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Abstract


Background: While machine learning (ML) is widely applied in cardiology, a critical research gap persists. The incremental diagnostic value of routine blood tests for classifying cardiovascular disease (CVD) remains largely unquantified, and many models operate as non-interpretable “black boxes,” limiting their clinical adoption. This study aims to address these gaps by quantifying the contribution of readily available laboratory panels and demonstrating the utility of transparent diagnostic modeling within a real-world clinical cohort. Methods: We conducted a retrospective study on the clinical data of 896 adult patients from a hospital database. A baseline feature set (demographics, vital signs) was compared against an enhanced set that additionally included results from routine hematology and biochemistry panels. Five machine learning classifiers were trained and evaluated. To ensure transparency, SHAP (SHapley Additive exPlanations) analysis, a key component of explainable AI (XAI), was used to interpret the predictions of the top-performing model. Results: The inclusion of routine blood tests consistently and significantly improved the performance of all classifiers. The XGBoost model demonstrated the best performance (accuracy 91.62%, precision 95.00%, recall 87.36%). Critically, SHAP analysis identified aspartate aminotransferase (AST), glucose, and creatinine as the most significant biomarkers, providing clear, interpretable insights into the biochemical drivers of the model’s predictions. Conclusion: Routine laboratory markers contain a strong, interpretable signal indicative of CVD that is crucial for accurate risk stratification. These findings underscore the diagnostic relevance of common blood biomarkers and demonstrate how explainable AI can transform routine clinical data into transparent and actionable cardiovascular insights. Further validation in larger and demographically diverse cohorts is warranted.
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1. Introduction


Cardiovascular diseases (CVDs) represent a serious global health problem, remaining the leading cause of death worldwide, with 17.9 million deaths recorded in 2019 [1,2]. This burden is observed across various regions and age groups, and for youth (ages 15–39), from 1990 to 2019, despite a decrease in mortality rates, standardized incidence and prevalence rates moderately or significantly increased [3]. Key risk factors include high systolic blood pressure, high body mass index (BMI), and high LDL cholesterol, as well as lifestyle determinants and environmental factors [3,4].



In Kazakhstan, as globally, CVDs are also the main cause of death [4]. Although overall preventable mortality from CVDs was decreasing from 2011 to 2021, it rose in 2020 and 2021 for conditions such as ischemic heart disease and cerebrovascular disease, while mortality among youth remains high [5]. The country is experiencing a significant increase in the incidence of arterial hypertension, and predictive modeling forecasts a further increase in cases of acute myocardial infarction and cerebrovascular diseases by 2030 [6].



Cardiovascular diseases (CVD) also have a significant social and economic impact on individuals, families, communities and societies as a whole, as documented by various sources. High prevalence and incidence make CVD the most common cause of death in ESC Member States. Despite an overall decline in age-standardised CVD mortality rates over 30 years, some regions have seen increases since 2010, and the global decline has slowed over the past 5 years [7]. Time lost to treatment and illness is an important resource. The burden of disease associated with the development of CVD results in fewer healthy life years and worse quality of life [8]. CVDs also account for a significant number of potential years of life lost (PYLL), accounting for more than one third of all PYLLs. CVDs are not only a health problem but also an economic challenge for health systems that is expected to grow exponentially in the future. CVD expenditures account for the largest share of health expenditures, reaching around 16% of total expenditures in some countries. The European Union alone spent 210 billion euros fighting CVD in 2015 [9]. The economy is affected not only by the struggle but also by the loss of labor productivity.



Although Kazakhstan has made significant efforts to improve tertiary CVD prevention and covers costly interventional procedures such as percutaneous coronary interventions, the projected increase in CVD complications could overwhelm the healthcare system in the coming decade and lead to significant economic pressure [6].



ML techniques are increasingly applied in cardiovascular disease (CVD) diagnosis, where they enable automated interpretation of electrocardiograms (ECGs) and imaging data. They support tasks such as arrhythmia detection, identification of structural and functional abnormalities (left ventricular hypertrophy, contractile dysfunction), and direct diagnosis of conditions including hypertrophic cardiomyopathy and heart failure, in many cases surpassing human interpretation [10,11]. They are also applied to ejection fraction calculation, as well as to enhanced CCTA and CAC analysis for assessing atherosclerosis and stenosis [12]. ECGs are ideal for DL due to their accessibility and digital format, with CNNs achieving diagnostic accuracy comparable to specialists in detecting arrhythmias, valvulopathies, heart failure, cardiomyopathies, myocardial infarction, and pulmonary hypertension. AI-enabled wearables using photoplethysmography further expand screening potential [13].



A study focused on improving early detection of heart diseases, particularly myocardial infarction (MI), using machine learning (ML) and deep learning while addressing imbalanced datasets. Models such as KNN, SVM, Logistic Regression, CNN, Gradient Boost, XGBoost, and Random Forest were evaluated on two datasets, with a fine-tuned XGBoost achieving the best performance (98.50% accuracy, 99.14% precision, 98.29% recall, 98.71% F1) [14]. Another study developed a model for predicting CVDs by applying k-modes clustering with Huang initialization to preprocess data. Continuous attributes such as age, height, weight, and blood pressure were converted into categorical values, and new features like Body Mass Index (BMI) and Mean Arterial Pressure (MAP) were generated to enhance accuracy and interpretability. These steps improved performance across multiple ML models, with the MLP achieving the best results (87.28% accuracy, 0.95 AUC) [15].



Biomarkers are essential tools in modern medicine, serving as objective, quantifiable indicators of biological processes and therapeutic responses. However, despite significant advancements and the use of “omics” technologies, their clinical application is often limited by a fragmented approach. Many biomarkers are analyzed in isolation using traditional statistical methods that rely on mean thresholds, which fail to capture the complexity of disease dynamics, inter-individual variability, and treatment responses [16,17]. This limitation is compounded by a frequent lack of comprehensive validation in large, independent cohorts, which hinders their prognostic utility across diverse patient populations [18,19,20]. In contrast, studies in cardiovascular disease demonstrate the potential of integrating even simple, accessible markers into more sophisticated models. Hematological markers from a complete blood count (CBC) and biochemical markers like lipid profiles or creatinine offer significant prognostic value by reflecting systemic inflammation, metabolic dysfunction, and thrombotic risk [21,22,23]. Notably, machine learning (ML) models utilizing these simple hematological markers have achieved high concordance indices (0.60 to 0.80) for predicting major outcomes like heart failure and all-cause mortality, highlighting the clinical utility of combining accessible data with advanced analytical frameworks [24].



Despite the widespread application of machine learning in cardiology, a critical blind spot persists. The incremental diagnostic value of adding routine hematological and biochemical blood panels to baseline clinical data for classifying current cardiovascular disease remains largely unquantified. Most existing studies focus on long-term risk prediction or isolated biomarkers, failing to provide rigorous comparisons that measure the precise gain in accuracy from a standard blood test [25,26]. This gap is deepened by a second, equally important problem: the lack of interpretability. Many high-performing models operate as “black boxes,” leaving clinicians unable to understand why a particular prediction was made [27,28,29]. This opacity erodes trust and creates a major barrier to real-world clinical adoption, as doctors are hesitant to act on recommendations they cannot verify or understand through their own medical knowledge.



