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ABSTRACT: Feature selection can reduce measurement burden in cardiovascular 

disease classification, but single-run evolutionary searches may be unstable and may 

overstate gains when feature selection and evaluation are not separated. We analyzed a 

public cardiovascular dataset containing 70,000 examination records. After removing 

duplicate profiles and applying prespecified physiological plausibility rules, 68,586 records 

were retained. Six clinically interpretable variables were engineered, giving 16 candidate 

predictors. A stability-guided, cost-aware genetic algorithm was run five times on training 

data, and features selected in at least two runs formed an eight-variable consensus panel. 

Logistic regression, Gaussian naive Bayes, random forest, and LightGBM were evaluated 

before and after selection; a validation-trained stacked ensemble was assessed secondarily. 

Final estimates were obtained from an untouched test set of 10,288 records with bootstrap 

confidence intervals, calibration, decision-curve analysis, and subgroup auditing. The 

consensus panel contained age, weight, systolic and diastolic blood pressure, cholesterol, 

physical activity, pulse pressure, and mean arterial pressure, reducing the feature set by 

50%. Full-feature LightGBM achieved ROC-AUC 0.8027 (95% CI 0.7948-0.8109), while 

GA-LightGBM achieved 0.8003 (95% CI 0.7923-0.8088), accuracy 0.7341, and Brier score 

0.1811, with an 18.6% reduction in measured training time. The AUC decrease was small 

but statistically detectable. The stacked model achieved AUC 0.7998 and did not improve 

on GA-LightGBM. Stability-guided consensus therefore produced a substantially smaller, 

clinically coherent panel while preserving nearly all discrimination, supporting parsimony 

with independent evaluation, calibration, and external validation. 

 

1. INTRODUCTION 

Cardiovascular diseases remain the leading global cause of death. The World Health Organization estimated that 19.8 million 

people died from cardiovascular diseases in 2022, accounting for approximately 32% of all deaths; elevated blood pressure, 

abnormal glucose and lipid levels, excess body weight, tobacco exposure, harmful alcohol use, and physical inactivity remain 

central modifiable pathways [1]. Earlier identification of individuals with an adverse cardiovascular phenotype can support 

timely counseling, diagnostic work-up, and treatment, but any data-driven tool intended to assist such decisions must be 

evaluated for discrimination, calibration, clinical usefulness, and transportability rather than accuracy alone. 

Established cardiovascular prediction systems illustrate the value—and the data requirements—of rigorous modeling. The 

Framingham general cardiovascular risk profile combined routinely measured factors in sex-specific models [2], whereas 

SCORE2 was developed across European risk regions to estimate 10-year fatal and non-fatal cardiovascular events [3]. More 

recently, QR4 was derived and externally validated using more than 16 million UK primary-care records and achieved C-

statistics of 0.835 in women and 0.814 in men while adding novel clinical risk groups [4]. These studies are prospective risk 

models with defined time horizons, in contrast to many public machine-learning datasets that encode the presence or absence 
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of disease at an examination. Distinguishing prognostic risk estimation from cross-sectional diagnostic classification is essential 

for valid interpretation. 

Machine-learning research has nevertheless shown that compact panels of routine measurements can produce useful 

cardiovascular classification. Alqahtani et al. [5] reported an ensemble accuracy of 88.70% on a public 70,000-record dataset. 

Peng et al. [6] combined the same public source with hospital data and obtained an AUC of approximately 0.806 using an 

XGBH model; a three-feature version based on systolic blood pressure, cholesterol, and age retained an AUC near 0.799. These 

findings highlight the dominant signal carried by age and blood-pressure-related variables. Recent related work has also 

evaluated dataset-defined myocardial infarction risk, clinically accessible multi-model heart-disease prediction, and hospital-

oriented cardiovascular decision support using machine-learning methods [7-9]. However, reported performance across studies 

is difficult to compare because preprocessing, outlier handling, resampling, threshold selection, and the separation of feature 

selection from final evaluation are often inconsistent. High point estimates can also conceal poor probability calibration or 

optimistic internal validation. 

Feature selection is attractive because redundant or weak predictors can increase acquisition burden, reduce interpretability, and 

amplify variance. Ranked feature selection has likewise been applied to ECG-based heart-disorder classification, illustrating the 

diagnostic value of compact informative inputs [10]. Filter, wrapper, embedded, and evolutionary methods search the feature 

space using different assumptions [11-13]. Genetic algorithms encode candidate subsets as binary chromosomes and evolve 

them through selection, crossover, and mutation [14]. Their flexibility is valuable when interactions and nonlinearities are 

plausible, but their stochastic nature creates a reproducibility problem: a single run may return a locally favorable subset that is 

unstable under a new seed or resample. Stability selection principles suggest that repeated selection frequency can be used to 

distinguish persistent variables from chance discoveries [15]. A recent stability-aware genetic algorithm study used repeated 

runs and consensus retention to reduce single-run variability in another tabular classification setting [16], providing a 

methodological precedent for the present consensus strategy. 

