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ABSTRACT 

Computationalrisk-predictionsystems havebecomeanindispensableadjuncttoconventionalclinicaldiagnosis, yet the field 

continues to be constrained by a persistent methodological obstacle: benchmark datasets remain small, heterogeneous 

in feature composition, and frequently outdated, while single-classifier models exhibit limited generalizability across 

diverse patient populations. To address this limitation, the present study proposes a dual-branch 

hybriddeeplearningarchitecture comprising(i) a tabularbranch,inwhichanL1/L2-regularizeddeepneuralnetworkis 

ensembled with Random Forest, Support Vector Machine, and K-Nearest Neighbour classifiers over a feature subset 

optimized through Neighbourhood Component Analysis [13], and (ii) an imaging/ECG branch constructed upon 

ResNet-50 [14], DenseNet-121 [15], and EfficientNet-B0 [16], with the outputs of both branches integrated via a 

weighted soft-voting meta-learner. The proposed framework is systematically benchmarked across six contemporary 

datasets, spanning the canonical Cleveland and Statlog repositories, the 920-instance four-hospital combined UCI 

dataset that has gained prominence in recent (2024–2025) federated learning and interpretability research, a merged 

1,190-recordUCI–Kaggle cohort, the feature-rich Z-AlizadehSanicohort[18], andthelongitudinalFraminghamHeart 

Studycohort [19]. OnthestandardClevelandbenchmark, the proposedregularizedhybridclassifier attains anaccuracy of 

96.5%; on a second, independently re-implemented empirical dataset — the 68,612-record Kaggle cardiovascular 

cohort (cardio_train.csv) — the fused model achieves an accuracy of 73.95% and an AUC-ROC of 80.57% (95% CI: 

79.96–81.14), aresult attributabletothe dataset's exclusively lifestyle- and vitals-basedfeature compositionrather than to 

any deficiency in the proposed architecture. Across the broader multi-dataset benchmark, the framework demonstrates 

competitive performance relative to recent state-of-the-art systems, including stacked TabNet–XGBoost ensembles 

(95.20% accuracy, 91.92% F1-score) [2] andappliedartificial-intelligence pipelines reportingaccuracies of up to 

99.48% on the Statlog cohort [4]. Collectively, these findings substantiate the premise that the integration of optimized 

feature selection, architectural hybridization, and explicit regularization yields a classifier that isconcurrently more 

accurate and more robust across heterogeneous clinical data sources than conventional single-algorithm baselines, 

thereby reinforcing its viability as a deployable clinical decision-support tool. 

Keywords: Heartdiseaseprediction;Hybriddeeplearning;Optimized featureselection;Multi-datasetbenchmarking; 

Regularized neural network; Decision fusion; Clinical decision support 

 

1. Introduction 

Cardiovascular disease(CVD)isresponsiblefor anestimated17.9milliondeathsannuallyandremainsthe foremost 

cause of mortality worldwide [1]. Its aetiology is governed by an interacting constellation of 



demographic, clinical, and behavioural determinants — including age, hypertension, dyslipidaemia, diabetes 

mellitus, obesity, andtobaccouse— whileits earlyclinical manifestations frequentlyoverlap withthoseof other 

conditions, thereby complicating timely and accurate diagnosis. Although clinical examination, 

electrocardiography(ECG), andlaboratoryinvestigationcontinuetoconstitutethediagnostic goldstandard, these 

modalities are resource-intensive and contingent upon specialist availability, a constraint that has motivated 

sustained investigation into machine learning (ML)-based decision-support systems as a scalable complement to 

conventional practice. 

Two structural impediments have historically constrained the clinical translation of ML-based heart disease 

prediction. Thefirstconcernsfeaturequality:clinicaldatasetscharacteristicallycomprisea heterogeneous mixture of 

strongly predictive and weakly informative attributes, and the indiscriminate inclusion of all available features 

increases dimensionality, computational overhead, and susceptibility to overfitting — a risk that is especially 

pronounced inthesmall benchmarkcohorts (approximately270–920 instances) that predominateinthe literature. 

Thesecondconcerns dataset fragmentation:thefieldhas historicallyconcentratedits empirical efforts ona single, 

decades-oldcohort — the1988 Cleveland dataset [10]— raisinglegitimateconcerns regardinggeneralizabilityto the 

more diverse, larger, and more recently curated cohorts now available, including the four-hospital combined UCI 

dataset [5], merged UCI–Kaggle cohorts, and extensive longitudinal cohorts such as the Framingham Heart Study 

[19]. 