This study aims to address the two challenges of model quantification and interpretability. We employ a methodologically sound, model-agnostic, paired design that allows for an assessment of the impact of routine laboratory tests on diagnostic quality and provides a data-driven understanding of their value. A key focus of our work is on interpretability, which helps transform the model from a “black box” into an understandable tool for clinicians. The use of SHAP analysis has allowed us to not only confirm the better performance of the model with blood test data but also to identify the predictive biomarkers that underlie its decisions, particularly AST, glucose, and creatinine. By linking these markers to known pathophysiological mechanisms, we provide physicians with practically relevant information, turning the algorithm into a tool capable of supporting and complementing their clinical reasoning.




2. Materials and Methods


2.1. Sample and Data Description


This study utilized a retrospective cohort design based on anonymized patient data from the City Clinical Hospital, a major multidisciplinary healthcare provider under the Public Health Department of Almaty, Kazakhstan. The use of a localized, contemporary cohort is a key aspect of this research, as it ensures the relevance of the findings to the specific demographic and epidemiological context of the region, which may differ from populations described in foundational international studies. The overall process, from data acquisition and patient selection to the final formulation of the experimental datasets, is illustrated in Figure 1.



The dataset covers records of patients hospitalized between January 2023 and February 2025. In accordance with data protection and ethical principles, the data was received in a fully anonymized format.



All clinical and laboratory variables used in this analysis were collected at a single time point corresponding to each patient’s initial assessment upon hospital admission. This means that every recorded parameter—such as blood pressure, heart rate, and biochemical markers—represents the baseline measurement obtained before any therapeutic intervention was initiated. Using admission-time data ensures a standardized baseline across all participants, thereby minimizing confounding effects related to treatment progression, length of hospital stay, or measurement variability over time. This design choice was made deliberately to maintain comparability among patients and to align with the study’s predictive modeling objective, which focuses on classifying cardiovascular disease based on initial clinical presentation rather than treatment response [30,31].



The study population consisted of adult patients aged 18 and older. The key inclusion criterion was the availability of a complete clinical and laboratory record, which mandatorily included the following data: age, sex, systolic and diastolic blood pressure, complete blood count parameters (PLT, HGB, WBC, RBC, HCT), and glucose level. Furthermore, a clearly documented primary diagnosis in the medical record was a prerequisite.



To minimize the influence of confounding factors, a series of strict exclusion criteria were applied. Patients with an uncertain, preliminary, or symptomatic diagnosis (e.g., “chest pain” instead of “angina pectoris”) were excluded from the analysis. Also excluded were patients whose data were collected during acute non-cardiac conditions, such as severe trauma, sepsis, or acute hemorrhage, as this could lead to temporary distortions in hematological parameters. The exclusion criterion was extended to patients with terminal conditions, including stage 4 oncological diseases and severe renal or hepatic failure. Additionally, pregnant women were excluded from the sample due to physiological changes in blood counts and hemodynamics. Records containing physically impossible or obviously erroneous values (e.g., systolic BP > 300 mmHg or age < 18 years) were also removed from the dataset. The case group consisted of 1198 individuals with a clinically confirmed primary diagnosis of a major cardiovascular disease. The mean age in this group was 63.8 ± 11.5 years (age range: 28–91 years), and it was composed of 52% males (n = 623) and 48% females (n = 575).



The control group consisted of 900 individuals. To ensure the study’s validity and create a cardiovascular health reference group, participants underwent a multi-level selection process. The primary inclusion criterion was the complete absence of cardiac complaints and any established diagnosis of cardiovascular disease (CVD), both past and present. The exclusion criteria were as follows: all patients with ischemic heart disease (IHD), a history of myocardial infarction or stroke, chronic heart failure (CHF), atrial fibrillation, significant valvular defects, or previous heart or vascular surgery were excluded. Furthermore, individuals with key risk factors such as type 1 or type 2 diabetes mellitus, chronic kidney disease (CKD) stage 3 or higher, and uncontrolled arterial hypertension (BP > 160/100 mmHg) were excluded from the control group. The selection also considered laboratory markers of systemic inflammation (ESR > 20 mm/h) and the regular use of cardioprotective medications (statins, antiplatelet agents), as their prescription already indicates an elevated baseline risk. As a result of this thorough selection, a control group was formed with a mean age of 59.3 ± 14.8 years (range: 28 to 89 years); the group consisted of 55% females and 45% males.




2.2. Formulation of Experimental Datasets


At the initial stage of data acquisition, the records exhibited a rich and multidimensional structure. The raw tables comprised 45 columns, encompassing a wide range of attributes. These included demographic and physiological variables (age, gender, height, weight, body temperature, blood pressure, heart rate, respiratory rate, blood oxygen saturation, blood glucose levels, etc.), clinical and diagnostic details (preliminary and preoperative diagnoses, symptoms, medical history, diagnostic methods, and prescribed medications), as well as extensive laboratory blood test results (platelets, hemoglobin, white blood cells, glucose, bilirubin, ALT, AST, and others). The completeness and diversity of these variables enabled an in-depth and comprehensive analytical approach throughout the study.



Table 1 and Table 2 present real excerpts from the two resulting datasets. These samples illustrate the actual structure of the data used in the study, including the presence of missing values in certain features (e.g., oxygen saturation or hematocrit), and serve to transparently reflect the original form in which the data were processed.



The first dataset, referred to as Dataset 1, includes essential baseline clinical parameters that are commonly available in routine hospital records. Specifically, it comprises the patient’s age, gender (both in Cyrillic and binary encoded formats), height, weight, blood pressure (both combined and as separate systolic and diastolic values), body mass index (BMI), heart rate (HR), and peripheral oxygen saturation (SpO2). As illustrated in Table 1, the dataset preserves the original structure of the medical records, including character-based gender markers (e.g., “F”, “M”) and real-world imperfections such as missing values in some entries (e.g., SpO2 for patient ID 4). These features provide a realistic foundation for downstream analysis, allowing models to be developed and validated under conditions that closely resemble practical clinical scenarios.



In addition to the fundamental clinical attributes already included in Dataset 1—such as age, gender, weight, height, blood pressure, body mass index (BMI), heart rate, and blood oxygen saturation—Dataset 2 incorporates an extended panel of blood-based laboratory biomarkers. These variables were selected to enrich the dataset with physiologically relevant indicators that are frequently used in the diagnosis and management of cardiovascular disease (CVD), thereby enabling more granular modeling and improved predictive capacity.



As shown in Table 2, the added biomarkers include platelet count (PLT), hemoglobin (HGB), white blood cell count (WBC), red blood cell count (RBC), hematocrit (HCT), serum creatinine (Creat), alanine aminotransferase (ALT), aspartate aminotransferase (AST), total bilirubin (Bili), and fasting blood glucose (Glucose). These parameters provide insight into systemic inflammation, oxygen transport, liver and kidney function, and metabolic state—factors known to influence cardiovascular health. Notably, as observed in the table, some values such as hematocrit are missing in a few entries, reflecting the real-world incompleteness and variability typically encountered in clinical datasets.




