, and better management of scarce resources can be achieved. Conventional methods usually assume rule-based early warning scores, which are based on the vital signs, but recent evidence has shown that machine learning methods can capture more complex associations and interactions between variables, which could lead create a better detection ability, as well as be more responsive [1], [2].
The rationale of this study is a practical and methodological one. In practice the early prediction models can serve to inform clinical decision making strategies in order to prioritize high-risk patients to be intervened and monitored, particularly in the environment of busy settings such as the emergency, wards, step-down units, intensive care. Research has determined how real time prediction machines can be implemented in predicting deterioration on a prospective look at the situation of emergency treatment, indicating that machine learning can be scaled down several levels beyond the point of retrospective analysis into an operational level decision support [3]. On the methodological front the increase in the accessibility of multimodal clinical data and the advances in deep learning and explainable modelling has expanded the techniques that may be used in deterioration prediction targeting both models that may be capable of producing interpretable outputs to the benefit of clinical users [4].
This dissertation formulates and evaluates predictive models of deterioration in a 24-hours window using multimodal hospital observation data. The contribution is useful since the work provides a reproducible Google Colab pipeline that can be examined, replicated, and modified. It is also methodological in the sense that it compares different five algorithms in the case of similar preprocessing and evaluation conditions. This is important, since the hospital prediction tools should not only be judged based on the headline accuracy, but they should also be judged based on recall, precision, threshold behaviour and interpretability [5], [6].
[bookmark: _Toc228849741]1.2 Problem Statement
In the absence of interactive physiological and clinical variables, awareness of deterioration is imperfect, owing to the heavy reliance on early warning scores. Patient risk is influenced by these variables, which may not be reflected in fixed thresholds or additive scoring rules. More recent published methods include ones that have either been difficult to recreate outside of the original clinical sites due to limited access to real world data, due to divergent documentation practises, or due to their dependence on specialised modalities.
An additional gap is that models can exhibit good discrimination in terms of AUC yet still fail to operate at the operating point that is used in practice. It is of great importance especially when the outcomes are unbalanced, such as when deterioration incidence is weak with a model that appears powerful where there are many weak cases of deterioration. Clinical utility analysis studies indicate that real world utility demands multiple measures of evaluation and specific thresholds which are set in relation to the priorities of early detection [7]. Hence, the research problem that this dissertation aims to address is the necessity of having a clear end-to-end modelling framework that leverages multimodal hospital measurements to make predictions regarding deterioration within a clinically relevant time frame and clearly addressing the issue of imbalance, missing data, and non-accurate evaluation.
[bookmark: _Toc228849742]1.3 Aim and Objectives
Aim:
To develop and evaluate machine learning models that predict whether a hospital patient will deteriorate within 24 hours using multimodal structured observation data, with emphasis on early detection performance.
Objectives (3):
· To design a reproducible preprocessing pipeline that handles missingness, encodes categorical variables, and engineers clinically meaningful features from multimodal observations.
· To train and compare five supervised machine learning algorithms for binary deterioration prediction and assess performance using AUC, F1-score, precision, recall, and calibration-relevant diagnostics.
· To determine an appropriate operating threshold for early warning use and interpret model outputs using explainability techniques where feasible.
[bookmark: _Toc228849743]1.4 Research Questions
· How accurately can multimodal structured hospital observation data predict deterioration within the next 24 hours?
· Which of the five selected machine learning algorithms provides the best performance for early detection when evaluated using AUC, F1-score, precision, and recall?
· How do threshold selection and class imbalance handling affect practical model usefulness for identifying high-risk patients?
[bookmark: _Toc228849744]1.5 Scope and Limitations
The scope of this dissertation is limited to deterioration prediction based on secondary dataset with multiple modal structured variables like demographics, vital signs, laboratory values, comorbidity indicators and intervention markers. The modelling pipeline is implemented using Python and Google Colab environment and there are 5 algorithms that are trained and evaluated using the same framework. The target of prediction is a binary label of deterioration within 24h. This design is consistent with the greater body of research on early warning systems that assesses the use of machine learning replacing or supplementing scoring systems and clinical monitoring processes [8].
There are a few attractions that are limitations. First, deterioration is a complicated clinical outcome that can be determined in various ways (e.g., ICU transfer, cardiac arrest, death, rapid response call). This study uses the dataset's defined label which might not be fully representative of any clinical deterioration pathway. Second, datasets typically contain patterns of missingness related to the processes of care and not to physiology and the treatment of missingness may influence the outcome of an analysis and may cause bias when not carefully dealt with. Third, evaluation of models on one dataset will not be assured of cross-board generalizability across the different hospitals, patient groups, or clinical processes. Lastly, several of the state-of-the-art systems have a more sophisticated modalities such as imaging, waveform or smart monitoring infrastructure. For instance, some research using imaging-based approaches of deep learning or book keeping a waveform shows added predictive value, as well as an increase in the complexity of implementation [6], [5]. In the same way, cardiac-arrest oriented early detection scores are predictive of the variation of specialised targets and settings [9], [10]. These works are pertinent to the discussion but are outside the immediate technical area of this dissertation.
[bookmark: _Toc228849745]1.6 Dissertation Structure
Chapter 1 features the background of the research, problem, aim of the study, objectives goals and questions and scope. Chapter 2 describes the literature review, which synthesized deterioration prediction methods, early warning scores, multimodal modeling, and evaluation practises. Chapter 3 describes the methodology, including the data used, the data preprocessing pipeline, model selection, the training plan, and the evaluation measures. In Chapter 4, the results are presented for all five models, and the tables of comparative performance, error analysis, and threshold-based evaluation are presented. In relation to the conduct of current research, the ramifications of implementing early warning systems, as well as their limitations, are discussed in Chapter 5. Chapter 6 wraps up the dissertation, providing a summary of contributions and recommendations on the way forward, including external validation, temporal splitting strategies, and how it can be combined with additional modalities.
[bookmark: _Toc228849746]1.7 Study Contribution
This dissertation presents a reproducible machine learning pipeline to predict patient deterioration within 24 hours using multimodal, structured hospital data. It compares Logistic Regression, Random Forest, Gradient Boosting, Support Vector machine and Multi-layer Perceptron with the same preprocessing, train-test split and evaluation strategy. It further demonstrates that clinical usefulness is tied to recall, precision, choice of threshold and interpretability and not merely accuracy. The value of this contribution is that a model that identifies more cases of deterioration may prove more useful for early warning than one that is only effective in the majority-stable class.