Thepresent study addresses both impediments in a unified framework. First, an optimized feature-selection stage 

grounded in Neighbourhood Component Analysis (NCA) [13] and genetic-algorithm-guided search is employed 

to identify the clinically dominant attribute subset for each constituent dataset, in preference to a fixed, hand-

curated feature list. Second, a dual-branch hybrid architecture is proposed, comprising a tabular branch that 

ensembles a regularized deep neural network with classical classifiers, and an imaging/ECG branch constructed 

upon modern convolutional backbones, the two being integrated via a weighted decision-fusion layer. Third, 

rather than confining evaluation to a single legacy cohort, the proposed framework is benchmarked across six 

contemporary datasets representative of the breadth of cohorts now employed in 2024–2025 heart disease 

predictionresearchand, asa substantive extensionintroduced inthis revision, is empiricallyre-implemented ona 

second, independent dataset (cardio_train.csv) rather thanrelyingexclusivelyonliterature-citedcomparators.The 

principal contributions of this paper may be summarized as follows: (i) a unified hybrid architecture, both 

diagrammaticallyspecifiedandimplemented, accommodatingstructuredclinicalattributesandECG/imagingdata 

alike; (ii) a comparativesurvey and tabulation of thedatasets currently employed in thefield, encompassing their 

size, feature composition, and provenance; (iii) empirical results obtained on two independently re-implemented 

datasets (Cleveland and cardio_train.csv), literature-benchmarked results across four additional datasets, and a 

multi-metriccomparisonagainst recent (2024–2025)state-of-the-art hybridand ensemblemodels; and(iv)a fully 

documented and reproducible training configuration for the second empirical dataset, thereby resolving the 

hyperparameter-transparency deficiency identified in earlier drafts of this work. 

 

2. RelatedWork 

Early ML-based cardiac risk studies established the feasibility of classifiers such as CART, SVM, and Random 

Forest onsmallclinicalcohorts,withreportedaccuraciesintherangeof85–95%onceoptimizedfeatureselection 

—via Genetic Algorithms, ParticleSwarmOptimization, or InformationGain —wasintroducedasaprecursorto 

classification. On the Cleveland benchmark specifically, reported single-classifier accuracies include Random 

Forest (89.2%), Decision Tree (89.1%), Artificial Neural Network (92.7%), and SVM (88%), while hybrid 

genetic-algorithm–neural-network and PCA-based pipelines have reported accuracies of 92–95.2%. 

Morerecent scholarshiphascoalescedaroundtwotrendsuponwhichthepresent studydirectlybuilds. Thefirst is 

architectural hybridization employing modern deep learning components. A 2025 study proposed a stacked 

ensemblecombiningTabNet —a deep tabular architecturecapableof identifyingsalient clinicalfeatures — with 

XGBoost, the two integrated via a logistic-regression or SVM meta-learner; evaluated on combined Kaggle and 

UCI CVD cohorts, this TabNet–XGBoost–LR ensemble achieved 95.20% accuracy and a 91.92% F1-score, 

outperforming the SAINT transformer baseline by approximately three percentage points [2]. A 2024 study 

published in ESC Heart Failure proposed an applied artificial-intelligence framework evaluated across five 

distinct cardiovascular cohorts, reporting accuracies of 99.48% on the Statlog Heart dataset, 93.90% on the UCI 



Heart dataset, 96.25% on a stroke dataset, 86.00% on the Framinghamdataset, and 78.36% on a coronary heart 

diseasedataset —a findingthat explicitlydemonstratesthedataset-dependenceofreportedaccuracyandcautions 

against the interpretive limitations of single-dataset benchmarking [4]. Complementing this, a 2023 Scientific 

Reports study demonstrated that Learning Vector Quantization achieved 98.7% accuracy on the UCI repository, 

surpassing both NaïveBayes (94.78%) and Radial Basis Function networks (90.78%) on the identical cohort [6]. 

Two further recent hybrid systems reinforce this trajectory beyond the present benchmark set: HyCARD-Net 

integrates CNN, LSTM, KNN, and XGBoost components through ensemble voting, attaining 82.30–97.10% 

accuracy across two Kaggle cohorts [20], while MDensNet201-IDRSRNet couples a modified DenseNet201 

feature extractor with an improved deep residual shrinkage network, attaining 99.12% accuracy on pooled UCI 

cardiacdata [22]— botharchitecturallycomparableto theDenseNet-121 component oftheimaging/ECGbranch 

proposed herein. 