The empirical effect of feature selection is also model-dependent. Noroozi et al. [17] compared 16 selection methods on the 

Cleveland heart-disease dataset and found that selection improved some learners but reduced performance for others; their 

genetic algorithm mainly improved sensitivity, while the best accuracy arose from filter methods. Praveen et al. [18] combined 

hybrid metaheuristic selection with boosted decision fusion and reported an AUC of 0.89 and accuracy of 0.83. Collectively, 

the literature supports evolutionary selection as a potentially useful optimization layer, but not as a guarantee of superior 

discrimination. A stronger evaluation must quantify whether parsimony is purchased at a statistically and clinically meaningful 

performance cost. 

Accordingly, this study develops and evaluates a stability-guided genetic feature-selection framework for cross-sectional 

cardiovascular disease classification. The contributions are fivefold: (i) prespecified physiological quality control and an 

untouched 15% test set; (ii) clinically interpretable feature engineering, including body mass index, pulse pressure, mean arterial 

pressure, metabolic burden, and lifestyle risk; (iii) five independent, cost-aware genetic searches summarized by consensus 

frequency; (iv) comparison of linear, probabilistic, bagging, boosting, and stacked models before and after selection; and (v) 

reporting aligned with TRIPOD+AI principles, including bootstrap uncertainty, calibration, decision-curve analysis, and 

subgroup performance [19]. The central hypothesis was that a stable GA panel would preserve most of the predictive 

information in the full engineered feature set while reducing model complexity. 

2. MATERIALS AND METHODS 

2.1 Study design and reporting framework 

This was a secondary methodological analysis of a publicly available, de-identified tabular dataset. The task was defined as binary 

classification of the recorded cardiovascular disease label at the time represented by the dataset, not estimation of future event 

risk over a specified horizon. Model development and reporting were informed by TRIPOD+AI, with explicit separation of 

training, tuning, and final evaluation data [19]. Risk-of-bias considerations were interpreted using PROBAST concepts, 

particularly participant selection, predictor definition, outcome definition, and analysis [20]. Figure 1 summarizes the complete 

workflow. 
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Figure 1. Study workflow. Physiological quality control retained 68,586 records; 16 candidate features were reduced to an 

eight-feature consensus panel before evaluation on an untouched test set of 10,288 records. 

2.2 Data source, variables, and outcome 

The supplied file, cardio_train.csv, contained 70,000 rows and 13 columns separated by semicolons: an identifier, age in days, 

a recorded gender code, height, weight, systolic blood pressure, diastolic blood pressure, ordinal cholesterol, ordinal glucose, 

smoking, alcohol use, physical activity, and the binary cardio outcome. The target was coded 0 for no recorded cardiovascular 

disease and 1 for recorded cardiovascular disease. No missing values were present. The original public dataset page identifies 

these variables as objective, examination, and subjective features, but detailed information on recruitment setting, diagnostic 

adjudication, medications, comorbidities, geography, and timing is limited. The identifier was excluded from all modeling. 

Table 1. Predictor dictionary and engineered features. 

Variable Source Unit/coding Transformation/QC Interpretation 

age_years Derived years age / 365.25 Age at examination 

gender Original code 1 or 2 as supplied 

Recorded gender code; 

semantics require 

source verification 

height Original cm 120–220 retained Standing height 

weight Original kg 30–250 retained Body weight 

ap_hi Original mmHg 70–250 retained Systolic blood pressure 

ap_lo Original mmHg 40–150 retained; < ap_hi 
Diastolic blood 

pressure 

cholesterol Original 1–3 as supplied 
Normal, above normal, 

well above normal 

gluc Original 1–3 as supplied 
Normal, above normal, 

well above normal 

smoke Original 0/1 as supplied 
Current smoking 

indicator 

alco Original 0/1 as supplied Alcohol-use indicator 

active Original 0/1 as supplied 
Physical-activity 

indicator 

bmi Derived kg/m² weight / height² Body mass index 

pulse_pressure Derived mmHg ap_hi − ap_lo Arterial pulse pressure 

mean_arterial_pressure Derived mmHg (ap_hi + 2ap_lo) / 3 
Approximate mean 

arterial pressure 
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Variable Source Unit/coding Transformation/QC Interpretation 

metabolic_burden Derived 0–4 (cholesterol−1)+(gluc−1) 
Combined ordinal 

metabolic abnormality 

lifestyle_risk Derived 0–3 smoke+alco+(1−active) 
Count of adverse 

lifestyle indicators 

 

Because the dataset is tabular and contains no radiological, histological, or other image files, representative data examples are 

presented as de-identified rows rather than image samples (Table 2). This prevents the introduction of synthetic visual material 

that is not part of the source dataset. 