2.3. Data Preprocessing


The data preparation stage followed a complete-case principle to ensure data quality and model comparability. Our initial cohort consisted of patients for whom baseline clinical variables (age, sex, and other covariates) were available, resulting in a sample of 1557 patients. To assess the incremental value of laboratory tests, we then applied an inclusion criterion: from this group, we selected only those who also had a complete set of all required routine laboratory results specified in the study. This filtering process yielded a final analytical sample of 896 patients.



During preprocessing, records with missing or corrupted values in key clinical or laboratory variables were excluded. The overall proportion of incomplete records was relatively small (<10%), so their exclusion did not materially affect statistical power or population representativeness. Although missing values could be imputed using median or mode replacement, such imputation was avoided because it may artificially reduce variance and distort clinically meaningful relationships among biomarkers. Given that the objective of this study was to evaluate diagnostic signal quality under realistic but controlled conditions, a complete-case analysis was considered the most appropriate strategy to preserve methodological integrity and avoid potential imputation bias.



To ensure a fair and direct comparison, this final cohort of 896 patients was used to construct both experimental datasets. Dataset 2 (Enhanced) was created using all features (baseline + laboratory) for these 896 individuals. Dataset 1 (Baseline) was created using data from the exact same 896 individuals, but with the laboratory features excluded. This paired-design approach guarantees that the models are trained and evaluated on the identical set of patients, ensuring that any performance differences are directly attributable to the inclusion of the blood biomarkers. The final harmonized datasets used for all subsequent modeling consisted of 459 CVD cases and 437 non-CVD cases and were ready for subsequent modeling tasks.



To enable model ingestion, all non-numeric categorical features were encoded into numeric format. Specifically, the “Gender” column, originally represented in Cyrillic characters (“F” for female and “M” for male), was converted using Label Encoding into binary values [32].



As shown in Table 3, the “Gender” column now contains binary values, with 0 indicating female and 1 indicating male. Additionally, a new target column “CVD” was introduced to label the presence of cardiovascular disease, where 1 denotes a positive diagnosis and 0 indicates no disease. These transformations rendered the datasets fully numeric and suitable for training classification models.



Before initiating the model training phase, mutual information (MI) analysis was conducted to assess the relationship between each feature and the target variable, CVD [33]. We chose MI because it can capture any statistical dependencies, including complex nonlinear relationships. This makes it a more robust tool for investigating the relevance of features in complex biological datasets [34]. This statistical method quantifies the amount of information shared between input features and the target, helping identify the most informative predictors.



Figure 2 illustrates the MI values for the baseline clinical features included in Dataset 1. The highest scores were observed for systolic blood pressure (0.258), heart rate (0.231), and diastolic blood pressure (0.170), indicating a strong association with CVD status. In contrast, features such as gender, age, and weight exhibited lower MI values, suggesting limited individual predictive power.



Figure 3 presents the MI scores for Dataset 2, limited to blood-based laboratory features. Among these, AST (0.089) and glucose (0.083) demonstrated the highest levels of mutual information with the CVD target. Other features, including bilirubin, erythrocytes, creatinine, and hemoglobin, showed weaker associations, while hematocrit (HCT) exhibited no mutual information at all, indicating no detectable dependency with CVD diagnosis in this dataset.



Thus, the preprocessing phase not only improved the overall quality of the datasets but also structured them appropriately for modeling and facilitated the identification of the most relevant predictive features.




2.4. Machine Learning Models


The performance of machine learning systems built on clinical data largely depends on the quality of data preprocessing. Clinical features often vary in scale and units of measurement, which may lead certain models—especially those based on gradient methods or kernel functions—to give undue weight to specific variables, thereby distorting the overall diagnostic classification results. To address this, all numerical features in the dataset were standardized to a common scale.



This standardization was achieved using z-score normalization, a technique that transforms each feature based on its mean and standard deviation [35]. As a result, all variables are centered around zero with a standard deviation of one.



For model training and evaluation, the final 896-patient dataset was partitioned into a training set (80% of the data) and a hold-out test set (20%). This strict separation ensures that the models are evaluated on data they have never seen during training or hyperparameter tuning. All subsequent steps, including model fitting and tuning, were performed exclusively on the training set, while the test set was reserved for the final, unbiased performance assessment.



Model selection was guided by the specific nature of clinical tasks, which require not only high predictive accuracy but also interpretability. For this purpose, five supervised machine learning algorithms were employed: Light Gradient Boosting Machine (LightGBM), XGBoost, Support Vector Machine (SVM), CatBoost, and Decision Tree.



LightGBM is a fast and efficient gradient boosting model. It significantly reduces training time and memory usage when working with large datasets. By using a histogram-based approach, it speeds up the learning process and reduces overfitting. Additionally, it provides feature importance scores, which makes it useful for clinical decision-making [36].



XGBoost is a high-performance version of gradient boosting. It works effectively with structured data and is known for its resistance to overfitting. This method works effectively with large structured datasets, enhancing model stability and the reliability of its outcomes. Furthermore, it can handle missing values and offers feature importance scores for better interpretability [37].



Support Vector Machine (SVM) is a powerful algorithm commonly used for binary classification tasks. It performs well on high-dimensional data and aims to find the optimal hyperplane that best separates the classes. With kernel functions, it can define complex nonlinear decision boundaries. It is often used in medical diagnostics where precise decision boundaries are required [38].



CatBoost is a gradient boosting model specifically designed to work with categorical features. It can process categorical values directly without the need for prior encoding and is less sensitive to hyperparameters. It uses techniques that reduce overfitting and speed up the training process, making it well-suited for clinical datasets [39].



Decision Tree is a model that learns decision rules by splitting data based on feature thresholds. Each internal node represents a decision, while the leaves represent outcomes. It is simple and easy to interpret, but prone to overfitting on small datasets. This limitation can be mitigated by using trees within ensemble models [40].



To ensure a fair comparison, each model was trained on two separate datasets: Dataset 1, which included only basic clinical parameters, and Dataset 2, which was extended with blood test biomarkers. This dual-dataset approach allowed for a clear evaluation of the contribution of laboratory features to model performance.



Hyperparameter tuning for each model was conducted on the training set using GridSearchCV. This technique exhaustively explores combinations of parameters and uses a five-fold cross-validation scheme internally on the training data to identify the most effective hyperparameter configuration without causing data leakage [41]. For instance, parameter tuning for XGBoost and CatBoost included n_estimators, learning_rate, max_depth, and subsample; for SVM, C and gamma were varied; for Decision Tree, max_depth and min_samples_split were optimized; and for LightGBM, key parameters such as n_estimators, learning_rate, max_depth, subsample, and reg_lambda were tuned. Additionally, class_weight = ‘balanced’ was applied to address class imbalance. This process ensured that all models were trained under optimal conditions.



Model performance was evaluated using four key classification metrics: accuracy, precision, recall, and F1 score [42].



