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Abstract: Cardiovascular diseases are the greatest cause of mortality in the world, and around 17.9 million people die at the end
of every year [WHO, 2023]. The present research is a Multimodal Fusion Framework (MFF-HD) that combines ECG signal
processing and demographic information to detect coronary artery disease (CAD). With the help of the PTB-XL dataset (n =21,799
patients with paired 12-lead ECG recordings and demographic characteristics), we trained a two-stage fusion model that takes an
ICA-based noise reduction network and a wavelet decomposition network and CNN-LSTM network topped with an ensemble-
based demographic analysis. The data were divided into training (70%), validation (15%) and test (15%) and stratified sampled.
The SMOTE oversampling was used to deal with class imbalance. The proposed framework achieved accuracy of 97.83% (95%
CI: 97.12-98.54%), sensitivity of 98.12% (95% CI: 97.45-98.79%), and specificity of 97.54% (95% CI: 96.82-98.26%) on the
held-out test set. Compared to the baseline XAI-HD framework, MFF-HD demonstrated improvement (McNemar's test, p < 0.001;
Bonferroni-corrected). SHAP-based explainability components ensure clinical interpretability. Limitations include absence of
external validation and single-center data origin.

Keywords: Multimodal data fusion, coronary artery disease detection, ECG signal processing, Demographic analysis, Deep
learning, Clinical decision support, Explainable Al

1. Introduction

The cardiovascular diseases (CVDs) represent the leading cause of mortality in all over the world with World
Health Organization (2020) reporting about 17.9 million mortalities annually indicating that 32 percent of the total
deaths worldwide is observed [32]. Coronary artery disease (CAD) which is marked in the presence of atherosclerotic
plaque within the coronary vessels is the most prevalent type of CVD, and therefore requires earlier diagnosis to
enhance patient response. The conventional forms of diagnosis have been based on an individual data modalities;
examining findings of electrocardiogram (ECGs) solely or in the case of clinical parameters in isolation [7, 8].

The cardiac electrical activity can be obtained through the electrocardiogram that is the main element of cardiac
diagnosis. Nevertheless, interpretation of ECGs is difficult because of inter-patient differences, noise, and subtle
pathology hidden in ECGs. At the same time, such demographic and clinical factors as age, sex, blood pressure, and
metabolic rates have an effect on the heart condition and the progression of the disease [9, 10]. Combining these
heterogeneous data sources opens up possibilities to all-purpose diagnostic systems.

The multimodal method of data fusion has become an option to overcome the drawbacks of unimodal
approaches to the field of medical diagnostics. Fusion techniques can be used to take advantage of complementary
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characteristics and decrease uncertainties by using multiple sources of information [1, 2, 3]. New developments in
machine learning have widened opportunities in multimodal integration, which is now able to extract a complex
pattern of high-dimensional data [4, 5, 6].

Current multimodal methods of detecting the heart diseases have some limitations. Numerous frameworks use
uncritical fusion approaches including early concatenation, which is not necessarily the best way to leverage
complementary information. Moreover, in interpretability, machine learning systems are found to be a barrier to
clinical adoption [22, 23, 24]. More importantly, most of the research presents a mixture of datasets, which lack paired
patient information, which makes fusion conceptually invalid.

One way to fill these gaps in this study is to suggest a Multimodal Fusion Framework of Heart Disease Detection
(MFF-HD). Notably, we work with the PTB-XL data set, in which paired ECGs and demographic data of the same
patients are available, which guarantees valid multimodal combination. The contributions consist of: (i) a full set of
ECG processing pipeline, including noise reduction using ICA, pattern recognition defined using CNN-LSTM, and
demographic analysis module achieved using an ensemble of services; (ii) an attentive fusion mechanism; (iii) SHAP-
based explainability; and (iv) strong experimental validation with proper statistical testing.

The targeted clinical deployment situation is the hospital setting of CAD screenings of patients with symptoms
of cardiac issues with both ECG recording and demographic data gathering being normative.

The rest of the paper is structured as under: Section 2 undertakes review of related work. The methodology is
outlined in section 3. Section 4 specifies experimental set up. Section 5 presents results. Section 6, gives discussion
with limitations. Section 7 concludes the paper.

2. Related Work
2.1 Multimodal Data Fusion in Healthcare

Health care Multimodal data fusion has found interest in healthcare cases. Cheng et al. [2] offered analysis on
fusion methods in which systems of merging heterogeneous medical data were laid down. Knowledge graph-based
fusion techniques using the semantic relationships among the modalities of data were proposed by Sun et al. [3].

