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[bookmark: _Toc221622762]1. INTRODUCTION
[bookmark: _Toc221622763]1.1 Overview of the Problem Area
Cardiovascular disease is one of the most consistent and costly health burdens because it is caused by interconnected and interacting factors rather than one single cause. The data set available is based on annual CDC survey data with over 400,000 interviews of adults via Behavioural Risk Factor Surveillance System (BRFSS). This dataset contains self-reported measures that are known to be related to heart disease such as smoking, alcohol consumption, diabetes status, BMI, physical activity, sleep, and general health. One of the most important strengths of this dataset in that regard is scale and breadth, which helps in developing predictive models potentially able to pick up patterns not just from a small spend of clinical population.
[bookmark: _Toc221622764]1.2 Importance of the Project
This project is important as early identification of risk can be used in prevention and targeted intervention. The dataset has explicitly included a binary outcome variable (HeartDisease / HadHeartAttack as "Yes/No" in the dataset description), but it also has an important real thing, that the classes are imbalanced, that there are only a small amount of "true" cases compared to "false" cases. That imbalance is reflective of what is seen in actual screening settings, where most people will not report heart disease but that small minority do, and missing them can prove expensive. Recent reviews demonstrate that machine learning performs well compared to traditional models, provided models are carefully-trained and validated and non-linear relationships and interactions among features are present in the data [1], [17], [20]. However, these benefits are only seen by methods that address bias, imbalance and interpretability, which this project sees as central design requirements rather than optional add-ons [7], [14].
[bookmark: _Toc221622765]2. LITERATURE REVIEW
[bookmark: _Toc221622766]2.1 Existing Research and Related Work
Recent research demonstrates great momentum for machine learning-based cardiovascular risk prediction with varying forms of data. Systematic evidence suggests that electronic health records can support predictive models with meaningful discrimination, for example, with population characteristics, availability of features, and quality in validating the models [1]. Time-to-event modeling is another important direction as many cardiovascular outcomes develop over time and the development of artificial intelligence - addressing survival and event prediction, rather than only static classification, is becoming more prevalent [2], [4]. Alongside structured records, alternative physiological signals are being used that include photoplethysmography mixed with deep learning to predict risk patterns that are not easily captured in simple questionnaires [3]. Disease-specific cohorts are also common, for example, in chronic kidney disease populations, the cardiovascular risk is increased, and customised models to predict specifically within this group are available [6]. Explainability has become a practical requirement, rather than an ablative preference, especially in contexts where the model is used to inform a choice of what to follow-up or what intervention on [7], [14].
[bookmark: _Toc221622767]2.2 Strategies and Rationale for the Direction of This Project
The project makes use of a large scale public health survey data set instead of using hospital data or wearable signals. This choice is justified because dataset reflects risk factors of a modifiable or lifestyle on a population level in order to approach a prevention-oriented prediction as opposed to detection of clinical events only. The research is also consistent with observations that resampling or class weighting may greatly improve the performance of classifiers in cases of imbalance [19], and comparisons of multiple models are required as no single method prevails in all circumstances [20]. To remain consistent with the structure of the dataset, and practical needs of the predictive pipeline, the focus is on supervised binary classification with good evaluation metrics such as AUC and F1, metrics commonly used in cardiovascular prediction studies that provide a balance between sensitivity and specificity [1], [8], [20].
[bookmark: _Toc221622768]2.3 Comparison Table: Prior Work vs This Project
	Study / Focus
	Data Type
	Modeling Style
	Key Limitation in Prior Work
	How This Project Differs

	Liu et al. (2024) systematic review of EHR models [1]
	EHR cohorts
	Mixed ML classifiers
	Heterogeneity and external validity issues
	Uses large population survey features; emphasizes imbalance handling and transparent validation

	Teshale et al. (2024) time-to-event AI review [2]
	Clinical longitudinal data
	Survival / time-to-event AI
	Often not directly transferable to static survey datasets
	Uses classification but documents how findings translate to population risk screening

	Weng et al. (2023) PPG + deep learning [3]
	Wearable physiological signals
	Deep learning
	Requires devices and signal pipelines
	Uses low-cost survey indicators to support scalable screening logic

	Huberts et al. (2024) explainable readmission/mortality [7]
	Hospital outcomes
	Explainable ML
	Focuses on inpatient outcomes not community risk
	Applies explainability techniques to behavioral and demographic risk indicators