Accuracy reflects the proportion of correctly classified instances among all predictions:


  A c c u r a c y =    T P + T N   T P + T N + F P + F N     



(1)







Precision measures the proportion of true positive cases among those predicted as positive:


  P r e c i s i o n =    T P   T P + F N     



(2)







Recall indicates the proportion of actual positive cases that were correctly identified:


  R e c a l l =    T P   T P + F N     



(3)







F1 Score is the harmonic mean of precision and recall:


  F 1 = 2 ×    P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l     



(4)







In medical settings, recall and F1 score are particularly important, as they reflect the model’s ability to correctly identify patients with disease without missing critical cases. Overall, the preprocessing methods, model selection strategy, and evaluation procedures used in this study contribute to the scientific robustness and clinical relevance of the results.



We used SHAP (SHapley Additive exPlanations) to obtain clinically interpretable explanations of the model’s diagnostic decisions. In this study, positive SHAP values indicate a feature’s contribution to increasing the predicted probability of prevalent CVD, while negative values indicate a contribution to decreasing it; the absolute value |SHAP| reflects the strength of influence. In the plots, color encodes the observed feature value (low → high).



In addition to discrimination metrics, we also assessed model calibration to ensure that predicted probabilities align with actual observed outcomes. Calibration plots were generated to visualize the agreement between predicted risk probabilities and true outcome frequencies using the predictions on the hold-out test set. A perfectly calibrated model would produce a calibration curve closely following the diagonal line, indicating that the predicted probability of cardiovascular disease corresponds accurately to the observed prevalence [43]. Deviations from this line highlight overestimation or underestimation of risk, which is critical in clinical applications where probability outputs may directly influence medical decision-making. By combining calibration analysis with SHAP-based interpretability, our evaluation provides a comprehensive view of both the accuracy and reliability of the developed models.



We preserve original measurement units and clinical reference ranges to facilitate clinical interpretation. We report global explanations (beeswarm and dependence plots) and patient-level explanations (force plots).





3. Results


This section presents a detailed comparative evaluation of machine learning models applied to two structurally distinct datasets designed for the diagnostic classification of cardiovascular disease (CVD). Dataset 1 includes only basic clinical parameters such as demographic features, vital signs, and anthropometric measurements. Dataset 2 extends this baseline with laboratory-derived blood biomarkers, including but not limited to glucose, aspartate aminotransferase (AST), creatinine, and platelet count—parameters that are routinely measured in clinical settings and considered physiologically relevant to cardiovascular risk assessment.



The primary objective of this comparative analysis was to determine whether the integration of blood-based biomarkers enhances the predictive capacity of machine learning models in detecting CVD. To this end, five well-established models were employed: LightGBM [44], CatBoost [45], Support Vector Machine (SVM) [46], XGBoost [47], and Decision Tree [48]. Each model was trained and evaluated on the same balanced dataset comprising 896 patient records, with an equal distribution between CVD-positive and CVD-negative cases (459 and 437, respectively). This controlled experimental setup ensures that performance differences are attributable to the input features rather than data imbalance.



To comprehensively assess model performance, four standard evaluation metrics were used: Accuracy, Precision, Recall, and F1 Score. These metrics collectively provide insight into overall correctness, sensitivity to positive cases, and robustness of diagnostic classification—particularly crucial in medical diagnostics where false negatives may result in significant clinical consequences. Among these, Recall holds specific importance, as it reflects the model’s ability to correctly identify true CVD cases, thus minimizing the risk of missed diagnoses.



The comparative results are summarized in Table 4, which contrasts model performance across the two datasets:



As shown in Table 4, the inclusion of blood test indicators led to a noticeable improvement in the predictive performance of all models for cardiovascular disease (CVD) classification. Across all five models, the main evaluation metrics—accuracy, precision, recall, and F1 score—improved when blood parameters were added. These enhancements are particularly significant from a clinical perspective, as reducing false negatives is critical in avoiding missed diagnoses and ensuring timely medical intervention. A consistent improvement is observed after adding blood biomarkers, mirroring findings from other recent gradient-boosting studies on CVD risk [49].



Models based on gradient boosting methods, such as LightGBM, CatBoost, and XGBoost, performed particularly well when trained on the extended dataset. For instance, LightGBM improved its accuracy from 0.8715 to 0.8939 and its F1 score from 0.8700 to 0.8914 with the addition of blood features. CatBoost showed a similar trend, with accuracy rising from 0.8547 to 0.8994 and F1 score from 0.8506 to 0.8977. These results highlight the ability of boosting algorithms to capture complex patterns when enriched with additional medical variables [50].



XGBoost achieved the highest performance, with its accuracy increasing from 0.8715 to 0.9162 and its F1 score reaching 0.9102. This reflects the model’s strong adaptability to heterogeneous clinical data and its effectiveness in distinguishing between patients with and without CVD.



SVM showed moderate improvement, particularly in recall, which increased from 0.7609 to 0.8152. This indicates a reduced likelihood of missing patients with CVD when blood features are included, addressing one of the key concerns in medical risk diagnostic classification [51].



The Decision Tree model, on the other hand, showed limited benefit from the added features. Its accuracy slightly decreased after the inclusion of blood data, and gains in other metrics were minimal. This suggests that tree-based models without ensemble mechanisms may struggle to utilize complex biochemical information effectively.



Blood variables such as glucose, AST, and creatinine contributed strongly to the improved performance, indicating their relevance as predictive markers in the context of machine learning applications for cardiovascular diagnostics.



To further investigate feature contributions, SHAP (SHapley Additive exPlanations) analysis was conducted for the XGBoost model, which had among the highest performance metrics [52]. SHAP is a model-agnostic method widely used for interpreting machine learning decisions. It quantifies the individual contribution of each input variable to the final diagnostic classification, making it particularly valuable in medical applications where understanding the influence of clinical features is essential. The SHAP analysis was limited to XGBoost given its interpretability and superior performance.



As shown in the SHAP summary plot, in Figure 4, the most impactful feature in Dataset 1 is Systolic_BP, which recorded the highest mean SHAP value, indicating its strong influence on the model’s diagnostic classification of cardiovascular disease. It is followed by Heart Rate, BMI, and Oxygen Saturation, all of which also demonstrated considerable predictive power despite the absence of blood-based biomarkers. Weight and Age showed moderate importance, contributing to the model but with less influence compared to the top-ranking features. In contrast, Height, Diastolic_BP, and Gender had relatively low SHAP values, suggesting minimal impact on the model’s decision-making process, with Gender contributing the least overall. The differences in SHAP values across features reflect the degree to which each input shaped the model’s classification results. This visualization provides a clear interpretation of the model’s internal logic, highlighting which basic clinical features played a critical role in distinguishing patients with and without CVD based solely on non-laboratory parameters.