Table 2. Representative de-identified records from the cleaned dataset. 

Age 
Gender 

code 
BMI SBP DBP Chol. Glucose Active CVD 

53.5 1 32.0 120 90 1 1 1 1 

49.3 1 19.8 100 70 2 1 0 0 

47.4 1 28.0 150 90 1 1 1 0 

60.5 1 24.5 120 80 1 1 1 1 

42.1 1 27.8 150 90 2 2 1 1 

60.0 1 37.4 115 70 3 1 0 1 

53.8 1 23.9 120 80 1 1 0 0 

59.6 2 22.8 120 80 1 1 1 0 

 

2.3 Quality control and data partitioning 

Exact duplicate profiles were removed after excluding the identifier. A prespecified physiological plausibility filter retained 

height from 120 to 220 cm, weight from 30 to 250 kg, systolic pressure from 70 to 250 mmHg, diastolic pressure from 40 to 

150 mmHg, and systolic pressure greater than diastolic pressure. These broad limits were intended to remove obvious recording 

errors while avoiding aggressive trimming of clinically extreme observations. In total, 24 duplicates were removed and 1,390 

additional rows failed one or more physiological rules, leaving 68,586 records (97.98% of the source data). No imputation or 

resampling was applied. 

The cleaned cohort was split once using stratification by the outcome: 70% training (n=48,010), 15% validation (n=10,288), 

and 15% testing (n=10,288), with random seed 42. The training set was used for base-model fitting and GA development; the 

validation set was used for model stacking and the exploratory Youden threshold; and the test set remained untouched until 

final evaluation. This separation prevented the final test labels from influencing feature selection, hyperparameters, ensemble 

weights, or threshold choice. 

2.4 Clinically informed feature engineering 

Six derived variables were constructed before feature selection. Age was converted from days to years. Body mass index was 

calculated from weight and height. Pulse pressure quantified the systolic–diastolic difference, while mean arterial pressure 
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summarized average arterial load. Metabolic burden combined the ordinal cholesterol and glucose deviations from their normal 

category. Lifestyle risk counted smoking, alcohol use, and inactivity. These transformations were deterministic and were applied 

identically to all partitions. The resulting candidate space contained 16 variables: 10 retained source predictors and six derived 

features. 

2.5 Stability-guided, cost-aware genetic algorithm 

Each candidate subset was represented by a 16-bit chromosome, where 1 denoted inclusion. Five independent GA runs used 

seeds 100–104. Each run used a population of 18 chromosomes, 12 generations, tournament selection of size three, two elites, 

uniform crossover probability 0.80, bit-wise mutation probability 1/16, and a minimum subset size of three. To control runtime 

while preserving class balance, each run sampled at most 26,000 training observations and created an internal 70:30 stratified 

development split. A standardized logistic regression model served as a consistent surrogate evaluator. 

The fitness function jointly optimized discrimination and parsimony: Fitness(S) = AUC_validation(S) − λ|S|/p, where S is the 

selected subset, p=16, and λ=0.015. The size penalty was deliberately small so that a predictor was removed only when its 

validation contribution did not compensate for complexity. After five runs, each feature received a selection frequency from 0 

to 1. The consensus panel included variables selected in at least two of five runs (frequency ≥0.40); if more than eight passed, 

the eight most frequent were retained. This strategy converts a stochastic optimizer into a stability summary rather than relying 

on one best chromosome. 

2.6 Machine-learning and hybrid models 

Four base learners represented complementary inductive biases. Logistic regression used z-score standardization, L2 

regularization with C=1.0, and up to 1,500 iterations. Gaussian naive Bayes provided a low-complexity probabilistic benchmark. 

Random forest used 120 trees, square-root feature sampling, and a minimum leaf size of two [21]. LightGBM used 120 boosting 

iterations, learning rate 0.035, 25 leaves, row and column subsampling of 0.85, and L2 regularization of 1.0 [22]. Each base 

learner was trained separately on all 16 engineered predictors and on the eight GA consensus predictors. 

A secondary hybrid model used stacked generalization [23]. The four GA-panel base models generated validation probabilities, 

which were used to fit a logistic meta-learner. The fixed meta-learner was then applied to the corresponding test probabilities. 