[bookmark: _Toc228849747]2.0 LITERATURE REVIEW
[bookmark: _Toc228849748]2.1 Chapter introduction and research context
Patient deterioration is a fact of clinical course where a patient who is relatively stable, loses it to a certain degree of clinical collapse such as respiratory failure, shock, or cardiac arrest and requires unplanned transfer to intensive care and or death. Hospitals attempt to anticipate this shift of fortune as little delays changes the fate, the amount of work, and the capacity of beds in the hospital. This has now become a challenge of prediction as the hospitals are now producing continuous or repetitive data streams. These streams consist of such important parameters as vital signs, laboratory tests and observation by nurses, indicators of comorbidities, interventions such as oxygen supply or vasopressors. This is not only a clinical concern, but an operational concern in the modern organisations. Big organizations like the National Health Service in the United Kingdom have brought early warning scores into established escalation processes and even individual providers, like Mayo Clinic and Cleveland Clinic, have made investments into analytics teams to create clinical decision support dashboards, which combine observations and alerts. This transition to data-based prediction and real-time decision support can be found in the technical literature, where paper scoring is giving way to data-based scoring. Concluding that research has shifted towards the use of ML and DL methods, it is also found that research also has issues that raise the question of confidence and implementability [8]. Another signifier of this trend is the emergence of real-time prediction of the emergency room, where deployed models will have to process data in a timely manner and aiding clinicians will have to be in time constraints (Choi et al., 2024). This dissertation fits into this real-world context and seeks to predict deterioration within a 24-hour horizon using multimodal structured data streams which is concordant with clinical workflows with decisions being made over shifts and ward rounds.
[bookmark: _Toc228849749]2.2 Defining Deterioration Outcomes and Why Definitions Matter
One particularly significant point in the analysis of deterioration is that it has a number of valid definitions of what constitutes deterioration and that any given definition that is used to define deterioration influences the content of the model and thus the model evaluation. Even the (justifiably) infrequent studies done around in-hospital cardiac arrest as discrete and on the high stakes side of things, but it is also relatively infrequent, and class imbalance has to be worked through with care. For example, the case of Deng et al. (2024), proposing a deep learning score for emergency department in-hospital cardiac arrest, shows how defining the event can be narrowly defined and spur a specialized modeling approach. A broader focus of other studies is on ward deterioration/decompensation, which often includes transfers to ICU/rapid response events. The theory indicates otherwise, as continuous monitoring studies reveal a different aspect. It can also generate granular streams which allow an earlier detection of an emergency than previously, and it also results in streams that are initially longer than after the detection has been completed [11]. The deterioration of pediatric patients is yet another profile, as the physiological baseline and event patterns differ from those in adult wards, forcing models to be typically evaluated in separate pipelines and preventing generalization [12], [13]. These differences are important to this dissertation, as the selected dataset defines deterioration as a binary outcome within 24 hours. It provides us with a natural label to use in modeling, although results must be placed in the context of the event definition of the data set as opposed to being thought of as a universally applicable clinical truth.
[bookmark: _Toc228849750]2.3 Early warning scores-as baseline systems and limitations
A small number of observations are translated into a risk score by use of early warning scores which are then used to activate escalation. They are popular as they are simple and provide for standardisation. They also have their basis on the organisational practise based on training, documentation and audit. Nevertheless, the rule-based score measures of chinchillas tend to take the measure of each variable separately and consider the thresholds, which are fixed and may not reflect the measure of more complicated responses. An example of this is a patient with multiple measures of borderline vital signs could be at a high risk even though none of the measures is crossed such as. This is a shortcoming with which one attributes the emergence of machine learning as a serious option. Edelson et al. (2024) talks about early warning scores with and without AI, a notion that reflects a more general argument in organisations about the role of AI (to replace versus to augment scoring systems). An empirical concern is missingness that is typical in ward environments as some tests are ordered when clinicians are worried. Arora et al. (2024) overcome this issue in the remote monitoring setting by using score visualisation together with pattern-matching imputation, that is, it highlights the fact that missing data represents not only a technical nuisance, but is part of the clinical process. The other constraint of early warning scores is the effectiveness of the scores in various patient groups and environments. A scoping study conducted among psychiatric patients underlines that unfortunate events and mental health decline in mental health facilities often require a certain degree of early warning mechanisms, thus, a single score will not work across all contexts [16]. These results support either of the main driving forces of this dissertation. The purpose of a fixed scoring model is that it gives a frame point of comparison, but having multiple streams of data and utilizing machine learning is a direction potentially offering a more flexible method of risk modelling provided thought out and properly evaluated.
In general, early warning scores are effective as simple and standardised tools of escalation, but are limited in cases of risk emergence between interacting variables, rather than fixed thresholds. Their primary weakness lies in the fact that they cannot readily adjust to the local data patterns, missingness or shifting patient population. This justifies the necessity of reproducible machine learning pipelines, which can be compared to the score-based methods, and which can be explained.
[bookmark: _Toc228849751]2.4 Machine learning vs early warning scores: comparative studies
One of the salient themes of the recent years literature is the direct comparison made between machines learning models and the scores of the early warning. The usefulness in these comparisons is that it sets an expectation of the meaning of being better in a clinical situation. Lashen et al (2023) begin by contrasting machine learning models with National Early Warning Score in a retrospective cohort design and what they are referring to when they say performance in terms of identifying deterioration rather than just the prediction of labels. In the other section of Watson et al. (2024), they also compare the machine learning with NEWS to predict the risk of deterioration and reinforce that the success of this prediction model depends on the outcome, the cohort as well as the thresholds. In organisational terms this is the difference between having a model that looks good in AUC and a model that produces change in practice as opposed to preaching about it in an alarmist way that causes staff bells to ring during the course of organisational change. Real world tests are also significant as most of the models fail when taken out of the development environment and subjected to the real workflow. An important however not detailed, clinical assessment in Canada demonstrates the behavior of an early warning system based on machine learning under clinical practice (how clinicians follow-up with alerts) and how performance would look like under actual operational constraints [7]. These researches give a point to the reasoning of the current dissertation design. One cannot simply know how to train a model. The modelling work should include a some evaluation choices which are consistent with the priorities of early detection, which are recall and precision balance; as well as the evaluation about the use of the prediction in escalation pathways.
Collectively, comparative studies demonstrate that machine learning can enhance ranking of risks, yet, it cannot be assumed that it will. A lot of models do excellently in terms of retrospective AUC but become not so convincing when the aspects of false alarms, clinical workload, and choice of threshold are taken into consideration. This creates a definite gap in which studies that explain not only which model scores highest, but why the result is important in a real world situation of early warning.
[bookmark: _Toc228849752]2.5 Multimodal hospital data streams and multimodal
The multi-mode data in the study of deterioration in the hospital uses several varieties of data signals to reflect the status of the patient in a number of angles. On of these is multimodal structured data, where vitals, labs, demographics, and indicators of interventions are bundled. One form of this, although unstructured signals such as clinical notes, waveforms or imaging are similarly unstructured signals. One reason multimodal approaches are appealing is that the deterioration process is rarely represented by a single variable. Until either of these measures of respiratory rate and drop of blood pressure seem extreme, a patient may show a slight way up increase of respiratory rate and drop of blood pressure with change in oxygen requirement. Kotula et al. (2025) contrast the approaches of multimodal deep learning used to classify ward deterioration with the approach of community statistics that revealed the effectiveness of prevention and control efforts on the topic of ward deterioration if it is well executed. Waveforms enable even more rich modality since the single points are memorised with a continuum of patterns. It shows an example of a multimodal benchmark in the emergency department to implement physiological waveforms as decision support, and this is the direction to streamline analytics in the acute setting. Another modality that is being utilized more in deterioration prediction is imaging which provides the option of using chest radiographs to show deterioration of respiratory status. Rahman et al. (2024) compare deep learning methods upon belt radiographs on the determination of clinical deterioration, which informs the rationale of different types of data giving discrete value of prediction. The advances are a pretext to what is being done presently in this dissertation. The data that we are taking here is that of structured multimodal observations. This is a pragmatic scope for a reproducible pipeline, but is in line with the vaster multimodal direction in a field.
The strengths of multimodal modelling lie in that, in clinical reality, the state of deterioration manifests itself across multiple body systems. The weakness lies in the fact that multimodal systems that are highly complex, they may become difficult to reproduce, explain and deploy. The structured multimodal data represented in this dissertation therefore is provided as a pragmatic compromise between a richer clinical representation and a practical implementation that is in real time and within practical implementation limits of MSc level work.
[bookmark: _Toc228849753]2.6 Model families in deterioration prediction and their implications
The field of deterioration prediction deals with both the traditional statistical methods, the classical machine learning techniques and deep learning. Logistic regression is still a common baseline as it is interpretable and it can be robust, important to clinicians and governance. Comparison with comparatively simple models and more complex models of predicting cardiac arrest in hospital provides a good point of comparison between relatively simple models and more complex models that can help in explaining the added value by complexity and the cost that comes along with it in terms of transparency [18]. Deep learning has picked up momentum because of its ability to learn patterns that are not linear, and high-dimensional inputs. Models based on transformers were also introduced, and in the case of real-time predictive emergency rooms where sequential modelling applies and can be used to represent change over time [19]. There are even systems designed to be detectable in code blue events (or arrest) as well as being highly intolerant to false reassurance. An example is Deep learning cardiac arrest systems, which have been externally validated and how model performance must be carried across sites and time in order that they will be taken seriously [20]. This growing interest in models which can be used to complement or supplement existing scores, as opposed to to replace existing scores, is also reflected in the literature. An example of such hybrid strategy whereby a familiar score is treated as one item in a larger model is in the use of a NEWS2 enhanced multivariate model [21]. In the current dissertation, five models are filled out and are consistent with this landscape. Comparing enables the study to test the effect of model family choices when subjected to the same preprocessing and evaluation design.