This bar chart, in Figure 5, presents the SHAP feature importance values derived from the XGBoost model trained on Dataset 2, which includes blood biomarkers. The visualization highlights the extent to which each laboratory variable contributed to the model’s diagnostic classification of cardiovascular disease (CVD). Among all features, AST (aspartate aminotransferase) demonstrated the highest SHAP value, indicating its dominant influence on the model’s decision-making process. Glucose and Creatinine followed closely, also showing substantial contributions. Other important features included ALT, Platelets, Hemoglobin, Total Bilirubin, WBC (white blood cells), RBC (red blood cells), and Hematocrit. These variables represent critical physiological functions related to metabolic, hepatic, renal, and hematologic systems, all of which play a key role in cardiovascular health. The inclusion of these markers provided the model with deeper insight into the underlying clinical patterns associated with CVD. Overall, the SHAP analysis offers a transparent way to interpret model behavior and validate the clinical relevance of selected features.



Following the initial findings, we further investigated the internal structure of the model. SHAP analysis not only quantifies the individual contribution of each feature but also visualizes how features interact—highlighting thresholds where risk escalates and identifying feature combinations that amplify or dampen each other’s effects. This enabled us to pinpoint how pressure, heart rate, BMI, and biochemical markers interact to create compounded cardiovascular risk. The visualizations below provide an interpretable window into these interactions and suggest actionable clinical insights.



Figure 6 aggregates the full dataset, showing one row per biomarker and one dot per patient. The position of each dot reflects its SHAP value—indicating whether the variable increased or decreased predicted risk. Color represents the raw feature value (blue = low, pink = high).



Systolic BP displays a strong rightward skew at values ≥ 140 mmHg, indicating sharp risk elevation. Similarly, heart rates above 90 bpm shift rightward, confirming tachycardia as an independent risk factor. BMI demonstrates a fan-shaped distribution: values above 25 are progressively more impactful. These patterns confirm that the model robustly captures the classical triad of hemodynamic stress—pressure, pulse, and adiposity.



In Figure 7a SHAP values remain negative up to ~120 mmHg, suggesting a protective zone. At ~130 mmHg, SHAP values turn sharply positive, and older individuals (indicated by pink dots) show more pronounced risk at equivalent BP levels—highlighting age as a synergistic amplifier [22]. As we can see in Figure 7b, heart rate between 60 and 80 bpm appears benign. Above 90 bpm, SHAP values rise steeply. High-BMI individuals (pink dots) experience even greater impact—demonstrating that tachycardia and obesity jointly magnify cardiovascular stress [53]. In Figure 7c SHAP values are negative below BMI 25 and sharply increase above 30, indicating the transition to high-risk adiposity. While nearly all points are pink (SpO2 ≥ 90%), oxygen saturation appears to play a minor moderating role in this context.



For this patient in Figure 8, the model predicted a log-odds score of –0.50, indicating low overall risk. Red segments (Hematocrit = 39.3, AST = 20.2, Total Bilirubin = 3.0) decrease predicted risk, while blue segments (Leukocytes = 5.4, Hemoglobin = 123, Platelets = 316, Glucose = 7, RBC ≈ 4.5) marginally increase it. Importantly, the diagnostic classification remains on the protective side. This graphical summary highlights both favorable and borderline markers, allowing the clinician to focus on emerging issues—namely, mild hyperglycemia and elevated platelets in this case.



The findings are in line with current medical understanding and suggest the model captures meaningful biological patterns. The integration of SHAP further supports its use as a transparent, interpretable tool in personalized risk stratification and clinical decision-making.



In addition, confusion matrices were generated for the XGBoost model trained on each dataset, allowing a visual inspection of classification errors. This visualization helps to quantify how well the model identifies true positives and true negatives, while also shedding light on common misclassifications such as false positives and false negatives [54].



As shown in the confusion matrix for Dataset 1, in Figure 9, the XGBoost model demonstrated balanced classification capabilities with 78 true positives and 78 true negatives. However, its clinical applicability is limited by the presence of 14 false negatives—instances where patients with cardiovascular disease were incorrectly labeled as healthy. Such errors are especially concerning in medical contexts, as they may result in missed diagnoses and delayed interventions. Additionally, 9 false positives were recorded, suggesting that the model occasionally overestimated risk in healthy individuals. These inaccuracies highlight the shortcomings of using only baseline clinical features like blood pressure, heart rate, and body metrics. Without access to deeper physiological information such as blood biomarkers, the model struggles to capture the full complexity of cardiovascular pathology. While the model performs moderately well, the level of misclassification—especially in identifying true cases—signals that exclusive reliance on baseline data may not be sufficient for robust clinical diagnostic classification in real-world practice.



As shown in the confusion matrix for Dataset 2, in Figure 10, the inclusion of blood biomarkers significantly improved the model’s ability to classify patients with cardiovascular disease. The model achieved 76 true positives and 88 true negatives, reflecting a strong balance between sensitivity and specificity. Compared to the baseline-only model, the number of false negatives was reduced to 11, and false positives dropped to just 4. This improvement is clinically meaningful, as it reduces the likelihood of missed diagnoses while minimizing unnecessary alerts for healthy individuals. The enhanced performance can be attributed to the rich diagnostic information provided by blood parameters such as AST, Glucose, and Creatinine, which captured underlying metabolic and biochemical patterns not available in baseline features alone. These results are consistent with the observed increase in Recall and overall accuracy. The confusion matrix clearly illustrates that blood analysis contributes valuable predictive power, reinforcing its importance in developing reliable and clinically useful ML-based diagnostic tools.



As a complementary evaluation step, we further examined the reliability of probability estimates using calibration analysis. Unlike accuracy-based metrics, calibration curves assess whether the predicted probabilities of cardiovascular disease correspond to the actual observed outcomes [55]. This is particularly important in clinical settings, where physicians may rely on the predicted risk score as an indicator of disease likelihood. A well-calibrated model ensures that, for example, patients predicted to have a 70% risk truly have disease prevalence close to 70%, making the predictions more clinically trustworthy.



The solid green line, in Figure 11, represents the observed fraction of positives against the predicted probabilities, while the dashed diagonal line corresponds to a perfectly calibrated model. The close alignment between the two curves demonstrates that the model’s probability estimates closely match the true outcome distribution [43]. The closer the calibration curve lies to the diagonal, the better the model’s performance, providing strong evidence that the model is well-calibrated and free from significant overfitting. This indicates that the predicted risks are not only accurate in classification but also reliable as quantitative measures of disease likelihood, which is essential for clinical decision-making and risk stratification.



The use of blood biomarkers improved the ability of machine learning models to correctly identify patients with cardiovascular disease, as seen in the higher Recall scores. Hematological and biochemical indicators provide clinically meaningful information that is not fully captured by baseline features such as blood pressure, heart rate, or body composition. Markers like AST, glucose, creatinine, and WBC reflect key physiological functions related to liver activity, metabolism, kidney function, and immune response—areas that are closely linked to cardiovascular health. These variables introduce an additional diagnostic layer that helps the model detect subtle but significant signals of disease. In contrast, models trained only on baseline features demonstrated limited sensitivity and produced more false negatives, indicating a lack of depth in capturing the full clinical picture. Incorporating blood test data allows machine learning algorithms to operate with greater precision and medical relevance, leading to stronger performance in identifying at-risk individuals based on both external and internal physiological cues.