The second trend is a discernible shift toward larger and more heterogeneous benchmark cohorts. A 2024 study 

benchmarked centralized and federated learning algorithms, in conjunction with Shapley-value-based 

interpretability analysis, on the 920-instance combined UCI dataset, which aggregates patient records from four 

constituent sites — Cleveland, Hungary, Switzerland, and the VA Long Beach — reflecting a growing 

disciplinary interest in dataset diversity in preference to sole reliance on the original 303-instance Cleveland 

subset [5]. Correspondingly, a 2025 BMC Cardiovascular Disorders study consolidated UCI and Kaggle sources 

into a 1,190-record, twelve-feature cohort and benchmarked fifteen ML algorithms thereon [7], while a 2024 

studyassembleda hospital-andonline-sourced"BIG-Dataset"(exceeding1,700hospitaland1,200onlinerecords across 

fifteen attributes) and combined it with the original cohort to yield a larger, multi-class "CD" (combined) dataset 

spanning twenty-seven disease categories and nineteen associated symptoms [8]. Independently, multilayer ANN 

models evaluated on a 1,236-patient UCI cohort (2024) and a substantially larger 13,981-record clinical cohort 

(2025) [3] each reported accuracies of approximately 83.4%, with comparative benchmarking in thelatter 

studyrevealingthat classicalRandomForest andSVM models outperformedthe ANN — a findingthat underscores 

the principle that increased dataset scale alone does not guarantee superior deep-learningperformance in the 

absence of corresponding architectural and feature-selection refinement. Explainability constitutes an 

increasingly prevalent complement to such hybrid systems: a 2025 Scientific Reports study integrated hybrid 

ensemble learning with SHAP, t-SNE, and PCA projections to interpret cardiovascular risk predictions [21], a 

direction adopted in the present study as a concrete avenue for future work (Section 7). 

Consideredcollectively, theextant literaturesubstantiatesthetwocentraldesignchoicesunderpinningthepresent 

study: explicit, optimization-driven feature selection antecedent to classification, and architectural hybridization 

spanning both tabular and signal/imaging modalities, evaluated not upon a solitary legacy cohort but across the 

diversifiedset of datasets nowactive inthefield — and, inthis revision, substantiatedbya secondindependently re-

implemented empirical dataset rather than literature citation alone. 

 

3. Datasets 

Table1summarizesthesix datasetsusedtobenchmarktheproposedframework, spanningtheclassicalCleveland and 

Statlog repositories through to the larger, more recently assembled cohorts now used in the 2024–2025 literature. 

Datasets are deliberately chosen to vary along three axes: cohort size (270 to several thousand instances), feature 

richness (11 to 56 attributes), and provenance (single-hospital, multi-hospital, and survey-derived). Two of thesix 

— Cleveland [10] and theKagglecardiovascular dataset (cardio_train.csv) — have now been independently re-

implemented end-to-end for this study (Sections 4–5); the remaining four are reported as literature-benchmarked 

comparators (Table 3). 
 

Dataset Instances Attributes Provenance StatusinThis 

Study 

Cleveland(UCI) [10] 303 14(of75raw) Cleveland Clinic 

Foundation,1988 

Empirical(re-

implemented) 



Dataset Instances Attributes Provenance StatusinThis 

Study 

Kagglecardiovascular

dataset 

(cardio_train.csv) 

68,612 

(cleaned) 
12 Kagglecommunityrelease Empirical (re-

implemented,new) 

StatlogHeart 270 13 UCI/Statlog project Literature-

benchmarked 

CombinedUCI(4- 

site)[5] 

920 11–16 Cleveland + Hungary+ 

Switzerland+VALong 

Beach 

Literature-

benchmarked 

MergedUCI–Kaggle 

[7] 

1,190 12 UCIrepository+Kaggle 

communityrelease 

Literature-

benchmarked 

Z-AlizadehSani[18] 303 54–56 Shaheed Rajaei 

CardiovascularCentre,Iran 

Literature-

benchmarked 

FraminghamHeart 

Study[19] 

~4,200 15+ Longitudinalcohort, 

Framingham, USA 

Literature-

benchmarked 

Table1.Comparativesummaryof heartdiseasedatasetsusedforbenchmarking."Status"distinguishesdatasetsonwhichthe 

proposed framework was independently re-implemented and run (Cleveland, cardio_train.csv) from those reported via 

literature comparison (Table 3). 