Abuhamad et al. [4] have adopted an integrative fusion mortality prediction system, they have been able to
show how clinical data with demographics and physiology work better to predict prognoses than individual modalities.
A different study by Kang et al. [5] suggested the use of generative fusion approaches to health estimation based on
generative adversarial networks.

Hu et al. [1] considered the case of two-stage fusion to predict lymph node metastasis and showed that
hierarchical fusion architectures are more effective. Nikolaou et al. [6] applied multimodal methods to predict cancer
survival with the integration of imaging services, genomic, and clinical data.

2.2 Heart Disease Detection Using Machine Learning

The methods of machine learning in the heart disease detection have been developed during the last ten years.
Salau et al. [7] prepared a detection model on the basis of Support Vector Machines utilizing the feature selection.
Igbal et al. [8] studied the heart disease detection of clinical data learning. A machine learning based early detection
approach was suggested by Moolya and Gopalakrishna [9] and compared various classifiers on different patient
groups. The XAI-HD is an explainable Al framework suggested by Talukder et al. [10], which produces interpretable
predictions and retains accuracy at the same time.

2.3 ECG Signal Processing and Analysis

Automated cardiac diagnosis is based on the ECG signal processing. Lee et al. [11] came up with signal
processing algorithms that are formed on the independent component analysis (ICA). Power line interferences Sanxiu
and Shengtao [12] discussed the problem of removing power line interferences with the help of ICA-based methods.
Altay and Kremlev [13] gave the time-frequency domain analysis to the processing of ECGs. Gupta et al. [14]
suggested the PSO and the Random Forest-based ECG signal analysis along with the combination optimization and
ensemble learning. Gupta and Kumar [15] proposed a model of ECG signal analysis that uses deep learning structures.

2.4 Al and Machine Learning in Cardiology
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Deep learning has enhanced development of artificial intelligence in cardiology. Pushadapu et al. [16] have
discussed AI/ML applications in cardiology devices, which includes archiving applications in the realm of diagnosis,
up to treatment. Gunawardhina et al. [17] concentrated on the detection of atrial fibrillation and segmentation of the
scar of the left atria region using deep learning. Badnjevic and Spahic [18] worked on the field of biomedical signal
processing and acquisition. Whig et al. [19] considered the question of machine vision integration into biomedical
signal processing.

2.5 Clinical Decision Support Systems

Clinical decision support systems (CDSS) are feasible Al applications in health care. Muro et al. [20] created
multimodal CDSS software development architecture. Uvaliyeva [21] suggested intelligent CDSS architectural
models. Pardoux and Kerasidou [22] have investigated the issue of compliance and ethical aspects of Al-based CDSS.
Bai et al. [23] investigated the prehospital decision support system needs of users. The general description of
diagnostic CDSS was given by Hirosawa [24].

2.6 Predictive Analytics in Healthcare

Proactive healthcare has become a core element in predictive analytics. The paper by Reddy and Kumar [25]
was the first authoritative research to predict big data analytics in healthcare. Juyal [26] used deep learning in early
diagnosis. Badawy et al. [27] suggested predictive analytics framework in real-time using the combination of big data
and machine learning.

2.7 ECG-Based Cardiac Condition Diagnosis

Zhou et al. [28] proposed natural language supervision to detect 12-lead ECG. The automated cardiac diagnosis
systems were developed by Mohandas et al. [29] among the school children. Mougiakakou et al. [30] developed
platforms based on integrated and personalized CVD assessment. The systems of readmission risk assessment in
cardiovascular patients were developed by Zhu et al. [31].

3. Proposed Methodology

3.1 System Architecture Overview

The MFF-HD framework suggested has three modules, one being ECG Signal Processing Module, another is
Demographic Intelligence Module and the last is Attention-Based Fusion Engine. The framework works on
heterogeneous data input of the same patients, features in each modality will be extracted and combined to be used to
classify the data by CAD.

Critical methodological observation: In contrast to the research that involves the use of two completely disparate
datasets (e.g. Cleveland clinical data and PTB ECG database), we apply the PTB-XL dataset in which the source of
ECG recordings and demographic factors (age, gender, height, weight) have the same patients. This paired structure
has guaranteed valid multimodal fusion, because both modalities will share a single underlying patient condition
between the features associated with both modalities.