This design ensured that the test set was not used to learn ensemble weights. The stack was evaluated as a proposed hybrid 

architecture, but superiority was not assumed; it was required to demonstrate a measurable improvement over the strongest 

component model. 

2.7 Performance estimation and statistical analysis 

The primary discrimination measure was area under the receiver-operating-characteristic curve (ROC-AUC). Secondary 

measures were area under the precision–recall curve (PR-AUC), accuracy, balanced accuracy, precision, sensitivity, specificity, 

F1-score, Matthews correlation coefficient, Brier score, and log loss. Classification metrics used a probability threshold of 0.50. 

For the stacked model, a validation-derived Youden threshold was reported only as a sensitivity analysis. Calibration was 

visualized in ten quantile bins; Brier score summarized overall probabilistic error [24,25]. Decision-curve analysis estimated net 

benefit across threshold probabilities and compared each model with treat-all and treat-none strategies [26]. 

Nonparametric bootstrap confidence intervals used 300 test-set resamples for the full-feature LightGBM, GA-LightGBM, and 

stacked model. Paired AUC differences used 500 bootstrap resamples because predictions were obtained on the same 

individuals. When no resample crossed zero, the empirical two-sided probability was reported as p<0.004 rather than zero. 

Prespecified subgroup summaries were produced for recorded gender codes and age bands (<50, 50–59, and ≥60 years). 

Subgroup results were considered diagnostic audits, not evidence of fairness or external validity. 

2.8 Software and reproducibility 

Analyses were implemented in Python 3.13.5 using pandas 2.2.3, NumPy 2.3.5, scikit-learn 1.8.0 [27], LightGBM 4.6.0, and 

Matplotlib 3.10.8. Random seeds, feature definitions, GA parameters, model settings, figure generation, and output tables are 

provided in Supplementary File S1. The source dataset itself is not redistributed. The reported training times are wall-clock 

measurements from the present computing environment and should be interpreted comparatively rather than as hardware-

independent benchmarks. 
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3. RESULTS AND DISCUSSION 

3.1 Cohort characteristics and data quality 

The source data were approximately balanced. After quality control, participants with the cardiovascular label were older and 

had higher mean weight, systolic pressure, diastolic pressure, cholesterol category, body mass index, pulse pressure, mean arterial 

pressure, and metabolic burden than participants without the label (Table 3). Mean systolic pressure differed by 14.29 mmHg 

(133.89 versus 119.60 mmHg), and mean age differed by 3.24 years (54.93 versus 51.69 years). The recorded gender-code 

distribution was similar between outcome groups. Figure 2 shows separation in age, body mass index, systolic pressure, and 

cholesterol distributions while also illustrating substantial overlap, consistent with a multifactorial classification problem. 

Table 3. Descriptive statistics in the cleaned cohort (mean ± standard deviation). 

Characteristic Overall No CVD CVD 

Age (years) 53.29 ± 6.76 51.69 ± 6.77 54.93 ± 6.34 

Recorded gender code 1.35 ± 0.48 1.35 ± 0.48 1.35 ± 0.48 

Height (cm) 164.41 ± 7.91 164.51 ± 7.82 164.32 ± 8.00 

Weight (kg) 74.12 ± 14.30 71.57 ± 13.26 76.72 ± 14.84 

Systolic BP (mmHg) 126.67 ± 16.68 119.60 ± 12.56 133.89 ± 17.27 

Diastolic BP (mmHg) 81.30 ± 9.42 78.12 ± 8.14 84.55 ± 9.54 

Cholesterol category 1.36 ± 0.68 1.22 ± 0.53 1.52 ± 0.78 

Glucose category 1.23 ± 0.57 1.18 ± 0.51 1.28 ± 0.62 

Smoking indicator 0.09 ± 0.28 0.09 ± 0.29 0.08 ± 0.28 

Alcohol indicator 0.05 ± 0.22 0.06 ± 0.23 0.05 ± 0.22 

Physical activity 0.80 ± 0.40 0.82 ± 0.39 0.79 ± 0.41 

Body mass index 27.46 ± 5.26 26.47 ± 4.81 28.47 ± 5.50 

Pulse pressure (mmHg) 45.37 ± 11.67 41.48 ± 8.94 49.34 ± 12.73 

Mean arterial pressure 

(mmHg) 
96.43 ± 11.03 91.95 ± 8.89 101.00 ± 11.14 

Metabolic burden 0.59 ± 1.07 0.39 ± 0.89 0.79 ± 1.19 

Lifestyle risk 0.34 ± 0.57 0.33 ± 0.57 0.35 ± 0.57 
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Figure 2. Phenotype distributions by cardiovascular disease label. Continuous panels show density histograms; the 

cholesterol panel shows category proportions. 