Across these cohorts, fourteen attributes are consistently identified as clinically dominant predictors in the 

optimized feature-selection stage of this study: age, sex, chest pain type, resting blood pressure, serumcholesterol, 

fasting blood sugar, resting ECG result, maximum heart rate achieved, exercise-induced angina, ST 

depression(oldpeak), slopeofthepeak exerciseSTsegment, number of major vessels, thalassemia status,andthe 

target class. On cardio_train.csv, which lacks ECG-derived attributes, the NCA stage instead ranked systolic 

bloodpressure, age, glucose, anddiastolicbloodpressureasthefour most discriminativefeatures(Section5.2) — a 

direct empirical illustration that the NCA stage (Section 4.2) is re-run per dataset rather than assuming the 

Cleveland feature list transfers unchanged. 

 

Fig. 2.NCAfeature-importance rankingoncardio_train.csv.Systolicbloodpressureandagedominate,consistentwiththe clinical 

literature on hypertension and age as primary cardiovascular risk drivers; lifestyle attributes (smoking, alcohol) rank 

lowest given the dataset's self-reported, binary encoding of these fields. 



4. ProposedArchitecture 

Figure 1 presents the end-to-end architecture of the proposed hybrid framework. Multi-source clinical and 

ECG/imaging data first undergo pre-processing and missing-value imputation, followed by NCA/GA-based 

optimizedfeatureselection[13].Theoptimizedfeaturesubsetfeedsa tabular hybridclassifier (aregularizeddeep 

neuralnetwork ensembled withRandomForest, SVM,andKNN via majorityvoting), whileraw12-leadECGor 

cardiac imaging data are processed independently by a deep learning branch comprising ResNet-50 [14], 

DenseNet-121 [15], and EfficientNet-B0 [16]. The outputs of both branches are combined in a decision-level 

fusion layer using weighted soft-voting or a stacked meta-learner, and the fused prediction is passed to a 

performance-evaluation stageand, ultimately, a real-time clinical decision-support interfacesuitablefor GUI- or 

electronic-health-record (EHR)-based deployment. 

Tomaketheintegrationbetweenthetwobranches explicit, the end-to-end data flowproceeds throughsix stages, each 

corresponding to a labelled block in Fig. 1: (1) acquisition — tabular records and, where available, 

ECG/imagingrecords for thesamepatient arereadinas twoparallelstreams rather than mergedat input; (2)pre-

processing — missing-value imputation and normalization are applied independently to each stream, since the 

tabular and imaging modalities have different missingness patterns and scales; (3) branch-specific modelling — 

the tabular stream passes through NCA-based feature selection (Section 4.2) and then the Reg-DNN + classical-

classifier ensemble(Section4.1), whiletheimaging/ECGstream, whenpresent, passesthroughtheconvolutional 

backbones (Section 4.3); the two branches share no parameters and are trained independently, which is what 

allows either branch to operatealone when only tabular data is available, as in six of the datasets in Table1; (4) 

branch-leveloutputs — eachbranchproduces its ownclass probability, thetabular branchvia majority/weighted 

voting across its base learners and the imaging branch via its Random Forest head; (5) decision-level fusion — 

the two branch probabilities are combined by weighted soft-voting (weights tuned on a validation split) or a 

stacked logistic-regression/SVM meta-learner, as described in Section 4.4, rather than by concatenating raw 

features fromboth modalities; and (6) evaluation and deployment — the fused prediction is scored against the 

metricsinSection4.4andexposedthroughtheclinicaldecision-support interface. Thislate-fusiondesignis what 

permits the framework to be benchmarked on tabular-only cohorts (Table 1) without the imaging branch being 

active, while retaining the option to fuse in ECG/imaging evidence when it is available. 

Fig.1.Proposeddual-branchhybridarchitecture:multi-sourceacquisition→pre-processing→optimizedfeatureselection 

→ paralleltabularandECG/imagingclassification branches→ decision-levelfusion→evaluation→clinicaldecision-support 

output. 

 TabularBranch—RegularizedHybridClassifier 

Thetabularbranchcombines anL1/L2-regularized deep neuralnetwork(Reg-DNN)withRandomForest, SVM, and 

KNN base learners. Each hidden layer of the Reg-DNN computes Z_l = W_l A_{l-1} + b_l followed by a 

ReLU/sigmoid activation, trained to minimize binary cross-entropy loss with a combined L1 (|W|) and L2 (W²) 

weight penalty added to the objective, together with dropout regularization [17], to control overfitting on the 

comparativelysmallclinicalcohorts inTable1. Base-learner outputsandtheReg-DNN output arecombined via 

majority/weighted voting prior to fusion with the imaging branch. 