[bookmark: _Toc228849754]2.7 Time, hazard and survival thinking
A wide range of systems of hospital deterioration is formulated as binary classification plus time window, e.g. 24 hours. This aligns with escalation decision making and is proponent in favour of clear labels. Yet some researchers believe that time-to-event framing is a better choice, since risk is continuous and varies over time. The time-to-event analysis to prioritize deteriorating patients described by Blythe et al. (2024) reflects a shift toward modeling hazard and urgency, rather than a single yes/no outcome. This is critical for evaluation, since a model that reveals deterioration at a later stage is less valuable than one that reveals it earlier. It, too, has implications for the operational design, including the workload and clinician confidence associated with informed alert timing. Time-based characteristics, including trends, variability, and changes, can help convey a sense of urgency, even in the case of a binary outcome. Chronic studies of monitors continually monitored in emergency departments find that richer time series can support more granular detection of decompensation, even within short time windows (Sundrani et al., 2023). The dataset included in this dissertation contains time stamps and repetitive observations across encounters and introduces feature engineering that brings close approximations of time-conscious reasoning even with just training normal classifiers.
[bookmark: _Toc228849755]2.8 Explainability, trust and why clinicians are reluctant to use blackboxes
Hospitals are high-stakes organisations and trust and accountability is an essential requirement of adoption of machine learning systems. Clinicians are often left wondering why a patient will be considered as high risk especially when it comes to making a decision escalate, to go to high dependency care, or high intensity care. Help in building trust The explainable models can be used to help build trust due to the provision of information about the variables that contributed to the risk and whether the model is reacting to plausible clinical patterns. In studies on the area of geriatrics, explainable deep learning has been proposed as a will predict serious adverse events which are indicative of the need to relate the output of the model to the clinical reasoning and not show a score without any context [4]. Theoretically, explain.com is as well governance equipment. Extensive clinical governance process to support decision support tools and explainability can be beneficial in model review and model monitoring, model vigilance and in other uses where the underlying model is complex. It is also the case from the literature that "explainable" does not mean "simple." It simply too often implies that the model has an explanation layer or reporting layer, that will facilitate the interpretation and safe use of the model. The logic followed by this dissertation is the transparent preprocessing, clear measure of evaluation and understandable reporting maybe in some forms more elaborate models included in the comparison.
This is an indication that explainability is primarily effective when linked to clinical meaning and not as a technical add-on. A feature ranking would only be useful when it is helpful to the user to understand why a patient has been flagged. The other gap is to relate the model outputs to safe decision making which is why the importance of features and threshold behaviour in relation to performance scores are discussed in this dissertation.
[bookmark: _Toc228849756]2.9 Implementation, external validation and performance drift in practice
One of the lessons that are repeated severally in the field is that the good development AUC is not a guarantee that the good real world performance would be maintained. The changes to the model performance can be associated with the variation of patient population, alteration of clinical practises as well as variation of measurement methodology. The implementation studies suggest that the success of the implementation is predetermined by the workflow integration, data and organisational readiness quality. A long-term follow-up study of the implementation of AI to predict deterioration and a systematic review highlights the way that the problems of translation deescalate across one side of the pipeline to the other, at data gathering to the response of the human users of the results [23]. More recent efforts focus on what is underpinning the performance in implemented systems which suggests it has a lot to do with considerations like model updating, alert routing, clinical engagement and differences between training and deployment data [24]. Studies have been made in real-life implementations and studies have shown that deployment really is not a one-time thing. It is a process which entails monitoring, recalibration and governance. As an example, Kim et al (2025) record a real-life example of the deep learning techniques used to create early-warning systems using alarm when a code blue risk or length of stay event occurs. They are the teachings that enlighten the concept of novelty in the present dissertation. Associating a new clinical finding of one data set with another that is not infinity new. The novelty appears to take a modelling pipeline with reproducibility, so design considerations involving the problem of deployment make it a constraint, attentive choice of threshold, evaluation recall, and being instilled causes transparency.
The implementation literature thus presents the things that have been working and those that are yet to be available. Earlier escalation can be supported by real-time systems, which, however, are prone to drifting performance in case of data, workflow, or patient profile changes. This provokes the necessity to have reproducible pipelines that publicly report limitations prior to any claim of clinical readiness is made.
[bookmark: _Toc228849757]2.10 Prediction of deterioration in clinical areas and populations
The other dimension within the literature is that of diversification in the forecasting of deterioration not within the framework of the adult general wards. Risks, outcomes and monitoring patterns vary in all places where inpatient psychiatric and paediatric wards are found. A scoping review of early warning scores in psychiatric patients has pointed to the need to consider in-depth the mental health workflow and patterns of deterioration when detecting adverse events which underlies that general ward models may not be applicable when workflow and patterns of deterioration in general wards are taken into account [16]. It is also discovered that specific modelling needs are supposed to be related to paediatric research. Paediatric intensive care cardiovascular deterioration modelling study: demonstrating the potential of routine data and the potential limitations of cross-population generalisation Stein et al. (2025). Massive work on the predictability of critical events in the hospitalised children also supports the need to have a proper evaluation of models to suit the population and the clinical process of events (Strutz et al., 2025). Another specialised area where the novelty of events and the significance of consequences are extreme is cardiac arrest prediction. Research in the acute care setting on AI to predict within-hospital cardiac and respiratory arrest and how alert systems must be designed in a manner that supports clinical practise (and not disrupts it) has been researched [26]. This dissertation remains centered on a specified level of deterioration over 24 hours but these domain specific studies contribute to the argument that the design and evaluation of models should be placed in a contextualized setting.
2.11 Technical issues: unbalance, missingness, calibration, threshold decision.
Frequently, the results of deterioration are highly unbalanced and unbalances are a common point of failure where a model is biassed to predict the majority class and is highly accurate. This is not a very useful early warning tool. The evaluation characteristics highlighted in the technical literature are emphasizing evaluation beyond the notion of accuracy including precision-recall trade Mills and calibration. Outcome modelling of cardiac arrest outcomes in intensive care unit settings: It is recommended that outcome modelling deals with rare outcomes and should not be misadventured by summary of model performance [27]. A good example of the consequences of data distribution and practice of coding work can be seen in external validation work of cardiac arrest risk management, a situation that has been variously attributed to the change of the data distribution and the change in coding practice (Cho et al., 2023). Practically, this is taken care of by threshold tuning by designing the workflow through the hospital. Assuming that the cost of a miss (or failure to detect an occurrence indicating deterioration endangering patient lives) is high, a hospital will be willing to accept a lower level of precision to achieve a high level of recall, but no further. Comparisons of early warning systems are often made between studies that underline the fact that decision points on threshold are just one aspect of clinical design and that threshold decisions are merely and an exercise in statistics [14]. The dataset utilized in this dissertation has realistic patterns of missingness designed and the target unbalanced. This implies that the missingness remedy, class weighting, along with the acquisition of the threshold should feature in the dissertation as central methodological measures and not as a minor preprocessing measure.
[bookmark: _Toc228849758]2.12 Theoretical Framework 
The theoretical framework of the study consists of three various ideas to complement one another. The former is the early warning paradigm where risk is perceived as some sort of quantifiable signal around which there is the possibility to escalate. This apparently correlates with the rationale behind the early warning scores and the clinical governance practises and is a basic concept of what is meant by prediction. The second one is the socio-technical systems perspective in which performance on the model is only a factor of success. Its implementation is contingent on the various data processes, user trust, integration with work flows and drift monitoring are taken into consideration [24]. The third one is a predictive analytics lifecycle framework where the pipeline is oriented toward data ingestion, preprocessing, modelling, evaluation and reporting and then iteration. Organisationally, this is comparable to the approach through which companies like Epic Systems and Oracle Cerner have adopted to follow a strategy of packaged clinical decision support tools modules that need to interface with both data capture and clinical workflow. In the real-life situation, the success of the artificial intelligence, digital monitoring, and remote patient observation made possible through the invention of the Covid-19 pandemic led to a higher acceptance of predictive analytics by hospital leadership - but also identified the risks of hasty implementation without vigorous validation. Although this model is one component of a broader architecture of components and is of course only one part of a complete process of work, the dissertation does see the model as a single component of a larger architecture of components and prioritises the discipline of reproducibility/succession and evaluation so that working in the future can test this generalisation and integration of work processes.
2.13 Gaps in research and approach. 
The reviewed literature has indicated three gaps, which justify the current approach. The first gap is reproducibility since most deterioration studies relied on proprietary EHR data, limited hospital systems, or complex modalities that cannot be replicated easily in an academic research study. The second gap is evaluation clarity due to the fact that high values on the AUC do not necessarily indicate that a model is capable of identifying deterioration cases at a useful level. The third gap is operational interpretation since most of the studies explain how performance of models perform, but they fail to explain how false positives, false negatives, recall, and precision would influence use of early warning. This dissertation fills these gaps with structured multimodal observations, five algorithms and one preprocessing pipeline compared, and model performance interpreted in terms of clinical usefulness and not accuracy per se [17].
The most powerful gap, however, is not neither the fact that there are no machine learning models nor is the lack of an easy, clear, and reproducible comparison under similar conditions. Most research employs strong yet limited data resources and as a consequence, arduous duplication becomes unfeasible. This gap is addressed in this dissertation through the application of a fairly documented secondary piece of data and by interpreting the results based on class imbalance, threshold choice, and clinical usefulness.
[bookmark: _Toc228849759]2.14 Literature comparison table
	Author(s) and year
	Setting and data type
	Outcome focus
	Method focus
	Key contribution
	Relevance to this dissertation