3.2 Genetic algorithm convergence and feature stability 

The five GA runs converged to subsets containing five to seven variables, with best internal validation AUCs ranging from 

0.7882 to 0.7958 during the search. Age was selected in every run; weight, cholesterol, and diastolic pressure appeared in four 

runs; physical activity appeared in three; and systolic pressure, pulse pressure, and mean arterial pressure appeared in two. The 

0.40 consensus threshold therefore produced an eight-variable panel: age, weight, systolic pressure, diastolic pressure, 

cholesterol, physical activity, pulse pressure, and mean arterial pressure. Gender code, height, alcohol use, and the composite 

lifestyle-risk variable were never selected. Table 4 details run-specific subsets and frequencies, and Figure 3 demonstrates both 

convergence and between-run stability. 

Table 4. Genetic algorithm run summaries and consensus selection frequencies. 

Run (seed) Selected variables Best penalized fitness 

1 (100) age, weight, SBP, cholesterol, activity, mean arterial pressure 0.7845 

2 (101) age, weight, SBP, DBP, cholesterol 0.7899 

3 (102) age, weight, DBP, cholesterol, smoking, activity, mean arterial pressure 0.7816 

4 (103) age, weight, DBP, glucose, pulse pressure, metabolic burden 0.7868 

5 (104) age, DBP, cholesterol, activity, BMI, pulse pressure 0.7887 
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Run (seed) Selected variables Best penalized fitness 

Consensus features (selected in ≥2 of 5 runs) 

age 5/5 1.0 

weight 4/5 0.8 

cholesterol 4/5 0.8 

DBP 4/5 0.8 

activity 3/5 0.6 

SBP 2/5 0.4 

pulse pressure 2/5 0.4 

mean arterial pressure 2/5 0.4 

 

 

Figure 3. Genetic algorithm behavior. Left: best validation ROC-AUC in each independent run. Right: selection frequency; 

the dashed line marks the 0.40 consensus threshold. 

3.3 Test-set predictive performance 

Among models using all 16 engineered features, LightGBM achieved the strongest discrimination (ROC-AUC 0.8027; PR-AUC 

0.7904), accuracy 0.7334, F1-score 0.7214, and the lowest Brier score (0.1800). Logistic regression followed with AUC 0.7916. 

Random forest and Gaussian naive Bayes achieved AUCs of 0.7853 and 0.7801, respectively. The relative ordering is consistent 

with moderate nonlinear structure but limited incremental information beyond age, blood pressure, and metabolic variables. 

After GA selection, LightGBM achieved AUC 0.8003, accuracy 0.7341, F1-score 0.7217, and Brier score 0.1811 using half as 

many variables. Relative to its full-feature counterpart, measured training time decreased from 0.598 to 0.487 seconds (18.6%), 

while accuracy increased by 0.0007. The paired AUC difference was −0.00243 (bootstrap 95% CI −0.00377 to −0.00113; 

p<0.004), indicating a small but statistically detectable discrimination loss. Gaussian naive Bayes improved markedly after 

selection (AUC 0.7904 versus 0.7801), whereas random forest declined (0.7781 versus 0.7853), reinforcing that feature selection 

effects depend on the learner. 

The proposed stacked model achieved AUC 0.7998, accuracy 0.7343, F1-score 0.7188, and Brier score 0.1813. Its paired AUC 

difference from GA-LightGBM was −0.00051 (95% CI −0.00148 to 0.00036; p=0.312). Thus, the stack did not improve 
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discrimination over its strongest component and should not be described as superior. At the default threshold, its sensitivity 

was 0.6866 and specificity 0.7809. The validation-derived Youden threshold of 0.5326 increased specificity to 0.8032 but 

reduced sensitivity to 0.6617. 

Table 5. Held-out test performance before and after GA feature selection. 

Model Panel Accuracy Sens. Spec. F1 
ROC-

AUC 
PR-AUC Brier Time (s) 

Logistic 

regression 
All 16 0.7275 0.6682 0.7857 0.7082 0.7916 0.7754 0.1866 4.934 

Gaussian 

naive 

Bayes 

All 16 0.7197 0.6124 0.8247 0.6837 0.7801 0.7549 0.2363 0.024 

Random 

forest 
All 16 0.7259 0.7039 0.7474 0.7176 0.7853 0.7710 0.1887 1.807 

LightGBM All 16 0.7334 0.6978 0.7682 0.7214 0.8027 0.7904 0.1800 0.598 

Logistic 

regression 
GA 8 0.7262 0.6686 0.7826 0.7073 0.7905 0.7739 0.1872 0.015 

Gaussian 

naive 

Bayes 

GA 8 0.7276 0.6171 0.8359 0.6915 0.7904 0.7747 0.2206 0.007 

Random 

forest 
GA 8 0.7150 0.6998 0.7299 0.7084 0.7781 0.7652 0.1934 1.183 

LightGBM GA 8 0.7341 0.6969 0.7705 0.7217 0.8003 0.7872 0.1811 0.487 

Proposed 

GA-

stacked 

ensemble 

GA 8 0.7343 0.6866 0.7809 0.7188 0.7998 0.7847 0.1813 1.692 

 