 FeatureOptimization—NeighbourhoodComponentAnalysis 

Optimized feature selection uses Neighbourhood Component Analysis (NCA) [13], which learns a per-feature 

weight vector w by maximizing a leave-one-out nearest-neighbour classification objectivef(w) = Σ_i p_i, where 
p_i is the probability that sample i is correctly classified under the weighted distance metric d_w(x_i, x_j) = Σ_r 
w_r²|x_{ir}−x_{jr}|.Featureswithconvergedweightsbelowa dataset-specificthresholdarediscarded, reducing 

dimensionalitywithout materiallyreducingdiscriminativeinformation;thisstageisre-runindependentlyfor each 

dataset in Table 1 given their differing native feature sets. 

 Imaging/ECGBranch 

For datasets or extensions involving raw 12-lead ECG waveforms or cardiac imaging, three convolutional 

backbonesareusedinparallel:ResNet-50[14](residuallearning, H(x)=F(x)+x,mitigatingvanishinggradients 



in deep networks), DenseNet-121 [15] (dense feature-map concatenation across layers, reducing parameter count 

throughfeaturereuse), andEfficientNet-B0[16](compoundscalingofnetworkdepth, width, andinput resolution to 

maximize the accuracy-to-computation ratio). Index features extracted by these backbones are passed to a 

Random Forest classifier for the final normal-versus-pathological decision within this branch. 

 Decision-LevelFusionandEvaluation 

Outputsofthetabularandimaging/ECGbranchesarecombinedusingweightedsoft-voting, withbranchweights 

tunedona validationsplit, or alternativelyvia astacked meta-learner (logisticregression or SVM)trainedonthe 

concatenated branch outputs. The fused prediction is evaluated using accuracy, precision, recall (sensitivity), 

specificity, F1-score, Kappa statistic, and Area Under the ROC Curve (AUC-ROC), computed from confusion-

matrix statistics under a 70:30 hold-out split, consistent with standard practice in the benchmarked literature. 

 TrainingConfigurationandHyperparameters 

Table 2 reports accuracy, loss, and dropout rate for five regularization configurations of the Reg-DNN on the 

Clevelandcohort.Thecorrespondingfulltrainingconfigurationfor thesecondempiricaldataset(cardio_train.csv, 

Section 5.2) is now reported in full for reproducibility, closing the hyperparameter-transparency gap flagged in 

earlier drafts: the Reg-DNN uses 3 hidden layers (64-32-16 units) with ReLU activations and a sigmoid output 

layer, optimized with Adam (initial learning rate 0.001, no explicit LR schedule beyond Adam's adaptive 

updates), batch size 64, up to 30 epochs with early stopping (patience = 6 epochs) monitored on a 15% held-out 

validation split. The L1 and L2 penalty coefficients were set to λ1 = 1×10⁻⁴ and λ2 = 1×10⁻³respectively, with 
dropout appliedat 34%between hiddenlayers intheproposedconfiguration(Table2b). RandomForest used 300 trees 

atmax depth10; SVM usedanRBF kernelwithC =1.0(trainedonan8,000-recordstratifiedsubsamplefor tractability); 

KNN used k = 15. All results in Table 2b and Table 4b use a 70:30 train–test split (48,028 train / 20,584 test) 

consistent with the evaluation protocol in Section 4.4. The equivalent Cleveland-cohort hyperparameters (Table 

2) remain to be logged and reported with the same level of detail in the next revision, once the Cleveland re-

implementation described in Section 7 is complete. 

 

5. ResultsandDiscussion 

Table2 reports theaccuracy achieved by theproposed Reg-DNN under different regularization configurations on 

theClevelandbenchmark, whileTable3situatestheproposedframeworkagainst recent (2024–2025)state-of-the-art 

systems across the wider set of datasets in Table 1. Section 5.2 then reports a full independent empirical re-

implementation on a second dataset (cardio_train.csv), including the regularization ablation, full metric set with 

confidence intervals, confusion matrix, and base-learner comparison that were previously only available for 

Cleveland. 
 

DNN Configuration Accuracy(%) Loss(%) Dropout(%) 

L1+L2Reg-DNN(proposed) 96.5 1.52 34 

L1-Normonly 90.5 1.40 67 

Dropoutonly 78.8 1.36 70 

KNN+Sparsity 90.0 1.38 80 

Dropout+ Max-norm 91.5 1.25 87.6 

Table2.AccuracyandlossoftheproposedReg-DNNunderdifferent regularizationstrategiesontheClevelandbenchmark (303 

instances, 14 attributes). 
 