	Ismail et al., 2023
	Critical care, scoping review
	Deterioration and early warning
	Review of AI in EWS
	Maps AI methods and adoption concerns
	Supports motivation and highlights translation risks

	Lashen et al., 2023
	Hospital cohort
	Deterioration risk
	ML vs NEWS
	Shows comparative framing against EWS
	Supports baseline comparison logic and metric choice

	Watson et al., 2024
	Hospital deterioration risk
	Deterioration risk
	ML vs NEWS
	Shows performance differences and evaluation needs
	Supports evaluation beyond accuracy

	Edelson et al., 2024
	Early warning systems
	Deterioration risk
	EWS with and without AI
	Clarifies AI augmentation vs replacement
	Frames socio-technical adoption question

	Choi et al., 2024
	Emergency department
	Deterioration prediction
	Real-time deep learning
	Shows real-time operational framing
	Supports 24-hour prediction as workflow-aligned

	Kotula et al., 2025
	Ward patients, multimodal
	Clinical deterioration
	Multimodal deep learning comparison
	Compares architectures and data fusion strategies
	Motivates multimodal framing and controlled comparisons

	van der Vegt et al., 2023
	Implementation review
	Deterioration systems
	Longitudinal implementation analysis
	Shows translation challenges in practice
	Supports emphasis on reproducibility and pipeline design

	van der Vegt et al., 2025
	Implemented systems
	Deterioration prediction
	Performance factors
	Identifies why implemented models succeed or fail
	Supports modular architecture and monitoring rationale

	Blythe et al., 2024
	Acute care prioritisation
	Deterioration timing
	Time-to-event analysis
	Highlights urgency and timing
	Supports time-aware feature design discussion

	Sundrani et al., 2023
	Emergency department monitoring
	Decompensation
	Continuous physiologic monitoring
	Uses continuous streams for prediction
	Motivates stream-based thinking even in structured data

	Lopez Alcaraz & Strodthoff, 2024
	Emergency care benchmark
	Decision support
	Waveform multimodality
	Provides benchmark framing for waveforms
	Context for multimodal direction beyond this scope

	Rahman et al., 2024
	Imaging-based prediction
	Deterioration
	Chest radiograph deep learning
	Explores imaging modality contribution
	Context for future multimodal extensions

	Hsu et al., 2024
	Geriatric inpatients
	Serious adverse events
	Explainable deep learning
	Connects prediction with explainability
	Supports trust and reporting focus

	Deng et al., 2024
	Emergency department
	Cardiac arrest
	Deep learning score
	Specialised rare-event detection
	Supports discussion of event definition and rarity

	Cho et al., 2023
	External validation
	Cardiac arrest risk
	Deep learning system validation
	Shows transfer and validation issues
	Supports generalisation and drift concerns

	Ni et al., 2025
	ICU cardiac arrest outcomes
	Cardiac arrest outcome
	ML model development and validation
	Addresses rare-event modelling and evaluation
	Supports imbalance and evaluation discussion

	Thambiraj et al., 2025
	Acute care practice
	Cardiac and respiratory arrest
	Clinical implications
	Links prediction to practice decisions
	Supports socio-technical framing

	Chang et al., 2025
	Emergency department
	Adverse outcomes
	Transformer-based EWS
	Real-time sequence modelling
	Context for model family evolution

	Kim et al., 2025
	Real-world implementation
	Code blue risk and LOS
	Deep learning EWS
	Implementation at scale
	Supports deployment considerations

	Velasquez et al., 2024
	Psychiatric inpatients
	Adverse events
	Scoping review
	Domain-specific EWS development
	Supports limits of generalisation

	Stein et al., 2025
	Paediatric ICU
	Cardiovascular deterioration
	ML modelling
	Population-specific modelling
	Reinforces context dependence

	Strutz et al., 2025
	Hospitalised children
	Critical events
	ML prediction
	Large-scale paediatric outcomes
	Reinforces evaluation in specific cohorts

	Lo Conte et al., 2025
	Hospitalised adults
	Deterioration and mortality
	NEWS2-enhanced model
	Hybrid score-plus-model approach
	Supports integration strategies

	Arora et al., 2024
	Remote monitoring
	Deterioration signals
	Visualisation and imputation
	Handles missingness and usability
	Supports missingness as design issue


[bookmark: _Toc227584242]Table 1: Literature comparison table

[bookmark: _Toc228849760]2.15 Conclusion and link to research questions and objectives
This literature review reveals the evolution of patient deterioration prediction from fixed early warning scores to machine learning systems using multimodal streams and supporting real-time decision support. The evidence indicates that machine learning can result in improved prediction compared to traditional scoring systems, although it is based on a well-defined definition of various outcomes, careful consideration and attention to the problems of missingness claim, imbalance and integration into the work-flow. Multimodal research suggests that more rich inputs like waveforms and imaging can form a source of added value but organised multimodal observations can be a strong (and realistic) starting point to reproducible pipelines. Implementation studies reveal that organisational factors and a drift in performance are critical risks, which favours a socio-technical approach frames rather than only a technical one. These perspectives are thus highly correlated with the objectives of this dissertation. The research answers the research questions about the accuracy, compares between models and the impact of the threshold decisions on the practical utility all under consistent conditions.


[bookmark: _Toc228849761]3.0 METHODOLOGY
[bookmark: _Toc228849762]3.1 Introduction
This chapter explained the methodological choices that were undertaken in studying predictive modelling of patient deterioration on basis of multimodal streams of hospital data. The study was supposed to be a machine learning study that utilizes no primary data collection including interviews, but solely uses secondary data. The chapter justified the selected research philosophy, research approach, research design, data collection method, data analysis technique and ethical considerations to its relation with the research aim as well as the research questions. It also gave a clue on how the system development process, modelling strategy and evaluation procedures were aligned with the objective predicting the deterioration within the 24 hours of structured hospital data. As the investigation intended to quantify measurable clinical variables and model performances, the methodological choices involved the demand of objectivity, reproducibility and analytical rigour, which are a core research methodology concern in applied research [28]-[31].
[bookmark: _Toc228849763]3.2 Research Philosophy
This research embraced positivism since it investigated quantifiable association to the hospital variables and binary outcome in the deterioration. The objective was not to label human experiences but it was a test of whether structured data can predict deterioration through objective measurements, including ROC-AUC, F1-score, recall, precision, and PR-AUC. Positivism was hence even more appropriate in comparison to interpretivism since the project involved variables that were numerical, an output of an algorithm and a comparison conducted empirically as opposed to being interview based or narrative based [28], [29].
It was sufficient that the philosophy was used since it was necessary to answer the research questions using observable evidence. The research question was what is the best model of predicting deterioration using multimodal data, and what is the impact of threshold behaviour on practical usefulness. The answers to each question were provided in terms of measurable outputs rather than subjective accounts. The main limitation is that positivism fails to entirely capture human and organisational variables like clinician trust, adoption of workflow and alert fatigue. This was addressed by providing the results with a lot of caution and discussing the clinical meaning rather than presenting the outputs as deployment-ready evidences [30], [31].
Positivism offered a coherent, relative foundation for defining models. This was synthetic and organized, so the results may reflect technical viability but not direct clinical viability. This rendered the philosophy useful in trying the pipeline as well as necessitating sincere constraints of generalisation.
[bookmark: _Toc228849764]3.3 Research Approach
The usage of deductive approach was carried out as it was obvious that the research commenced with the set assumptions within healthcare analytics. Past studies have demonstrated that vital signs, laboratory showings, comorbidity, oxygen help and clinical setting can predict risk of deterioration. These expectations were then tested through the process of training and comparing five algorithms, on a structured secondary dataset [32], [33].
The deductive approach was an appropriate method to the hospital scenario since early warning systems usually begin with a set of all possible variables and proceed to test whether those variables can be used to support risk stratification. That research never tried to formulate some social theory regarding hospital treatment. It challenged the idea that a given dataset and algorithms can yield valuable predictive performance. This renders the solution direct, measurable and aligned with clinical decision-support research [34].
[bookmark: _Toc228849765]3.4 Research Design
Research design is the plan that a study uses to answer its research questions. Different designs are an exploratory, descriptive, explanatory, experimental and phenomenological design. Phenomenological design is a suitable design when one aims at understanding lived experiences and meanings that was not the intention here [35]. In the present study, quantitative explanatory design was used as the aim was to evaluate whether or not measurable predictors of deterioration could be employed to explain and predict deterioration with the 24 hours time. The design was also retrospective since an existing data set was utilized and not the live observations being taken in real-time. This option was in line with the goal of the research, the nature of the target variable as well as the technical conditions of developing machine learning models [36]-[39].
The design was suitable, considering the fact that in the present study, the variable of interest was numeric variables and a binary response. It entailed organized preprocessing, training of algorithm, testing and evaluation of performance. A purely descriptive design would have only summarised the dataset and wouldn't have answered the question as to whether predictive modelling was effective or not. The study did not include the manipulation of treatment conditions and an experimental design was not an option since no interventions were introduced. A qualitative design was also unsuitable as the problem of the research was for prediction accuracy and not personal interpretation. The explanatory design thus allowed the process of studying how it plausibly could be the case that the ways in which demographic, physiological, and lab variables associated with deterioration reflect and to what extent such relationships can be captured computationally are possible to do so [36], [38]. This design was also in accord with the modular system architecture which was applied to the project, which involved requirement analysis, dataset preparation, preprocessing, model training, evaluation, and documentation.
The other factor which has made me select the design is that it was relevant to the health technology development. When it comes to practical hospital analytics tools are often constructed retrospectively based on historical, or archived data, with no type of real world testing. The same reasoning was used as the compass when developing the current dissertation. The research entailed secondary, multimodel records, the creation of five machine learning modelling approaches and output comparisons to gauge the performance measures. The architecture thus married to the maximum scholarly rigour to technical practicality. It was in the limits of an MSc project and at the same time answering a clinically significant question. Although the design did not allow to conduct causal inference or test the suggested modelling pipeline to real hospital systems [37]-[39] they were sufficiently strong to know whether predictive relationships existed within the chosen dataset and whether the proposed modelling pipeline would provide a valid basis upon which a future modelling pipeline could build to adapt to the reality of hospital systems.
[bookmark: _Toc228849766]3.5 Data Collection Method
In the present study, the collection of data was done using secondary data. There were no interviews, questionnaires, observations or groups. The process of secondary data collection involves the use of existing materials which on the one hand were produced before instead of during the instant study, yet which on the other can be analysed to provide answers to new research questions [38]-[41]. This method was rational as the objective of this study did not lay in collecting perceptions and experiences but developing and assessing the remaining machine learning models with the use of the hospital-style data. The source of selection was the Kaggle dataset, Patient Deterioration, more specifically, the file patientdeterioration1M.csv which contained 1000 000 synthetic patient observations with 32 columns [44]. The data set included the following patient identifiers: encounter identifiers, timestamp, ward, demographics, body metrics, comorbidity indicators, vital sign, laboratory values, oxygen support, vasopressors, shock index and the target variable of deterioration within 24 hours to activations as a binary variable [44].
The secondary data collection was appropriate to this project because it offered the following; scale, efficiency as well as compatibility with computational modelling. Furthermore, it did not entail the practical and ethical strain of approaching patients to recruit them or gaining access to confidential clinical data. The dataset has been downloaded and analysed with the help of Google colab. Because missingness recurrent in a realistic pattern was imbedded in the data, preprocessing was done (since the numeric variables were missing data which was to be imputed, the categorical variables were introduced into the data and identified and time stamps were strictly excluded or transformed to prevent data leakage). As the target class could not be considered as a balanced one, class-weighting and threshold-sensitive evaluation were considered necessary in the training and testing processes. These decisions were made systematically in line with the logic of secondary quantitative research whereby the researcher works through the available source of data in a systematic manner [38], [39], [41].
	Category
	Variables
	Purpose in the study