	Yu et al. (2025) interpretable feature decomposition [14]
	Risk prediction dataset
	Interpretable ML
	Often evaluated on narrower cohorts
	Applies interpretable evaluation to a large survey dataset with many lifestyle variables



[bookmark: _Toc221622769]3. RATIONALE AND RESEARCH GAP
An ongoing disconnect throughout the literature is between models that have good performance and model deployment in practice. Many studies employ rich clinical features, advanced imaging or physiological signals that aren't always available in the case of nation-wide screening [1], [3], [4]. Another gap is that performance of models is often reported without proper attention to class imbalance, calibration, and decision thresholds and may result in impressive-looking AUC values but poor actual detection of minority cases of positives in the real world [19], [20]. A further gap is interpretability decreases to the level of actionable public health indicators such that it is possible for a model to predict a risk but not to clearly communicate which modifiable factors drive the risk for a particular individual or subgroup [7], [14], [17]. This project manages these gaps by employing a volume of survey data constructed using modifiable survey indicators and explicitly making mitigation of imbalance mandatory, and develops interpretable outputs commensurate with the data-generation features.
[bookmark: _Toc221622770]4. PROBLEM STATEMENT
Although there are known risk indicators for heart disease that are present in large-scale survey data, most of the relationships between indicators are complex and often non-linear. There are limited opportunities for traditional single factor interpretations to capture encounters between lifestyle, co-morbidities and self-reported health status. In addition, the distribution of outcomes of the dataset is uneven, which makes training a naive model likely to under-detect the minority of positive cases. Therefore, there is a need to develop and evaluate robust machine learning models to accurately predict the risk of cardiovascular disease using survey-based indicators in ways that address imbalance and deliver interpretable results.
[bookmark: _Toc221622771]5. RESEARCH AIM AND OBJECTIVES
[bookmark: _Toc221622772]5.1 Research Aim
· To develop and evaluate machine learning models that predict cardiovascular disease risk using CDC BRFSS key health indicators, with imbalance-aware training and interpretable outputs.
[bookmark: _Toc221622773]5.2 Objectives
· To preprocess and encode the dataset features, handle missing values, and prepare a clean modeling dataset in Python using Google Colab.
· To train and compare five machine learning classification models using imbalance-aware strategies and robust validation.
· To evaluate predictive performance using AUC, F1-score, precision, recall, and confusion-matrix-based error analysis, and to explain model behavior using interpretable feature analysis aligned to public health indicators.
[bookmark: _Toc221622774]6. SCOPE AND LIMITATIONS
· Scope: The scope for this project is to use the provided "Indicators of Heart Disease (2022 UPDATE)" from a dataset based on the CDC BRFSS survey data is available in BMI, Smoking, AlcoholDrinking, Stroke, PhysicalHealth, MentalHealth, DiffWalking, Sex, AgeCategory, Race, Diabetic, PhysicalActivity, GenHealth, SleepTime, Asthma, KidneyDisease, SkinCancer, with the label as heart disease.
· Scope: This system will be implemented in Python on Google Colab and will be of comparison of five machine learning models with consistent preprocessing and evaluation.
· Scope: The project will tackle the issue of class imbalance through techniques such as class weights, undersampling, etc. Evaluation metrics will be reported which are appropriate for imbalanced classification.
· Limitation: The dataset is self-reported which may have issues of reporting bias and measurement error, when compared to clinically verified diagnoses [1], [17].
· Limitation: As the dataset is cross-sectional, it supports classification of condition status reported as opposed to actual prospective prediction of time-to-event, which is a different modelling paradigm [2], [4].
[bookmark: _Toc221622775]7. METHODOLOGY
[bookmark: _Toc221622776]7.1 System Development Approach
A structured iterative approach will be adopted that is similar to Agile short iterations: data understanding and preparation, baseline modeling, improvement of model using imbalance strategies, evaluation and error analysis and interpretation and reporting. This approach is appropriate because dataset problems and model performance usually need to be refined repeatedly, and performance have been shown to often originate from meticulous preprocessing, resampling, and tuning instead of an individual model choice [19], [20].
[bookmark: _Toc221622777]7.2 Tools & Technologies
The entire workflow will be built in Python using Google colab. Core libraries will be comprised of pandas and NumPy for handling emotions, scikit-learn for preprocessing, model development, and evaluation, and matplotlib for regular significant visualizations. If required for advanced approach for gradient boosting, XGBoost or LightGBM can be used but the evaluation will be the same across all the models to be compared fairly. This is in line with the practise of comparative modelling in the field of cardiovascular prediction studies, where different approaches are benchmarked with the same metrics and splits [8], [20].