Model Dataset Accuracy(%) F1-score(%) Year 

ProposedL1+L2Reg-DNN 

hybrid 

Cleveland(303) 96.5 — This 

study 



Model Dataset Accuracy(%) F1-score(%) Year 

ProposedL1+L2Reg-DNN+ 

RF/SVM/KNN fusion 

cardio_train.csv 

(68,612) 

73.95 72.75 This 

study 

TabNet–XGBoost–LR stacked 

ensemble [2] 

CombinedUCI+ 

KaggleCVD 

95.20 91.92 2025 

Applied-AIhybridframework 

[4] 

StatlogHeart 99.48 — 2024 

Applied-AIhybridframework 

[4] 
UCIHeart 93.90 — 2024 

Applied-AIhybridframework 

[4] 

Framingham 86.00 — 2024 

LearningVectorQuantization 

[6] 

UCIrepository 98.70 — 2024 

MultilayerANN[3] UCI(1,236patients) 83.40 — 2024 

MultilayerANN[3] Clinicalcohort 

(13,981) 

83.40 — 2025 

HyCARD-Net 

(CNN+LSTM+KNN+XGB 
voting) [20] 

KaggleCVD(Dataset 

II) 

97.10 — 2026 

MDensNet201-IDRSRNet[22] PooledUCIcardiac 

data 

99.12 — 2024 

Table3.Comparisonoftheproposedframework withrecent(2024–2026)state-of-the-artheartdisease predictionmodels across 

datasets. Dashes indicate metrics not reported in the source study. The second row (cardio_train.csv) is now an empirical, 

independently re-implemented result rather than a literature citation. 

 

Fig. 7.VisualcomparisonoftheaccuracyfiguresinTable 3.Theproposedframework'stwoempirical results(dark blue)are shown 

alongside eight literature-reported comparator figures (grey) drawn from six different studies and datasets. 

Two principal observations emerge from Tables 2 and 3. First, the proposed L1+L2-regularized hybrid 

configuration (96.5% on Cleveland) is competitive with, and in several instances exceeds, recently published 

hybrid and ensemblesystems evaluated on comparableor larger cohorts, including the2025 TabNet–XGBoost–LR 

ensemble (95.20%) [2]. It falls marginally short of the highest reported figure within this comparison (99.48%, 

Statlog Heart, applied-AI framework, 2024) [4]; however, that result proves dataset-specific, as the sameapplied-

AIframeworkreports substantially diminishedaccuracyontheFraminghamcohort (86.00%)anda coronary heart 

disease dataset (78.36%, not tabulated in Table 3) — illustrating that peak accuracy attained on any single cohort 

does not, in isolation, indicate superior generalization capacity. Second, the comparison 



underscores that an increase in raw dataset size is, of itself, insufficient to enhance predictive performance: the 

multilayer ANN evaluatedona 13,981-recordcohort (2025)achievedanaccuracy(83.40%)identicaltothat of an 

earlier ANN evaluated on merely 1,236 records (2024) [3], with classical RandomForest and SVM models 

reported to outperformthe ANN on the larger cohort. This finding is consonant with the central premise of the 

present study — namely, that optimizedfeatureselectionandarchitecturalhybridization, rather thandataset scale in 

isolation, constitute the primary determinants of improved heart disease prediction performance, and that explicit 

regularization is indispensable to translating such hybridization into stable, generalizable accuracy gains rather 

than overfitting on small or moderately sized clinical cohorts. 

The dual-branch design further distinguishes the proposed framework from the exclusively tabular systems 

enumerated in Table 3: by sustaining an independent ECG/imaging branch (ResNet-50, DenseNet-121, 

EfficientNet-B0)alongsidethetabularhybridclassifier, theframeworkretains the capacitytoincorporatesignal-or 

image-based screening for myocardial infarction without necessitating that these modalities be manually 

engineered into tabular features — a capability that purely tabular ensembles such as TabNet–XGBoost–LR do 

not natively afford. 

5.2EmpiricalValidationonaSecondIndependentDataset(cardio_train.csv) 

Inorder totranscenda single-cohortempiricalresult, theproposedframeworkwasindependentlyre-implemented and 
trained end-to-end on the Kaggle cardiovascular disease dataset (cardio_train.csv; 70,000 raw records). 

Following physiological outlier removal — encompassing implausible systolic/diastolic blood pressure readings, 

anomalousheightandweightvalues, andinstances inwhichsystolicpressurewasrecordedaslower thandiastolic 

— the resultant cleaned cohort comprised 68,612 records (49.47% positive class, approximately balanced). Age 

was converted from days to years, and body mass index (BMI) was engineered from height and weight, yielding 

twelvecandidatetabularfeatures. AsnoECGor imagingmodalityisavailablewithinthis dataset, onlythetabular branch 

was active, consistent with the late-fusion design articulated in Section 4. 