	Identifiers and timing
	patient_id, encounter_id, timestamp
	Record linkage and temporal ordering; identifiers excluded from modelling to prevent leakage

	Contextual variable
	ward
	Clinical context for ward-stratified evaluation

	Demographics
	age, sex, ethnicity
	Background risk characteristics

	Body metrics
	weight_kg, height_m, bmi
	Physical status variables

	Clinical history
	comorbidity_score, prior_admissions_90d
	Baseline health burden and recent utilisation

	Vital signs
	heart_rate, systolic_bp, diastolic_bp, resp_rate, oxygen_saturation, temp_c, gcs, shock_index
	Core physiological indicators of deterioration

	Laboratory tests
	wbc, hgb, platelets, creatinine, bun, sodium, potassium, lactate, urine_output_ml_4h
	Organ function and systemic stress markers

	Interventions
	oxygen_support, vasopressors
	Current support intensity

	Target
	deterioration_within_24h
	Binary outcome for model prediction


[bookmark: _Toc227584243]Table 2: Dataset structure used in the study
[bookmark: _Toc228849767]3.6 Data Analysis Technique
The technique for analysing the data was quantitative and computational. Quantitative analysis would be appropriate in situations where the objective is to quantify the patterns and make systematic comparisons of variables and test the predictive power of models with the assistance of numerical evidence [41]-[43]. The analysis started off with data cleaning and preparation, then followed by handling features, categorical encoding, training the model, and evaluating the model. They were five algorithms namely Logistic Regression, Random Forest, Gradient Boosting, Support Vector Machine and Multi-layer Perceptron. This combination facilitated the comparison of the performance of the interpretable baseline modelling, tree based ensemble learning, margin based classification and neural network learning. The employment of multiple models was appropriate since the predictive healthcare tasks would frequently benefit from performing a comparative analysis over justification from relying on a single technique [28], [29].
The Different evaluation parameters applied were AUC-ROC, F1- score, recall, precision, confusion matrix and in some cases where feasible, calibration checks. Recall was especially important since the placement of high values on the identification of true positive patients is especially important in the early detection of deterioration. F1-score was also important as it balanced the two concepts of precision and recall. Precision was not the only criterion that it was based on as the target class was unbalanced such that high accuracy could be achieved simply by merely predicting the majority of the relevant class. Also installed was the use of threshold analysis to explore the fluctuation of the operational usefulness, which change classification cut-offs. These analytical decisions were suitable, by referring to the literature, the quantitative methodology, as it highlights the necessity to combine the analytical method with the organization of the data and the aim of the study [41]-[43]. Because the study was aimed at the evaluation of the model utility in a clinically relevant prediction task, the methods that have been selected were both methodological and practical changes.
[bookmark: _Toc228849768]3.7 Ethical Considerations
Though in the study, interviews were no longer used or direct human involvement, the question of ethics was central. Ethics in research will be grounded on issues in privacy, lawful use of data, responsible reporting, and avoiding harm through misleading claims [28], [29], [41]. The chosen data was synthetic and publicly available on Kaggle, which alleviated any concerns about patient confidentiality. The researchers exercised proper care in treating the data through cautiously avoiding attempts to identify individual identity as well as by conducting academic reviews with data sets as the sole objectives of data analysis. The source was also documented, ensuring that preprocessing decisions and modeling choices were documented. The question of who was responsible for interpreting the results was another ethical concern. Since the data set under consideration is artificial, it does not state any direct clinical value or instant deployability. This restriction was clearly indicated so that findings are not overrated. The use of AI tools and machine learning outputs, especially by being aware that bias in models, model imbalances and thresholds may impact conclusions unaddressed well [38], [41]. Technology of the research was founded on the key principles of methodological honesty, data responsibility and proportional interpretation.
[bookmark: _Toc228849769]3.8 Summary of Chapter
The methodology adopted in the study of predictive modelling of patient deterioration using multimodal hospital data stream was presented in this chapter. The discussion revealed that positivism was the best research philosophy as the study dealt with objective measurement of data, observable variables, and empirical testing conducted using machine learning models. The decision to use the method of deductive research was conditioned by the fact that previously published works had already hinted on the use of this method, and because the use of the method was predetermined by clinical logic according to which physiological and laboratory abnormalities were associated with deterioration, and based on the experiment expectations were tested with the help of structured data. The research design was quantitative, explanatory and retrospective that was appropriate to the aim of predicting a binary clinical outcome using an existing dataset. The study had no interviews or any other form of primary research as the data required was a large scale structured dataset that would be compatible with computational analysis.
The source of data, the chapter described, as well as the Kaggle Patient Deterioration dataset of one million records with the multimodal variables of patients. It explained the preparation of this dataset for performing modelling through cleaning, imputation, encoding and leakage prevention. The analysis method was a quantitative one and involved training and comparing five machine learning algorithms using performance measures where an imbalanced deterioration prediction process occurs. The issue of morality also came into play although not one of the participants in particular, especially when it comes to careful use of secondary data and a careful interpretation of synthetic findings.