4. Discussion


The outcomes of this study provide strong support for the hypothesis that incorporating blood-based biomarkers into clinical datasets significantly enhances the performance of machine learning models in predicting cardiovascular disease (CVD). All five algorithms—XGBoost, LightGBM, Support Vector Machine (SVM), CatBoost, and Decision Tree—exhibited improved predictive capability when trained on the enriched dataset that included laboratory features, compared to the baseline dataset containing only fundamental clinical attributes. Among these, the XGBoost model demonstrated the most substantial performance gains, achieving an increase in accuracy from 0.871 to 0.916 and a notable improvement in F1 score from 0.871 to 0.910, thereby highlighting the added value of haematological and biochemical variables in CVD diagnostic classification.



The reasons for XGBoost’s superiority can be traced to its architectural design. The algorithm combines second-order gradient optimization with leaf-wise tree growth, allowing it to capture complex nonlinear interactions—such as the compounded effects of elevated glucose, male gender, and high BMI—without requiring explicit feature engineering. Furthermore, its built-in regularization mechanisms (L1/L2 penalties, shrinkage, and column subsampling) control model variance and prevent overfitting, particularly important given the moderate size and near-balanced class distribution of our dataset.



The XGBoost model demonstrated the highest overall performance among all evaluated algorithms, making it the most suitable choice for clinically significant applications such as early cardiovascular screening and diagnostic triage. Its superior discrimination ability enables reliable identification of high-risk patients. Notably, the model’s performance improved substantially after the inclusion of blood test features. This suggests that laboratory biomarkers are not merely supplementary—they reveal hidden patterns and risk mechanisms that cannot be fully captured by vital signs alone. Integrating routine blood tests into machine learning models for cardiovascular disease diagnostic classification represents a critical advancement, both clinically and computationally [28].



The improvement in statistical indicators translates into clinically meaningful advantages. An increase in model accuracy from 0.871 to 0.916 means that, in practical terms, approximately 45 additional patients out of every 1000 screened would receive a correct diagnosis. This contributes to a reduction in false negatives, ensuring that high-risk patients are not overlooked, as well as a decrease in false positives, preventing healthy individuals from being subjected to unnecessary, costly, and psychologically burdensome additional examinations. In this regard, the XGBoost model may have several concrete applications in clinical practice. For example, at the level of primary healthcare, physicians can use the model alongside standard blood test results to detect patients at risk who show no outward symptoms and promptly refer them to a cardiologist or for further examinations such as ECG or echocardiography. Furthermore, in healthcare systems with limited resources, this approach can help determine who should be prioritized for expensive diagnostic procedures. In emergency departments, the model may serve as a supportive tool in decision-making for classifying patients presenting with chest pain. One of the strengths of this study is that several modern machine learning algorithms were compared, and among them, the XGBoost model consistently demonstrated superior performance. In addition, because the dataset included nearly balanced groups of patients with and without coronary artery disease (459 with CAD vs. 437 without CAD), the likelihood of biased model evaluation was minimized. Finally, the study focused on widely available and low-cost laboratory biomarkers, which enhances the potential for real-world implementation of the model in clinical practice.



Although the overall accuracy of the top-performing model reached approximately 92%, this level of performance is considered appropriate given the intended application and inherent data limitations. The feature set was deliberately designed to be pragmatic, incorporating routinely collected vital signs and low-cost laboratory tests available at the initial point of care. Within this constrained yet clinically relevant signal space, the models consistently demonstrated performance gains when blood biomarkers were included alongside the baseline clinical variables. The gradient-boosting classifier in particular achieved balanced improvements across precision, recall, and F1 score. From a clinical standpoint, the models exhibited desirable behavior by reducing the number of false negatives compared with the baseline configuration, thereby minimizing the likelihood of missing patients who may require further diagnostic evaluation. Moreover, the interpretation of overall accuracy should be contextualized within considerations of feasibility and generalizability. The proposed approach relies solely on tests that are universally available in most healthcare settings, avoiding dependence on advanced imaging or costly biomarker assays. Consequently, achieving an accuracy of approximately 92% represents a competitive and clinically meaningful outcome, particularly when the primary goal is the practical deployment of the model across diverse healthcare environments rather than maximizing discrimination under idealized conditions.



The inclusion of the enhanced biomarker set is justified by the significant body of evidence linking each component to the underlying pathophysiology of CVD. These markers, which are routinely collected, provide a window into systemic inflammation, metabolic dysfunction, thrombotic risk, and end-organ stress, all of which are central to the development and progression of CVD. Fasting glucose is a primary indicator of metabolic health [56], as chronic hyperglycemia is a well-established driver of cardiovascular risk [57]. The liver enzymes AST/ALT ratio is indicative of broader metabolic issues that impact cardiovascular health. A study indicated that increased AST/ALT ratio levels were predictive of all-cause and cardiovascular mortality among Chinese hypertensive patients [58]. Serum creatinine is a critical marker for kidney function [59]. Kidney dysfunction is a powerful and independent risk factor for CVD [60], as the kidneys play an essential role in blood pressure regulation and filtering waste [61]. The WBC is a reliable marker of systemic inflammation [62]. An elevated WBC count is an independent predictor of coronary heart disease mortality [63]. PLT are not merely clotting cells; they are active participants in atherosclerosis. They contribute to vascular inflammation and are the primary drivers of thrombosis [64]. Finally, parameters related to red blood cells—HGB, HCT, and RBC—are crucial indicators of the blood’s oxygen-carrying capacity [65]. Low levels (anemia) are an independent risk factor for CVD [66]. Anemia forces the heart to work harder to supply the body with oxygen, which is a strong precursor to heart failure [67]. Total bilirubin offers a unique perspective, as it acts as an endogenous antioxidant [68]. A strong inverse relationship exists between bilirubin and CVD, where higher levels (within a normal range) are associated with lower cardiovascular risk [69].



SHAP analysis, upon analyzing two distinct datasets, revealed two major categories of risk signals. In our context, the term “black box” refers to conventional machine learning models that produce accurate predictions without revealing how specific features contribute to the output. Explainable AI (XAI) methods, such as SHAP, overcome this limitation by quantifying the individual contribution of each variable to the final prediction. In this study, SHAP values indicated how increases in biomarkers like AST, glucose, and creatinine raised the model’s predicted risk of CVD, while lower levels of bilirubin and hematocrit reduced it. Such visualization provides clinicians with interpretable evidence linking model behavior to physiological mechanisms, thereby transforming algorithmic output into clinically meaningful insight. This transparency bridges the gap between AI-based predictions and medical reasoning, supporting informed decision-making rather than replacing physician expertise. The first dataset included only vital signs, while the second expanded on this by incorporating laboratory blood markers. SHAP provided clinically interpretable explanations of the diagnostic model, enhancing transparency of the decision process and facilitating potential integration into clinical workflows.