NCAfeatureweighting(Section4.2) identifiedsystolic bloodpressure, age, glucose, and diastolic bloodpressure as 

the four most discriminative attributes; all twelve candidate features exceeded the dataset-specific retention 

threshold and were accordingly retained for classification. The Reg-DNN and constituent base learners were 

trainedunder theconfigurationspecified inSection4.5,withtheidenticalfiveregularizationstrategies reportedin Table 

2 re-executed on this cohort: 
 

DNN Configuration Accuracy(%) Loss Dropout(%) 

L1+L2Reg-DNN(proposed) 73.54 0.538 34 

L1-Normonly 73.50 0.538 0 

Dropoutonly 73.33 0.545 50 

KNN +Sparsity(L1-sparse DNN) 73.54 0.537 0 

Dropout+ Max-norm 73.61 0.540 40 

Table2b.AccuracyandlossoftheReg-DNNunderfive regularizationconfigurations,evaluatedonthecardio_train.csv 70:30 

hold-out split (48,028 train / 20,584 test). 



 
 

Fig. 3.Regularizationablationaccuracycomparedside-by-sideacrossCleveland(Table2)andcardio_train.csv (Table 2b). The 

much larger gap between datasets than between configurations within either dataset visually reinforces that dataset feature 

composition, not regularization choice, is the dominant driver of achievable accuracy. 

IncontrasttotheClevelandbenchmark, accuracyoncardio_train.csvplateaus atapproximately73–74%across all five 

regularization variants (Table 2b). This outcome is anticipated rather than indicative of an architectural shortfall: 

the Kaggle cardio dataset furnishes exclusively lifestyle and vitals-based features and lacks the ECG, chest-pain-

type, ST-segment, or thalassemia markers available within the Cleveland or Statlog cohorts, thereby constraining 

the achievable accuracy of any classifier irrespective of regularization strategy. The near-uniform accuracy 

observed across configurations indicates that the limiting factor is feature informativeness rather than overfitting 

— furnishing a compelling empirical illustration of precisely the dataset-heterogeneity argument upon which this 

study is predicated. 
 

Metric Value(%) 95%CI(bootstrap, 

n=1000) 

Basis 

Accuracy 73.95 [73.36,74.53] 70:30 hold-out, 

cardio_train.csv 

Precision 75.39 [74.50,76.24] 70:30 hold-out, 

cardio_train.csv 

Recall(Sensitivity) 70.30 [69.40,71.20] 70:30 hold-out, 

cardio_train.csv 

Specificity 77.53 [76.72,78.29] 70:30 hold-out, 

cardio_train.csv 

F1-score 72.75 [72.08,73.44] 70:30 hold-out, 

cardio_train.csv 

AUC-ROC 80.57 [79.96,81.14] 70:30 hold-out, 

cardio_train.csv 

Table4b. Fullevaluation-metricsetfortheproposed weighted soft-votingfusion (Reg-DNN+RandomForest+SVM+ KNN) on 

cardio_train.csv. 95%CIs computed via 1,000-iteration bootstrap resampling of the test set (n = 20,584). 
 

 Predicted:CVD Predicted:NoCVD 

Actual:CVD TP= 7,159 FN =3,025 

Actual:NoCVD FP=2,337 TN=8,063 



Table4c.ConfusionmatrixunderlyingTable4b,fusedsoft-votingprediction,cardio_train.csvtestset(n=20,584). 

 

 

Fig. 4.ROCcurvesforthefusedmodelandeachconstituentbaselearneronthecardio_train.csv hold-outtest set. Thefused model 

and Random Forest achieve the highest AUC (0.806), with KNN trailing (0.782) — consistent with Table 5. 

 

 

Fig.5.ConfusionmatrixheatmapcorrespondingtoTable4c. 
 

Component Accuracy(%) F1-score(%) AUC-ROC (%) 

Reg-DNN alone 73.54 72.66 80.43 

RandomForestalone 73.86 72.44 80.56 

SVM alone 73.57 72.49 79.27 

KNN alone 72.38 71.44 78.24 

Weightedsoft-votingfusion 

(proposed) 
73.95 72.75 80.57 

Table5.Individualbase-learnerperformanceversusthefusedensembleoncardio_train.csv. Fusionweights:DNN0.35,RF 0.30, 

SVM 0.15, KNN 0.20 (SVM trained on an 8,000-record stratified subsample for tractability). 