[bookmark: _Toc228849770]4.0 IMPLEMENTATION & DEVELOPMENT
[bookmark: _Toc228849771]4.1 Implementation overview
The implementation step transformed the theoretical model and practice into a practical working analytical pipeline of early deterioration prediction. It was developed in Google Colab with Python since the kernel was capable of running large-scale tabular operations, preventing the execution of many notebooks that may have been affected by memory limits, and intimately embedding core machine learning libraries. The flow was implemented according to the set of algorithms in the methodology chapter: loading the data, data inspection, data feature engineering, data preprocessing, model training, visual evaluation, and result comparison. The principal aim of the stage was not, simply to implement the code, but to create a clear and replicable artefact, which could be analysed in the context of the existing body of research on early warning. This specialised focus also conforms to the overall tendency wherein the importance of the reproducibility and operational clarity is no less important than the raw discrimination, [53], [61].
The final artefact was an example of a notebook workflow prediction which loaded the Kaggle Patient Deterioration dataset and converted it into a 31-feature prediction-able matrix. When identifiers and the timestamp field were removed out of direct modelling, the system came up with a set of temporal variables (hour, day of week and month) and split features into number sets and category sets. The system was able to impute, scale, and one-hot encode in one preprocess, and then train and test the five algorithms using the same train-test split. This modular structure was very similar to more modern trends towards hospital deterioration engines, which they combine data ingestion, transformation, model inference, and monitoring in a single coherent architecture, instead of discrete scripts [45], [46].
[bookmark: _Toc228849772]4.2 Development environment and system architecture
The implementation set-up involved the use of panda and NumPy to process data, scikit-learn to pre-process, create the model, seaborn and matplotlib to visualise the data and joblib to store the model. The reason why this stack was chosen lies in the fact that it is popular in applied-machine learning, is simple to implement in academic research, and however, is suitable to structured healthcare (data). As far as implementation is concerned, there were four layers in the system architecture. The data was loaded, and controlled by the first level. The second feature was dealt with type recognition, feature preparation, and missing-value treatment, and encoding. The five model pipelines were found in the third one. Results of the evaluation produced were a set of confusion matrices, ROC curves, precisionrecall curves, and performance comparison charts. This model is in line with the broader literature on deterioration system, in which effective surveillance system is founded on a clear definition of the relationship between data capture and presence and functioning of model logic and clinical reporting [52], [57].
An important implementation decision was to keep a pipeline based structure to all of the algorithms. This ensured that the same preprocessor was used to preprocessing and hence the chances of silent preprocessing errors were reduced, and comparability across models. This is an important consideration in hospital analytics since model variation must be a consequence of learning behaviour, and not due to variable preparation of features. This may also be extended into the future by extensions to the pipeline approach, including additions like wearable streams, nursing documentation or continuous alerts may be added later in the work. The required modularity will be necessary in order to do this safely as scaling such systems, moving beyond being an experimental system to being used extensively on a regular general ward [48], [53].
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[bookmark: _Toc227584255]Figure 1: End-to-end pipeline used for deterioration prediction from data ingestion to evaluation.
[bookmark: _Toc228849773]4.3 Data preprocessing and feature pipeline
To implement, the loaded dataset was first audited thoroughly to make sure that there were the correct number of rows, the data was distributed as expected, the type of column data, and data not present. There were 1,000,000 observations in the raw file. When the specific duplicates were also eliminated, along with the target cleansing, the working matrix was now 1,000,000 rows useful; 800,000 of which the training block contained, and 200,000 in the test block. The target variable was unbalanced as there were around 10.5 positive deterioration cases in either partition. This meant that it was not possible to simply conduct an assessment based on accuracy as one could achieve high scores when he/she was simply guessing that there was some form of stability. The preprocessing code then continued, and treated the target as an irregular clinical outcome initially, which is in line with the modern advice, according to which as far as the tools of deterioration should be assessed based on discrimination and alert utility instead of the latter should be assessed based on the former alone [47], [63].
Imputation of the numerical features was done by using the median and standardization. Categorical variables like ward, sex, ethnicity, and oxygen support were represented with the most common value and represented by one-hot encoding. This option preserved the content of information of categorical factors but did not use such algorithms as Logistic Regression, Support Vector Machine and Multi-layer Perceptron, which allowed assigning nominal variables a wrong meaning as ordered numbers. Direct modelling was not performed with timer because a series of indirect modelling of derived date was made and patient identifiers and encounter identifiers were removed to prevent leakage. It is also an indicator of a rule in time-series and deterioration modelling: time-series and deterioration modelling variables that are exclusive to records can contribute to inflated performance with no prediction performance, but not the performance that could be generalised [54], [59].
	Component
	Implementation choice
	Reason
	Output

	Dataset loading
	Pandas CSV import with low-memory control
	Stable ingestion of a 1,000,000-row file
	Validated dataframe

	Temporal processing
	Timestamp parsing into hour, dayofweek, month
	Retained temporal information while removing raw timestamp leakage
	Three derived time variables

	Numeric preprocessing
	Median imputation and standardisation
	Handled missing values and scale sensitivity
	Normalised numeric matrix

	Categorical preprocessing
	Most-frequent imputation and one-hot encoding
	Preserved nominal information across wards and support categories
	Sparse encoded category matrix

	Model orchestration
	Scikit-learn pipelines
	Ensured consistent preprocessing before each classifier
	Comparable fitted models


[bookmark: _Toc227584244]Table 3: Data Processing
[bookmark: _Toc228849774]4.4 Algorithm implementation
The five algorithms were applied as expected: Logistic Regression, Random Forest, Gradient Boosting, Support Vector Machine, and Multi-layer Perceptron. The interpretable logistic regression was initialized with class balancing and a higher iteration limit to help it reach the large feature space. Random Forest used 50 trees with balanced subsampling, depth limited to 12, and leaf size no less than 5 to reduce training time and control variance. Gradient Boosting was also set with an estimator of fifty, shallow depth, and a learning rate of 0.1. A linear kernel was used with a training sample of 20,000 records to run the Support Vector Machine in a reasonable runtime. A multi-layer Perceptron used a two-hidden-layer architecture with ReLU activations and a training step size of 50. This diversity reflected the diversity in the early warning literature, in which simple and more complex learners have been effective in practice, depending on the data source and performance goal [51], [55].
An actual practical compromise existed in the implementation as well. The size of the training set was extensive, and a linear Support Vector Machine as opposed to a slower radial basis formulation, was selected because the computational infeasibility of the use of such a nonlinear optimisation would have been prohibitively expensive in Colab. Likewise the neural network was chosen to be deliberately small instead of highly stacked since the data being input to it were structured and predominantly low-dimensional as compared to waveform systems or image systems. This was in response to prior results of longitudinal EHR prediction studies which found that model complexity should be uniformly fitted to data structure, not necessarily assumed innately to be useful [58], [67].
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[bookmark: _Toc227584256]Figure 2: Random Forest feature importance ranking from the implemented modelling pipeline.
[bookmark: _Toc228849775]4.5 Visual outputs and artefact generation
The artefact completed resulted in a set of outputs that were to be analysed in regards to transparency. The classification report, confusion, ROC curve and the precision-recall curve of each model were created by the notebook. It also produced comparative bar charts of all the models, accuracy, recall, F1-score and ROC-AUC and a plot of all ROC. The importance of these outputs lay in the evaluation problem in the deterioration modelling is an intrinsically multi-dimensional one. The seemingly really efficient in one metric model, may still contain a low true-positives capture or false-alarm load. The performance generation facilitated in creating performance views that were more responsible in the interpretation of model utility and in line with the research that focuses on continuous alerting, prospective validation and interpretable surveillance over the single-metric reporting [56], [65].


[bookmark: _Toc228849776]5.0 TESTING & EVALUATION
[bookmark: _Toc228849777]5.1 Testing strategies
The entire testing was designed as a type of comparison of five different models to be tested within the same train-test split regime and preprocessing regime. This plan was based mainly on hold-out evaluation where 80% of the data was used to train and 20% to test and stratification was implemented such that the frequency of deterioration was a constant proportion across partitions. This was befitting since the ambition of the dissertation was not to optimise hyper parameters but to have a comparative performance evaluation. A logic of development The logic of development of early warning also intersected the testing strategy on which a model has to be rated on unseen cases, having been trained on historical cohort. Multicentre deterioration and mortality studies with the credibility of a system basing on its behaviour outside the training sample [51], [64] can furnish other validation reasoning.
A number of complementary measurements were applied. Accuracy being the measure, the total proportion of correct predictions in all subjects was given as the measurement of the overall ratio. Precision was assessed as a percentage of the predicted cases of deterioration which actually had been positive. The proportion of all deterioration cases detected was recalled, it was particularly crucial since missed deterioration can lead to severe clinical effects. In order to summarize the precision-recall trade-off the F1-score was used. The ranking capability was also more suitable in the imbalanced scenario as it was the case of the retrieval of the minority classes. This composite of testing perspectives corresponds with the recent literature that reveals that the deterioration systems have to be measured beyond such as broad discriminatory judgment and an actionable alert performance [46], [61].
The testing strategy also included visual checks, such as confusion matrices and curve-based plots. Confusion matrices indicated that performance was based on detection of deterioration or was only based on the classification of most cases as stable. Those were supplemented with ROC and precision-recall plots that showed that a model can have some useful ranking behavior even though it has a poor default classification threshold. This is one of the major differences in the early warning analytics, one model may have a greater threshold independent discrimination and another more preferable at the default operating point. The current surveillance and early warnings research is beginning to highlight this problem of threshold even further on grounds of practicality and the amount of false alarm due to the workflow in the ward, capacity among clinicians and policy regarding escalation [45], [53].
[bookmark: _Toc228849778]5.2 Experimental data and performance analysis
The experiment indicated that there were clear differences in the behavior of the five models, despite being trained with the same preprocessing and split strategy. Logistic Regression had the best ROC-AUC of 0.6738 and the best PR-AUC of 0.2079. This implies that it was most effective in terms of thresholds in ranking deterioration risk. This outcome must have been possible because the dataset is structured with numerous relationships that could be identified after scaling, imputation, and weighting. This is important since a simple and more understandable model might be more easily validated, explained and adapted to meet clinical decision-support needs than a complex model with equivalent or worse ability to meet clinical decision support goals [47], [63].
	Model
	Accuracy
	Precision
	Recall
	F1-score
	ROC-AUC
	PR-AUC