In the first dataset, systolic blood pressure emerged as the most influential predictor. When arterial pressure is chronically elevated, the endothelial lining experiences persistent mechanical stress, creating microtears that are prone to plaque formation and rupture. A meta-analysis has shown that even a 5 mmHg reduction in systolic pressure can decrease the risk of cardiovascular events by 13% [70]. Resting heart rate ranked second—each 10 bpm increase adds mechanical load and accelerates cardiac wear, raising mortality risk by 8% [71]. The third most important factor was body mass index (BMI). Excess adiposity not only adds mechanical strain but also drives systemic inflammation; individuals in the highest BMI trajectory face a 42% higher cardiovascular risk compared to those maintaining normal weight [72].



When laboratory data were introduced in the second dataset, the picture expanded significantly. AST (aspartate aminotransferase) emerged as the leading contributor. This enzyme is released into the bloodstream when hepatic or myocardial cells are injured, acting as a biochemical “flare.” Elevated AST levels have been associated with cardiac dysfunction and increased mortality risk [73,74]. Glucose followed closely; hyperglycemia stiffens blood vessels, promotes plaque instability, and triples the risk of in-hospital death following myocardial infarction [75]. ALT, a liver-specific counterpart to AST, also moved to the top. Elevated ALT levels are frequently observed in patients with hepatic steatosis and are increasingly recognized as a marker of cardiometabolic distress and heightened cardiovascular risk [76].



Building on these interpretability insights, we further evaluated model performance through confusion matrix analysis to examine real-world diagnostic implications. This assessment confirmed that models incorporating blood parameters consistently produced lower false negative rates, thereby improving sensitivity in detecting CVD cases. Such an improvement is of particular clinical relevance, as minimizing missed diagnoses is crucial for initiating timely and potentially life-saving interventions. The higher recall scores observed in these enhanced models reflect an increased capacity to identify high-risk individuals who may otherwise remain undetected when relying solely on baseline clinical data.



The core of our study—integrating routine hematology and biochemistry markers with baseline clinical data for interpretable ML-based diagnostic classification of CVD—aligns directly with several recent high-impact works. In large-scale clinical populations, the combined use of routine blood counts and biochemistry (versus individual blocks) has been shown to substantially improve diagnostic performance: in pan-cardiovascular disease models, XGBoost achieved AUC ≈ 0.99, with SHAP confirming the contribution of features such as potassium, albumin, total protein, and bilirubin, thereby reinforcing the clinical relevance of our selected feature set [22].



In the context of obstructive CAD (ObCAD), ensemble learning of clinical + laboratory data (i.e., “baseline + biomarkers”) with first-line ECG signals was found to outperform classical pretest probability (PTP) models: the clinico-laboratory model achieved AUC = 0.747, the ECG-DL model AUC = 0.685, while the ensemble reached AUC = 0.767; this underscores that our “integrating accessible data” strategy is moving in the right direction [77]. Another closely related study demonstrated that a CatBoost model using only clinical and routine laboratory markers improved ObCAD prediction (AUROC = 0.796) and outperformed the updated CAD Consortium/DF PTP. SHAP analysis highlighted the importance of routine markers such as hs-cTnT, HbA1c, TG, and HDL, which closely mirrors the nature of the features employed in our approach [53].



Early-stage CAD detection (prior to invasive testing) using panels of routine clinical biomarkers has also been validated. A study published in European Heart Journal—Digital Health showed that combining clinical data with routine markers, augmented by synthetic data, enhanced performance and maintained robust external generalizability when transferred to the Young Finns Study. This directly strengthens the clinical feasibility of our “low-cost, widely accessible markers for early triage” concept [78].



The incremental value of moving from “baseline → baseline + biomarkers” has been systematically observed not only for diagnosis but also for long-term prognosis. A cohort analysis with external validation across two independent hospitals showed that adding hematological indices to the baseline model increased the C-index by up to 0.072 and improved calibration—methodologically validating our data architecture that incorporates hematology/biochemistry signals [24]. Moreover, a large-scale JAMA meta-analysis across 28 cohorts found that while the incremental gain of routine cardio-biomarkers over standard risk factors for ASCVD was modest, their added value was more pronounced for outcomes such as heart failure and mortality. The general conclusion—that biomarker utility depends on the target endpoint—provides a strong rationale that in our diagnostic classification setting, routine blood markers indeed carry a meaningful predictive signal [79].



These results align with current trends in biomedical data analysis, highlighting the value of integrating a broader range of physiological indicators to improve risk assessment models. Traditional methods have often focused on a narrow set of clinical features. By comparison, our findings show that incorporating routine laboratory data into clinical profiles adds useful predictive information, enhancing both model performance and reliability.



Several limitations warrant consideration. First, during data cleaning many records lacking complete laboratory information were removed, leaving the combined vital-plus-blood dataset markedly smaller than the vital-only cohort and reducing statistical power for some comparisons. Second, the high proportion of missing values in key blood markers further narrowed the analytic sample and may have weakened the influence of those variables in the final models. Third, all observations were drawn from City Clinical Hospital within a single metropolitan area, which limits the generalizability of our findings. However, this study was not aimed at developing a universally generalizable model, but rather at conducting a rigorous methodological comparison within a well-characterized, homogeneous cohort from a single medical center. This design choice helped minimize confounding factors and allowed for an accurate assessment of the added value of laboratory data. Further validation on larger, multi-center cohorts is the logical next step. In addition, cardiovascular disease was modeled as a single diagnostic category, which may have masked subtype-specific trends that require dedicated analysis in future research. Fourth, the demographic imbalance observed between the Healthy Control and CVD cohorts is another constraint. This mismatch introduces a considerable risk of confounding bias, as both advanced age and gender are well-established, independent risk factors for CVD [80]. This confounding effect may lead to an inflation of performance metrics reported herein and, more importantly, diminish the generalizability or external validity of the model when applied to a clinical population with a more closely matched or different age/gender distribution. While this reflects a common challenge in real-world retrospective data analysis, future research must explicitly mitigate this limitation through methods such as propensity score matching or the use of age- and gender-standardized cohorts to more cleanly isolate the true predictive power of the routine blood panel features. Another critical limitation of this paper is the classification of CVD as a single, heterogeneous entity. We acknowledge that CVD encompasses a wide range of distinct pathologies (such as ischemic heart disease, heart failure, and cerebrovascular disease) and that our dataset contained the clinical information to potentially explore these subcategories. This binary (CVD vs. Non-CVD) classification was, however, a deliberate methodological choice. This formulation is widely used in the literature and underpins several established studies in which clinical and laboratory features are used to train machine learning classifiers for CVD detection [81,82,83]. However, our research direction and the selection of features differ from those employed in previous studies. Nevertheless, this limitation highlights a valuable and logical direction for future work. A more detailed analysis that extends our approach to classify specific cardiovascular disease subtypes could reveal how the predictive importance of routine biomarkers varies across different conditions, providing a deeper and more individualized understanding of cardiovascular risk.