 

Figure 4. Held-out discrimination using the GA consensus panel. (A) ROC curves with AUC in parentheses. (B) Precision–

recall curves with average precision in parentheses; the dashed horizontal line represents outcome prevalence. 
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Figure 5. ROC-AUC before and after genetic feature selection. The stacked ensemble is defined only for the GA panel. 

3.4 Uncertainty, calibration, and decision utility 

Bootstrap intervals for the three load-bearing models were narrow because the test set contained more than 10,000 records 

(Table 6A). Full-feature LightGBM retained the best point estimates for ROC-AUC and Brier score, while GA-LightGBM and 

the stack were closely grouped. Calibration plots showed reasonable agreement between predicted and observed proportions 

across deciles, although the models slightly underpredicted in some upper-middle bins and did not span the full 0–1 probability 

range. Decision curves showed positive net benefit relative to treat-none over most of the evaluated threshold range and were 

substantially better than treat-all at moderate and high thresholds (Figure 6). Differences between GA-LightGBM and the stack 

were small, again indicating that added ensemble complexity did not translate into a clear decision-analytic advantage. 

Table 6. Bootstrap uncertainty and subgroup audit for the proposed models. 

Model 
ROC-AUC (95% 

CI) 

PR-AUC (95% 

CI) 

Accuracy (95% 

CI) 
F1 (95% CI) Brier (95% CI) 

Proposed GA-

stacked ensemble 

0.7998 (0.7916–

0.8081) 

0.7847 (0.7708–

0.7962) 

0.7343 (0.7261–

0.7429) 

0.7188 (0.7078–

0.7278) 

0.1813 (0.1774–

0.1851) 

LightGBM with 

GA features 

0.8003 (0.7923–

0.8088) 

0.7872 (0.7753–

0.8002) 

0.7341 (0.7260–

0.7431) 

0.7217 (0.7119–

0.7311) 

0.1811 (0.1772–

0.1847) 

LightGBM with all 

features 

0.8027 (0.7948–

0.8109) 

0.7904 (0.7779–

0.8032) 

0.7334 (0.7249–

0.7423) 

0.7214 (0.7125–

0.7305) 

0.1800 (0.1763–

0.1835) 

B. Proposed stacked model subgroup audit at probability threshold 0.50 

Subgroup n Prevalence ROC-AUC Sensitivity Specificity 

Gender code 1 6723 0.495 0.7993 0.6682 0.7934 

Gender code 2 3565 0.494 0.8024 0.7216 0.7573 

Age <50 years 3194 0.367 0.8246 0.5828 0.9110 

Age 50–59 years 5248 0.516 0.7636 0.6531 0.7671 

Age ≥60 years 1846 0.654 0.7399 0.8626 0.4232 
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Figure 6. Probability quality and potential clinical utility. (A) Calibration by probability deciles. (B) Decision-curve analysis; 

higher net benefit is preferred. 

3.5 Feature importance and subgroup behavior 

Gain-based importance from GA-LightGBM was concentrated in systolic pressure (63.9%), followed by age (14.7%), mean 

arterial pressure (8.6%), and cholesterol (7.7%). Weight, activity, pulse pressure, and diastolic pressure together accounted for 

the remaining 5.1% (Figure 7). This ranking was clinically coherent and closely aligned with the top variables reported by Peng 

et al. [6]. Nevertheless, gain importance is model-specific and can distribute credit unevenly among correlated blood-pressure 

variables; it should not be interpreted as causal or as evidence that low-ranked variables are biologically unimportant. 

Recorded gender-code subgroups had similar AUCs (0.7993 and 0.8024), although sensitivity and specificity differed. Age 

stratification revealed a more important gradient: AUC was 0.8246 below age 50, 0.7636 at age 50–59, and 0.7399 at age 60 or 

older. Among older participants, sensitivity reached 0.8626 but specificity fell to 0.4232, consistent with high outcome 

prevalence and upward-shifted predicted probabilities. The test-set confusion matrix for the stacked model contained 4,059 

true negatives, 1,139 false positives, 1,595 false negatives, and 3,495 true positives (Figure 8). These findings caution against 

using one universal threshold across age groups without prospective clinical validation. 