	Logistic Regression
	0.6384
	0.1659
	0.6052
	0.2604
	0.6738
	0.2079

	Support Vector Machine
	0.6442
	0.1652
	0.5881
	0.2580
	0.6676
	0.2021

	Random Forest
	0.6762
	0.1717
	0.5437
	0.2610
	0.6667
	0.1973

	Gradient Boosting
	0.8949
	0.7143
	0.0002
	0.0005
	0.6708
	0.2049

	Multi-layer Perceptron
	0.8915
	0.3116
	0.0266
	0.0490
	0.6511
	0.1819


[bookmark: _Toc227584245]Table 4: Models Comparison Results
Both training and test sets were imbalanced with a percentage of about 89.48 stable patients, and 10.52 cases of deterioration in both training and test sets. It was this imbalance that had a strong impact on the results. Gradient Boosting had high accuracy score since the majority of patients were stable and that most of them were predicted to belong to the majority class. It however only identified five cases of deterioration to the test set and hence its recall was virtually zero. Clinically, this is weak because a deterioration model which includes virtually all negative cases would give a false sense of security. The result demonstrates why accuracy, alone, is misleading to early warning use in healthcare prediction and why recall, F1-score, PR-AUC, confusion matrices, and threshold analysis are more relevant to early warning use [55], [66].
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[bookmark: _Toc227584257]Figure 3: Accuracy comparison across models.
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[bookmark: _Toc227584258]Figure 4: F1-score comparison across models.
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[bookmark: _Toc227584259]Figure 5: Recall comparison across models.
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[bookmark: _Toc227584260]Figure 6: Combined ROC comparison across all models.
[bookmark: _Toc228849779]5.3 Results and discussion
[bookmark: _Toc228849780]5.3.1 Confusion-matrix interpretation
The confusion matrices show what each model actually did at the default decision threshold. Logistic Regression determined 12,729 cases of deterioration but also produced 64,012 false positive. Support Vector Machine had not done any better with 12,368 true positives and 62,494 false positives. These two models were obtrusive screening instruments. They identified a number of actual cases of deterioration, wellas also as a number of stable cases. This is clinically significant in that high recall aids early warning, but high false positives can contribute to alarm fatigue and workload of ward groups [56], [61].
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[bookmark: _Toc227584261]Figure 7: Confusion matrix for Logistic Regression.
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[bookmark: _Toc227584262]Figure 8: Confusion matrix for Support Vector Machine.
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[bookmark: _Toc227584263]Figure 9: Confusion matrix for Random Forest.
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[bookmark: _Toc227584264]Figure 10: Confusion matrix for Gradient Boosting.
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[bookmark: _Toc227584265]Figure 11: Confusion matrix for Multi-layer Perceptron.
Random Forest achieved this other trade off. It identified 11,435 true positives and minimized false positives over those of the two linear-style models. This implies that it had learned the more selective decision boundary, but still had to tune the threshold to determine the most appropriate balance between missed deterioration and false alarms. Gradient Boosting and Multi-layer Perceptron were not as helpful at the default threshold. It was almost inevitable that Gradient Boosting should have predicted stability, hence its high accuracy and extremely poor recall. Multi-layer Perceptron did not detect most cases of deterioration, likely due to the network needing a more severe tuning, calibration or imbalance handling. These findings indicate that complexity of models did not necessarily result in positive clinical usefulness [46], [65].
[bookmark: _Toc228849781]5.3.2 ROC and precision-recall analysis
The ROC and precision-recall curves give a more comprehensive interpretation as compared to the confusion matrices alone. A better ROC-AUC and PR-AUC means that the probability scores will be stronger as higher-risk and lower-risk patients are separated using the probability scores. Close on their heels were Support Vector Machine and Random Forest which hints at the fact that all three models managed to extract valuable risk-ordering information. This is important since even an otherwise useful ranking model may still be perfected through threshold calibration even when the model produces most of its results with perfect accuracy [54], [59].
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[bookmark: _Toc227584266]Figure 12: ROC curve for Logistic Regression.
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[bookmark: _Toc227584267]Figure 13: ROC curve for Support Vector Machine.
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[bookmark: _Toc227584268]Figure 14: ROC curve for Random Forest.
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[bookmark: _Toc227584269]Figure 15: ROC curve for Gradient Boosting.
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[bookmark: _Toc227584270]Figure 16: ROC curve for Multi-layer Perceptron.
The precision-recall curves were specifically significant since the majority of the deterioration was in the minority class. The loss of precision in all models with recall growth indicates that the prediction task was challenging. The best balance was offered by Logistic Regression and Support Vector Machine at moderate recall levels. This implies that they were better at serving as screening models than models that achieved high accuracy by neglecting the positive class. In the hospital, the desired model would require a threshold to be selected near the clinical risk tolerance, rather than the default 0.50 cut-off [51], [63].
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[bookmark: _Toc227584271]Figure 17: Precision-recall curve for Logistic Regression.
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[bookmark: _Toc227584272]Figure 18: Precision-recall curve for Support Vector Machine.
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[bookmark: _Toc227584273]Figure 19: Precision-recall curve for Random Forest.
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[bookmark: _Toc227584274]Figure 20: Precision-recall curve for Gradient Boosting.
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[bookmark: _Toc227584275]Figure 21: Precision-recall curve for Multi-layer Perceptron.
The primary implication is that model and threshold selection should not be considered independently. Gradient Boosting did fairly well on AUC but poorly at the point of default classification, so it might require a recalibration, as opposed to an automatic rejection. As with the case of Logistic Regression, it was not the most accurate model although it was the most useful risk-ranking model. This difference is important as early warning systems are not designed to achieve maximum overall accuracy but designed to detect patients who might deteriorate enough to be acted upon by clinical methods [48], [55].
[bookmark: _Toc228849782]5.3.3 Feature relevance and clinical meaning
Clinical significance of the modelling outputs was who endowed the modelling outputs with clinical meaning. Some of the most significant predictors were age, respiratory rate, lactate, heart rate, haemoglobin, temperature, platelet count, white blood cell count, shock index, creatinine, urine output, and Oxygen saturation. This finding is credible as the variables capture vulnerability, respiratory stress, perfusion, metabolic load, infection, renal function and oxygenation. The fact that these features are important gives reason to believe that the synthetic dataset did not lose any clinically sensible relationship despite the fact that such a synthetic dataset cannot be treated as actual clinical evidence in the real world [50], [60].
This result is also important as the most effective predictors are readily available at the bedside. This implies that useful early warning models do not necessarily need highly complex input like imaging, waveforms or free-text notes. Nonetheless, the ranking on the features does not imply causation. It simply provides information on which variables could help in prediction in this dataset. Whether the same variables have issues of importance in the real data of hospitals, and in the dissimilar groups of patients [51], [52] should be tested in the future work.
[bookmark: _Toc228849783]5.3.4 Objective achievement, strengths and limitations
The findings show that the project goals were largely met. An effective preprocessing pipeline (repeatable) was built, five models were built, and comparative analysis was conducted between the results of the curve and matrix built models. Other artifacts created during the study included feature importance plots and performance summaries, which could be interpreted. In this regard, the system worked as expected and provided a good comparative platform for the early warning analytics. The best practical outcome was that, although it is simple, Logistic Regression yielded the best ROC-AUC and PR-AUC. The second interesting finding was that Random Forest provided a slightly different compromise, with high accuracy and slightly higher accuracy but lower recall. Third was that models that seemingly had high accuracy could be catastrophic to patient-safety objectives, as was the case with Multi-layer Perceptron and Gradient Boosting. What is important about such results is that they replicate the distribution of the alert of the multicentre deterioration studies: clinical usefulness is sensitively bound to the discriminatory, warning overload and threshold behaviour, not complexity itself [57], [64].
There are significant limitations of this study. The data was synthetic and this implies that the data cannot be subjected as the direct clinical evidence. The models had not undergone an external validation on real hospital data, or had the pipeline been tested in a real live clinical setting. Computational feasibility Support Vector Machine was trained on a smaller sample, which cannot be compared directly with models that may have been trained on a larger sample. There was no complete calibration or prospective threshold optimisation. Thus, the results must be used as an indicator of technical feasibility and comparative model behaviour and not as a demonstration of clinical readiness [47], [53].