[bookmark: _Toc221622778]7.3 Requirements Analysis
Functional requirements include loading and validating the dataset, performing preprocessing and encoding of the dataset for mixed variable types, training 5 machine learning classifiers, evaluating the models via AUC, F1-score and others, producing an interpretable summary of the feature effects. Non-functional requirements such as reproducibility using fixed random seeds, reporting the preprocessing steps, and network imbalance issues including using weighting or under-sampling strategies and reporting to help. Explainability is considered the non-functional requirement, because it is directly related to trust and usability of the model outputs to health-related decision contexts [7], [14].
[bookmark: _Toc221622779]7.4 System Architecture
The system will be based on a pipeline architecture with distinct data preparation, model training and evaluation and interpretation. In order for an interface to be reusable, the target label will be processed in a separate module and will be stored as a binary classification result. For the sake of consistency with a generic classification framework, the target label will be encoded internally as deteriorationwithin24h, mapped directly from the dataset's heart disease outcome label (true/false), with no change in the variable's meaning.
System Flow Diagram (Pipeline)
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[bookmark: _Toc221622780]7.5 Machine Learning Models
Five models will be used to ensure meaningfully comparable results and reflect the literature focus on benchmarking. The set that would be planned are Logistic Regression, Support Vector Machine, Random Forest, Grammar Boosting (XGBoost or the scikit equivalent), and a simple Multi-Layer Perceptron classifier. This combination of interpretability, non-linear capability and practical performance corresponds somewhat to the usual structure of comparative performance analyses in cardiovascular ML studies [8], [10], [20].
[bookmark: _Toc221622781]7.6 Evaluation Strategy
Evaluation will prioritise discrimination and balance in class imbalance. AUC will be used as threshold independent measure to measure the ranking ability and F1-score will be used to balance precision and recall when positive class is relatively rare. Precision and recall will be stated explicitly as a model that "looks good" on accuracy may not still find numbers of positive cases in meaningful numbers. Confusion matrices will be used to display the trade-off between false negatives and false positives, and tuning of threshold may be done to match the stated aim of the project: the risk being identified. These evaluation choices are consistent with literature emphasis on rigorous reporting and comparison between [1], [7], [20].
[bookmark: _Toc221622782]7.7 Data Collection Method
No primary data collection will be carried out. The project will utilise the public dataset included that was derived from CDC BRFSS annual surveys. The dataset has been reduced from a larger amount of variables to a smaller set targeted on relevant indicators, and is provided in versions with and without missing values. The project will record which version is used and will excuse missing-value handling choices in the preprocessing section. This is what should be the good practice in health sciences when studying with machine learning models where transparency in data provenance and preprocessing is part of methodology rigor [1], [17].
[bookmark: _Toc221622783]8. EXPECTED OUTCOMES & IMPACT
The final deliverable is expected to be an end-to-end and reproducible machine learning process (algorithm, metrics, evaluation) that is written in Python and the Google Colab. charmLab should feature the preprocessing, the model training (five classifiers), the handling of imbalance aware strategies, the results from evaluation and the results on interpretability. The project will deliver a comparative results summary summarizing which model can best be used from the AUC and F1 perspectives, and some outputs in the form of interpret abilities on which indicators more strongly influence risk predicted by a model. The practical effect of this is clear evidence of how population-level health indicators can support scalable risk screening logic is in agreement with broader trends in AI-enabled cardiovascular risk prediction and clinical potential, as well as emphasising explainability and responsible performance reporting [7], [14], [17]. The project also has an academic contribution in that it translates findings from advanced cardiovascular machine learning research into a reproducible workflow for large survey-based indicators as opposed to only clinical or device-based data [1], [3], [20].
[bookmark: _Toc221622784]9. PROJECT TIMELINE
	Task
	Week 1
	Week 2
	Week 3
	Week 4
	Week 5
	Week 6

	Dataset understanding, cleaning plan, target mapping
	✔
	
	
	
	
	

	Preprocessing pipeline (encoding, missing values, scaling)
	✔
	✔
	
	
	
	

	Baseline model training (all 5 models)
	
	✔
	✔
	
	
	

	Imbalance strategies (weights/undersampling) + retraining
	
	
	✔
	✔
	
	

	Evaluation (AUC, F1, threshold analysis, error review)
	
	
	
	✔
	✔
	

	Interpretability + final report and reproducibility checks
	
	
	
	
	✔
	✔
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