 

Figure 7. Normalized LightGBM gain importance within the GA consensus panel. 
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Figure 8. Held-out confusion matrix for the proposed GA-stacked ensemble at threshold 0.50. 

3.6 Principal findings 

This study shows that a multi-run genetic algorithm can identify a compact cardiovascular feature panel that retains nearly all 

of the discriminative information available in a broader engineered set. The eight-variable GA-LightGBM model reduced the 

candidate space by 50% and achieved AUC 0.8003 compared with 0.8027 for full-feature LightGBM. The absolute difference 

was only 0.0024, but the confidence interval excluded zero, so the correct interpretation is not exact equivalence. Rather, GA 

selection provided a favorable complexity–performance trade-off: half as many variables, modestly shorter training time, 

essentially unchanged accuracy, and a small loss in ranking performance. 

The hybrid stack did not improve on GA-LightGBM. This negative comparative result is important because ensemble 

complexity is frequently presented as an innovation without testing whether it adds independent signal. The learned meta-

model placed its largest weight on LightGBM, indicating that the other learners contributed little complementary information. 

When base learners share the same small, strongly predictive variables, their probability errors may be too correlated for stacking 

to improve AUC. The proposed stack remains useful as a reproducible benchmark, but the parsimonious boosted model is 

preferable under the present data. 

3.7 Biological and clinical interpretation of the selected panel 

The selected variables reflect established cardiovascular pathways. Systolic and diastolic pressure, pulse pressure, and mean 

arterial pressure characterize different aspects of arterial load and vascular stiffness. Age aggregates cumulative exposure and 

vascular aging; cholesterol captures atherogenic metabolic burden; weight approximates adiposity; and physical activity 

represents a modifiable behavioral factor. The concentration of LightGBM gain in systolic pressure is consistent with the global 

importance of elevated blood pressure and with prior analyses of this dataset [1,6]. The repeated selection of both original and 

derived blood-pressure features suggests that nonlinear models used distinct thresholds or interactions, although their 

collinearity means that importance should not be interpreted as independent mechanistic effects. 

Notably, body mass index was selected in only one GA run, while raw weight appeared in four. Height contributed little once 

weight and other variables were present. This may reflect the narrow adult height distribution and the ability of tree-based 

models to combine weight with age and gender code. Glucose, smoking, and alcohol indicators were also unstable or absent. 

Their low selection frequency may result from coarse binary or ordinal encoding, underreporting, or mediation through other 

factors; it does not imply that these exposures are unimportant for cardiovascular biology. Feature selection optimizes predictive 

utility in a particular dataset, not biological causality. 
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3.8 Comparison with previous studies 

Our results closely match the AUC range reported by Peng et al. [6], who obtained approximately 0.806 with a larger XGBH 

model and approximately 0.799 with three variables. The convergence is reassuring because both studies identify age, systolic 

pressure, cholesterol, and other blood-pressure measures as dominant. The present work extends that line by using repeated 

evolutionary selection, a strictly untouched test set, paired uncertainty for the performance cost of reduction, and probabil ity-

focused evaluation. In contrast, Alqahtani et al. [5] reported much higher accuracy on the public dataset; differences in 

preprocessing, validation, class thresholds, and potential leakage make direct ranking inappropriate. Table 7 places these studies 

alongside larger prospective risk models and emphasizes the distinction between prevalent-disease classification and future-

event prediction. 

Noroozi et al. [17] found that feature selection can improve some models while degrading others. Our results reproduce that 

heterogeneity at much larger sample size: Gaussian naive Bayes improved after selection, logistic regression was nearly 

unchanged, and random forest declined. This pattern supports the view that feature selection should be evaluated as a model-

specific intervention. Praveen et al. [18] reported stronger performance with a more elaborate hybrid optimizer and boosted 

fusion, but the dataset and evaluation design differed. Without common external cohorts, point estimates should not be 

interpreted as a league table. Transparent partitioning, calibration, and independent validation are more informative than 

maximizing a single accuracy value. 

Table 7. Comparison with representative cardiovascular prediction and feature-selection studies. 

Study Data Outcome Method 
Reported 

performance 
Interpretive note 

D'Agostino et al. 

[2] 

Framingham 

cohort; 8,491 

10-year incident 

CVD 

Sex-specific Cox 

models 

Widely used 

general risk profile 

Prospective 

outcome; not 

directly comparable 

Alqahtani et al. [5] 
Public CVD; 

70,000 

Recorded CVD 

label 
ML/DL ensemble Accuracy 0.887 

Higher estimate; 

validation details 

differ 

Peng et al. [6] 
Public + hospital; 

70,000 

Recorded CVD 

label 

XGBH + 

importance ranking 

AUC 0.806; 3 

features 0.799 

Closest dataset-

level comparator 

Noroozi et al. [17] 
Cleveland; 297 

after QC 

Heart-disease 

diagnosis 

16 feature-selection 

methods 
Best accuracy 0.855 

Selection helped 

some models, hurt 

others 

Hippisley-Cox et al. 