[bookmark: _Toc228849784]6.0 CONCLUSION AND FUTURE WORK
[bookmark: _Toc228849785]6.1 Summary of findings
The dissertation focused on the question of whether it is possible to use multimodal structured hospital data to predict the deterioration of a patient within 24 hours. The paper has created an end to end machine learning pipeline with Python and in Google Colab. The execution of the pipeline loaded a huge secondary dataset, cleansed variables, converted the timestamp into useful time-dependent features, stripped identifiers to minimize the risk of leakage, numerically encoded categorical variables in the data, processed missing values, trained five algorithms, and evaluated their performance by several different measures. These five models were Logistic Regression, Random Forest, Gradient Boosting, Support Vector Machine and Multi-layers Perceptron. Accuracy, precision, recall, F1-score, ROC-AUC, PR-AUC, confusion matrix, ROC curve, precision recall curve and feature importance analysis were used to measure performance.
It was known that Logistic Regression had the highest ROC-AUC and PR-AUC though, Support Vector Machine was close. It implies that in this particular data even simpler linear models were able to rank the high-risk and low-risk patients better than the more complex models. This finding probably occurred due to the fact that the data in the dataset was structured, primarily tabular, and the relationship between the variables in the dataset was rather stable after preprocessing. In this kind of environment a simple model can be used to model useful patterns without overfitting or being over sensitive to noise. This is important since in clinical decision-support systems, explainable models are often simpler to validate, explain and govern. In hospital settings, model transparency should be significant since clinicians must know the reason as to why a patient has been deemed as high risk before responding on an alert.
The results further revealed that good accuracy may be deceptive towards disproportionate deterioration forecasting. The dataset had much more stable patients than deteriorating patients. Due to this mismatch, it might make a very high percentage accuracy because a major part of its wrong predictions are mostly due to prediction in the majority category. Gradient Boosting and Multi-layer Perceptron achieved high accuracy, but had poor identification of actual cases of deterioration. Gradient boosting was particularly an issue since it overlooked nearly all instances of deterioration on the default threshold. This finding is significant since a model that excludes deteriorating patients would be unsafe even when its accuracy might seem high. In the case of early warning systems, recall, F1-score, PR-AUC and threshold behaviour make more sense than accuracy alone.
Random Forest was found to have helpful feature-importance results. It located clinically plausible predictors of age, respiratory rate, lactate, heart rate, haemoglobin, shock index, oxygen saturation, creatinine, and urine output. These variables are clinically sensible in that they depict physiological stress, respiratory instability, metabolic stress, renal performance and general patient vulnerability. This implies that the framework was not basing upon the random or senseless motifs. The importance of features must however be taken with caution since the data set was artificial and the findings cannot be added as direct clinical findings.
Generally, the dissertation attained its fundamental aims. It developed a reproducible preprocessing and modelling pipeline. It made comparisons on five machine learning models with similar conditions. It demonstrated that recall and threshold behaviour which are crucial towards deterioration prediction. It also showed that model interpretability is useful in healthcare analytics. The main conclusion is that the most successful (not necessarily the most complicated) model is not always the most accurate model. A model of clinical utility needs to be sensitive to detect, which must be burdened by false-alarm rate, interpretability of prediction, and practical performance requirements.
[bookmark: _Toc228849786]6.2 Research Contributions
There are various academic and practical contributions of this dissertation. First, it offers a reproducible machine learning pipeline based on secondary hospital-style data, 24-hour prediction capability, and built with Google Colabs. This can prove useful as numerous healthcare machine learning studies cannot be reproduced due to limited access to actual hospital datasets, ambiguous preprocessing procedures, or heterogeneous assessment techniques. The pipeline created in this paper demonstrates that structured hospital variables can be prepared, modeled and assessed in a transparent manner.
Second, the dissertation provides a structured comparison of 5 machine learning algorithms on the same train-test split, preprocessing plan and assessment structure. The reason is that only when models are compared in a round of testing, can these comparisons have any meaning. It was found that the Logistic Regression and Support Vector Machine were more practical than others in the more complex models in this particular structured-data setting. This helps to confirm that the models to be selected should be supported by evidence and clinical usefulness, rather than by hypothetical ideas that complex models are always better.
Third, the dissertation adds evidence that model usefulness on clinical prediction cannot just rely on accuracy. The outcome indicated that certain models were very accurate and did not detect worsening patients. This result supports the claim that recall, precision, F1-score, PR-AUC, confusion matrices, and threshold analysis should be used to evaluate healthcare prediction systems. It further indicates why default classification threshold levels can be inappropriate to clinical early warning activities. To avoid alert fatigue a type of model employed to screen the deterioration model must focus on the high-risk patient and control false alarms.
As a practical contribution it produces an interpretable modelling artefact to make future research adaptable. This study demonstrated how regular variables, such as demographics, vital signs, laboratory values, ward variables, and intervention predictors could be arranged into a forecasting workflow. The feature-importance output of the Random Forest also indicated that model interpretation can be related to clinical reasoning. This is useful since when outputs are explainable as regards to known risk factors, then clinicians and healthcare managers are likely to trust models.
[bookmark: _Toc228849787]6.3 Limitations of the Study
There are several limitations to this study. The first weakness is that the data was artificial. Even though it was created in a manner that mimicked real life observations and missingness patterns within hospitals, its ability to productively represent real clinical complexity was limited. The actual hospital data usually can be characterised by the documentation errors, irregular measurement rates, pattern of clinician behaviour, unstructured notes, medication changes, and institutional differences that are not necessarily reflected in synthetic data. Consequently, the findings are to be understood as the indication of technical feasibility, but not the sign of clinical preparedness.
The second weakness is that there is no external validation. The training and testing of the models was based on the same source of data although a hold-out test split was applied. This implies that the study cannot determine whether the models would work well in a different hospital, different region or country, different patient group or different time period. The ability of clinical prediction models to predict patients in new environments tends to decrease due to the differences in patient population, coding procedures as well as monitoring processes. Stronger claims about generalisability would only be made after external validation with actual data in real electronic health records.
A third limitation is the study employed a standard classification design as opposed to a fully time to event design or prospective design. The process of patient deterioration is dynamic and risk may vary across hours. Even though they supported the introduction of the timestamp-derived variables, the models failed to fully model longitudinal trends, repeated patient-level trajectories, or a changing risk over time. Future work needs to hence adopt procedure of temporal modelling that may acquire knowledge based on sequences of observations.
The other drawback is that the Support Vector Machine has been trained on a smaller sample to make some computation feasible. This made the model faster to execute in Google Colab, but can have impacted comparability with models that are trained on the entire training set. Also, solving hyperparameters and calibration had few constraints. Consequently, certain models might not have performed well due to their being not optimised to their full capacity. These weaknesses are satisfactory to an MSc-level project but they are worth taking into consideration in future research.
[bookmark: _Toc228849788]6.4 Future Implications
The implications of the findings for future healthcare analytics and clinical decision-support development can be significant and profound. The research indicates that well-structured hospital information can be used to make helpful risk predictions, although the evaluation plan should be able to reflect on clinical needs. Practically, early warning systems cannot be chosen solely due to the high level of their accuracy. They must be evaluated in terms of their ability to perceive deteriorating patients, their false alarms, and how clinicians can interpret their results.
The results also suggest that the less complicated models can be retained in clinical practice. Logistic Regression was fairly compelling and more easily interpretable than theoretically more difficult models. This never translates to the fact that complex models are not needed. Instead, it indicates that complexity must be filled out by obvious performance strength and viable usefulness. The simpler explainable and stable model may prove to be of more use than a complex model that is hard to interpret and to maintain.
The research also implications to the implementation of the hospitals. In case some model is utilised to promote nurse-led monitoring or escalation support, it is necessary to select the threshold carefully. The low threshold has the potential to detect a greater number of patients at risk, but also to produce false alarms. Having a high threshold will minimise false alarms, though it can fail to capture the patients who require urgency. The application of threshold calibration, the approximation of the load of alerts, and clinician feedback should consequently be considered in future systems prior to deployment.
[bookmark: _Toc228849789]6.5 Recommendations and Future Work
The initial work should be performed on threshold optimisation and calibration in the future. The findings indicated that default thresholds have the capacity to render a model clinically weak despite its fair ROC-AUC. Future studies must operate to determine various operating points and select thresholds basing them on clinical priorities. For example, a hospital might want a higher screening recall, whereas a high-dependency unit may require a higher recall to reduce unwarranted escalation.
Second, validation of the pipeline should be carried out in future work, using actual patient electronic health record data from a hospital. Ideally, external validation should be performed across multiple hospitals and time periods. This would challenge the model to stand up to changes in the patient population, documentation practices, and clinical workflows. There would also be a need to conduct prospective testing before any claim of clinical readiness.
Third, the multimodal design needs to be extruded. The structured tabular variables used in this study can be substituted with nursing notes, medication records, ECG waveforms, continuous vital-sign streams, imaging output, and treatment recommendations. These other data sources can help improve performance, but should be implemented with caution. More complicated inputs may have negative implications on technical burden and transparency should they not be properly managed.
Fourth, the interpretation of work and the analysis of fairness should be strengthened in the future. Calibration plots, subgroup analysis, feature explanation and alert burden simulation should be included in the models. Checks of fairness should examine whether the performance difference varies by age, sex, ethnicity, ward, or clinical situation. The latter is significant as an early warning model cannot be effective only with particular groups of patients.
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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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