5. Conclusions


The primary objective of this study was to evaluate the impact of incorporating blood test biomarkers on the predictive performance of cardiovascular disease (CVD) models and to determine whether these indicators provide meaningful improvements beyond baseline clinical features. The results confirm that integrating routine blood tests significantly enhances diagnostic accuracy across multiple machine learning models, with XGBoost showing the best performance. A critical contribution of this work lies in its commitment to explainable AI (XAI). By leveraging SHAP, we moved beyond “black box” predictions to deliver clinically interpretable explanations of the diagnostic model. The analysis revealed that markers like AST, glucose, and creatinine are key drivers of the model’s decisions, aligning with known pathophysiological pathways of CVD. This transparency is essential for building trust and facilitating the adoption of AI tools in clinical practice. Furthermore, this study represents a meaningful step toward personalized medicine. The ability of the model to identify specific risk drivers for each individual patient—as demonstrated by SHAP force plots—allows for a more nuanced and personalized risk stratification. Instead of relying on generalized risk factors, clinicians can use these insights to tailor preventive strategies to the unique biochemical profile of each patient. While this study confirms the predictive value of blood biomarkers, future research should focus on external validation in diverse populations and prospective clinical trials to assess the real-world impact of this approach on patient outcomes. Ultimately, the integration of interpretable machine learning with routine clinical data holds significant promise for developing more precise, transparent, and personalized diagnostic tools in cardiovascular medicine.
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	ALT
	Alanine Aminotransferase



	AMI
	Acute Myocardial Infarction



	AST
	Aspartate Aminotransferase



	BMI
	Body Mass Index



	CBC
	Complete Blood Count



	CVD
	Cardiovascular Disease



	DALY
	Disability-Adjusted Life Years



	DBM
	Deep Boltzmann Machine



	ECG
	Electrocardiogram



	EHR
	Electronic Health Record



	ESC
	European Society of Cardiology



	FRS
	Framingham Risk Score



	HbA1c
	Glycated Hemoglobin



	HDL
	High-Density Lipoprotein



	HR
	Heart Rate



	HCT
	Hematocrit



	IHD
	Ischemic Heart Disease



	LDL
	Low-Density Lipoprotein



	LightGBM
	Light Gradient Boosting Machine



	LSTM
	Long Short-Term Memory



	ML
	Machine Learning



	NT-proBNP
	N-terminal pro B-type Natriuretic Peptide



	PCA
	Principal Component Analysis



	PLT
	Platelet Count



	PYLL
	Potential Years of Life Lost



	RBC
	Red Blood Cell Count



	RNN
	Recurrent Neural Network



	SHAP
	SHapley Additive exPlanations



	SCORE
	Systematic Coronary Risk Evaluation



	SpO2
	Peripheral Oxygen Saturation



	SVM
	Support Vector Machine



	WBC
	White Blood Cell Count



	XGBoost
	Extreme Gradient Boosting
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Figure 1. Data Acquisition and Formulation Pipeline. 
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Figure 2. Mutual Information heatmap for Dataset 1. 
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Figure 3. Mutual Information heatmap for Dataset 2 (blood test features only). 
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Figure 4. SHAP Feature Importance (Dataset 1: baseline features only). 
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Figure 5. SHAP Feature Importance (Dataset 2: with blood biomarkers). 
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Figure 6. Beeswarm Plot. 
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Figure 7. (a) Systolic BP Dependence Plot (colored by age); (b) Heart Rate Dependence Plot (colored by BMI); (c) BMI Dependence Plot (colored by SpO2). 






Figure 7. (a) Systolic BP Dependence Plot (colored by age); (b) Heart Rate Dependence Plot (colored by BMI); (c) BMI Dependence Plot (colored by SpO2).



[image: Algorithms 18 00708 g007a][image: Algorithms 18 00708 g007b]







[image: Algorithms 18 00708 g008] 





Figure 8. Force Plot (individual patient). 






Figure 8. Force Plot (individual patient).



[image: Algorithms 18 00708 g008]







[image: Algorithms 18 00708 g009] 





Figure 9. Confusion Matrix (Dataset 1: baseline only). 
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Figure 10. Confusion Matrix (Dataset 2: with blood analysis). 
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Figure 11. Calibration plot for the XGBoost model on Dataset 2. 
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Table 1. Sample from Dataset 1 (Baseline).






Table 1. Sample from Dataset 1 (Baseline).





	ID
	Age
	Gender
	Weight
	Height
	Systolic BP
	Diastolic BP
	BMI
	HR
	SpO2





	1
	18
	F
	50.0
	160
	110
	70
	19.5
	72
	97



	2
	19
	M
	60.0
	152
	110
	70
	26.0
	72
	96



	3
	62
	F
	74.0
	160
	120
	80
	28.9
	70
	99



	4
	22
	M
	80.0
	170
	120
	80
	27.7
	72
	-



	5
	59
	F
	78.0
	169
	120
	80
	27.3
	84
	99










 





Table 2. Sample from Dataset 2 (Enhanced).
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	ID
	PLT
	HGB
	WBC
	RBC
	HCT
	Creat
	ALT
	AST
	Bili
	Glucose





	1
	320
	122
	6.51
	4.44
	37.0
	41.58
	9.56
	13.35
	9.41
	5.25



	2
	183
	165
	5.20
	5.35
	-
	83.00
	18
	24
	19.00
	4.20



	3
	186
	120
	8.00
	4.63
	34.7
	44.50
	28.3
	19.5
	10.51
	6.964



	4
	192
	165
	5.10
	5.80
	-
	98.00
	32
	23
	11.8
	5.59



	5
	180
	139
	4.90
	5.28
	42.1
	61.00
	21.8
	19.2
	15.00
	7.00










 





Table 3. Example of the dataset after gender encoding.






Table 3. Example of the dataset after gender encoding.





	Age
	Gender
	Weight
	Height
	Systolic BP
	Diastolic BP
	BMI
	HR
	SpO2
	CVD





	18
	0
	50.0
	160
	110
	70
	19.5
	72
	97
	0



	19
	1
	60.0
	152
	110
	70
	26.0
	72
	96
	0



	62
	0
	74.0
	160
	120
	80
	28.9
	70
	99
	0



	63
	1
	72.0
	170
	140
	90
	24.9
	85
	97
	1



	75
	1
	78
	179
	160
	80
	24.3
	80
	95
	1










 





Table 4. Comparative Model Results (with vs. without blood biomarkers).
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Baseline Clinical Features

	
Enhanced Features




	
Accuracy

	
Precision

	
Recall

	
F1_score

	
Accuracy

	
Precision

	
Recall

	
F1_score






	
LightGBM

	
0.8715

	
0.9058

	
0.8369

	
0.8700

	
0.8939

	
0.9398

	
0.8478

	
0.8914




	
CatBoost

	
0.8547

	
0.9024

	
0.8043

	
0.8506

	
0.8994

	
0.9405

	
0.8587

	
0.8977




	
SVM

	
0.8492

	
0.9333

	
0.7609

	
0.8383

	
0.8603

	
0.9036

	
0.8152

	
0.8571




	
XGBoost

	
0.8715

	
0.8966

	
0.8478

	
0.8715

	
0.9162

	
0.9500

	
0.8736

	
0.9102




	
Decision Tree

	
0.8603

	
0.8764

	
0.8478

	
0.8619

	
0.8547

	
0.9067

	
0.7816

	
0.8395
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