[4] 

UK EHR; >16 

million 

10-year incident 

CVD 

QR4 cause-specific 

Cox 

C 0.835 women; 

0.814 men 

Large external 

validation; 

prospective 

Praveen et al. [18] Heart-disease data 
Heart-disease 

diagnosis 

Hybrid GOL2-2T 

+ ABDF 

AUC 0.89; 

accuracy 0.83 

Different data and 

resampling 

workflow 

Current study 
Public CVD; 

68,586 after QC 

Recorded CVD 

label 

Five-run GA + 

LightGBM/stack 

AUC 0.803 full; 

0.800 GA 

Untouched test, 

CIs, calibration, 

DCA, subgroups 
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3.9 Strengths and methodological implications 

The primary strength is the evaluation architecture. Feature engineering and GA search were confined to development data, 

stacking weights were learned on a separate validation partition, and the final test set was not consulted until all choices were 

fixed. Repeated GA runs exposed selection instability rather than hiding it behind one chromosome. Confidence intervals and 

paired differences quantified the uncertainty around small AUC changes. Calibration and decision curves addressed whether 

predicted probabilities could support threshold-based use, while subgroup results revealed performance variation that an overall 

AUC would miss. The complete code package records seeds, rules, model settings, and outputs, supporting computational 

reproducibility. 

The findings also suggest a practical standard for evolutionary feature-selection papers. A proposed optimizer should be 

compared against the same learner with all features; the performance cost of reduction should be reported with paired 

uncertainty; selection frequencies should be shown across independent runs; and any hybrid ensemble should demonstrate 

incremental benefit over its best component. Under this standard, a compact model may be valuable even when its AUC is 

marginally lower, provided the reduction has a clear operational rationale. 

3.10 Limitations and future work 

Several limitations restrict clinical interpretation. First, the public dataset provides limited documentation of participant 

recruitment, disease definition, measurement protocols, and ethical governance. The label is cross-sectional, so the models must 

not be described as estimating 5- or 10-year cardiovascular risk. Second, this analysis used an internal random split rather than 

geographic, temporal, or institutional external validation. Random splitting can preserve unmeasured source-specific patterns 

and usually yields more optimistic transportability than evaluation in a new population. 

Third, physiological filtering was rule-based. Although the limits were broad and removed only 2.02% of records, some valid 

extreme measurements may have been excluded, and repeated measurements from the same person cannot be identified. 

Fourth, several predictors have coarse or ambiguous coding. The meaning of gender codes was not documented in the supplied 

file, and sex-specific biological conclusions are therefore inappropriate. Smoking, alcohol, activity, cholesterol, and glucose are 

simplified categories that cannot capture dose, duration, medication, or laboratory values. Race or ethnicity, socioeconomic 

status, comorbidities, and treatment information were unavailable. 

Fifth, the GA used logistic regression as a surrogate fitness model and a fixed parsimony penalty. A fully nested multi-objective 

optimization could model a Pareto frontier between AUC, feature count, calibration, and measurement cost, but would require 

substantially more computation. Sixth, gain importance is not causal and may be biased among correlated variables. Seventh, 

measured training times depend on hardware and software conditions. Finally, the dataset contains phenotypic and clinical 

variables rather than genomic, transcriptomic, proteomic, or metabolomic measurements. The current work therefore evaluates 

cardiovascular phenotype classification, not molecular mechanisms. Future studies should integrate molecular biomarkers, 

perform repeated nested validation, recalibrate in external cohorts, assess threshold-specific harms, and compare GA consensus 

with simpler embedded selection and clinically prespecified panels. 

4. CONCLUSION 

A stability-guided genetic algorithm reduced 16 engineered cardiovascular predictors to an eight-variable panel centered on age, 

blood pressure, cholesterol, weight, and physical activity. GA-LightGBM preserved nearly all of the full model’s discrimination 

while halving the feature set, but the small AUC decrease was statistically detectable. A stacked hybrid model did not improve 

on GA-LightGBM, demonstrating that additional architectural complexity is not automatically beneficial. The main 

contribution is therefore a transparent, reproducible framework for quantifying the trade-off between parsimony and predictive 

performance. External validation—and, for molecular-bioscience applications, integration of molecular biomarkers—is 

required before clinical or mechanistic claims are justified. 
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