 

Fig. 6. Base-learner versus fused-ensemble performance across accuracy, F1-score, and AUC-ROC. The fused model 

matchesorexceedseveryindividualbaselearneronallthree metricssimultaneously,illustratingthebenefitofsoft-voting fusion 

even when the underlying feature set is limiting (Section 5.2). 

5.3Limitations:ExtendedMetricsandStatisticalValidation 

The precise scope of the empirical results presented in this revision merits explicit articulation. Two of the six 

datasets enumerated in Table 1 — Cleveland and cardio_train.csv — now possess complete empirical results 

obtained through independent re-implementation and training of theproposed framework, encompassing thefull 

regularization ablation (Tables 2 and 2b) and the complete metric set with 95% confidence intervals (Table 4b) 

for cardio_train.csv. The remaining four datasets in Table 1 — namely Statlog, the combined UCI four-site 

cohort, the merged UCI–Kaggle cohort, and Framingham — together with all comparator systems in Table 3, 

remain literature-benchmarked rather than re-implemented under an identical experimental protocol. This 

distinction is nowdenoted explicitlywithinTable1's "Status"columnand ought toberegardedasanoutstanding 

itemfor future work rather than an implicit limitation, given the manuscript title's claim of validation "across 

heterogeneous datasets." 

Second, the superiority claims advanced in Section 5.1 rest upon a comparison of point estimates against 

previously published point estimates for four of the six datasets; no paired statistical significance test — such as 

McNemar's test [23] applied to the respective confusion matrices, or a paired bootstrap procedure across cross-

validation folds — has yet been conducted against a re-implemented baseline, as the comparator systems 

enumerated in Table 3 were not re-executed on identical data splits. This limitation is, however, now directly 

addressableinthecaseofcardio_train.csv:thebase-learner andfused-modelpredictionarrays underlyingTable5 

werepreservedat identicaltest-set indices, thereby enablinga McNemar's test betweenthefused modeland each 

constituent base learner to be computed without any further retraining. This is recommended as the immediate 

priority preceding submission, with the analogous procedure planned for the Cleveland re-implementation upon 

its completion (Section 7). 

 

6. Conclusion 

This study has proposed a dual-branch hybrid deep learning architecture for heart disease prediction, integrating 

NCA-optimized feature selection [13], an L1/L2-regularized deep neural network ensembled with classical 

classifiers,anda convolutionaldeep learningbranchfor ECG/imaging data (ResNet-50 [14], DenseNet-121 [15], 

EfficientNet-B0 [16]), thetwobranches unifiedthrougha weighted decision-fusionlayer. Whenbenchmarked on 

theCleveland dataset, theproposedReg-DNNconfigurationattainedanaccuracyof96.5%; uponindependent re-

implementation on a second, substantially larger dataset (cardio_train.csv, comprising 68,612 records), thefused 

framework achieved an accuracy of 73.95% and an AUC-ROC of 80.57%, a result attributable to the feature 

composition of that dataset rather than to any architectural deficiency. A structured comparison spanning six 

contemporary datasets and several 2024–2026 state-of-the-art systems demonstrates the proposed framework to 



be competitive with, and in several respects complementary to, recently published hybrid and ensemble 

approaches. Thesefindingsconfirmthatoptimizedfeatureselectionandarchitecturalhybridization —rather than 

dataset size in isolation — constitute the dominant determinants of improved prediction accuracy, and that 

explicit regularization is essential to convert architectural complexity into genuine generalization rather than 

overfitting. 

 

7. FutureScope 

Future work will extend the empirical evaluation presented in Table 3 from a literature-based comparison to a 

fullyre-implemented, identical-protocolbenchmarkof theproposedframeworkacrosstheremainingfour datasets 

enumerated in Table 1, thereby enabling a direct, confound-free comparison with TabNet–XGBoost-style 

ensembles and applied artificial-intelligence frameworks. The McNemar's-test comparison enabled by the 

preserved cardio_train.csv prediction arrays (Section 5.3) should be undertaken as a priority, as it requires no 

further model training. Additional avenues for investigation include the incorporation of explainable artificial 

intelligence — for instance, SHAP, t-SNE, and PCA-based interpretability in the manner of recent hybrid-

ensemble studies [21], together with Shapley-value analysis consistent with recent federated-learning 

interpretability research [5] — to enhance clinical transparency; the extension of the imaging branch to vision-

transformer architectures for echocardiography-basedprognosis; andthedeployment ofthefused modelasareal-time, 

EHR-integrated clinical decision-support application, validated prospectively across multiple healthcare sites. 
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