Out of the alleged 12-lead ECG signals, the ECG Signal Processing Module takes the raw data and integrates
preprocessing and feature extraction. In the module, noise removal is included with the use of ICA, baseline wander
correction, and power line removal, then followed by temporal, spectral, and morphological extraction of features. A
CNN-LSTM model stores complicated trends of processed data.

The Demographic Intelligence Module is an ensemble learning process that processes patient-specific clinical
information. The process of feature engineering creates more information attributes and the k-NN imputation takes
care of the missing data.

The Attention-Based Fusion Engine combines the features via a trained attention system which gives dynamic
weights according to classification relevance.
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Figure 1: System Architecture of the Proposed MFF-HD Framework

Figure 1 shows the general structure of the MFF-HD framework, which incorporates the ECG signal processing
with demographic intelligence using an attention-based fusion mechanism. The combined characteristics are then sent
to a classification layer to be binary predicted with the aid of SHAP-based explainability and SMOTE-based imbalance
control to enhance interpretability and the necessary strength.

3.2 ECG Signal Processing Pipeline

The ECG processing pipeline is used to process raw signals to discriminative features. Considering raw ECG
signal x(t) with a frequency of 500 Hz of sampling (frequency), the first stage of preprocessing is noise removal with
the ICA [11, 12]. The ICA decomposition decomposes the signal that is observed:

x(t) = As(t) (D

where A represents the mixing matrix and s(t) contains independent source signals. Baseline wander removal
uses a fourth-order Butterworth high-pass filter with cutoff frequency fc = 0.5 Hz. The normalized transfer function
is:

2n
His) = 1- (1 + (%) @
where wc = 2xfc represents the cutoff angular frequency and n = 4 is the filter order. Power line interference

at 50 Hz is attenuated using adaptive notch filtering [13].

After preprocessing, three feature categories are obtained, namely, temporal, spectral, and morphological.
ECG segmentation is performed with windows of 10 seconds (5000 samples at 500 Hz) and record-level classification
in which each patient record has a single prediction.

Temporal features denote characteristics-in time-domain such as RR-intervals and heart rate variability
(HRV). The SDNN (Standard Deviation of NN intervals):

SDNN = |(==)x Zi(RR; — RR)2  (3)
I

where N represents the number of RR intervals and RR is the mean interval duration.
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Spectral features are extracted using the Discrete Wavelet Transform (DWT). For a discrete signal x[n], the
DWT coefficients at scale j and position k are:

W, k] = Znx[n] X ;,«[n] “4)

J .
where 1, [n] = 272 x P(209™ — k) represents the scaled and translated discrete wavelet function.
Daubechies-4 wavelets are employed for decomposition to level 5. Statistical features including mean, standard
deviation, and energy are computed for each coefficient level.

Morphological features characterize ECG waveform shape and amplitude. R-peak amplitude AR, QRS
duration Tqrs, ST segment deviation AST, and T-wave characteristics are extracted using the Pan-Tompkins algorithm
with adaptive thresholding:

threshold = 0.25 X max(y) + 0.75 X mean(y) %)
where y represents the filtered and differentiated signal.
3.3 Deep Learning Architecture for ECG Analysis

Extracted ECG features are processed through a hybrid CNN-LSTM architecture. The convolutional layers
extract hierarchical feature representations:

7z = O‘(W(l) x 725D 4 b(l)) (6)

where z" represents the feature map at layer 1, WO denotes convolutional kernels, b® is the bias, and ¢
represents ReLU activation. The architecture employs three convolutional blocks with 64, 128, and 256 filters
respectively, followed by batch normalization and max pooling.

The LSTM component processes sequential features. The LSTM cell updates are:

fe = oWf - [hTYxd + bf) (7
ii = o(W; - [hehx] + by) ®)
o = oW, - [he,x] + bo) 9)
& = fr © et + iy Qtanh(We - [heh %] + be)  (10)
h: = o © tanh(c,) an

where f,, i;, o, represent forget, input, and output gates, ¢ is cell state, and h; is hidden state. The network
employs two stacked LSTM layers with 128 and 64 hidden units, followed by dropout (rate = 0.3).

3.4 Demographic Intelligence Module

The Demographic Intelligence Module processes patient attributes through ensemble learning. Input features
include age, gender, height, weight, and derived BMI from PTB-XL metadata. For extended analysis incorporating
clinical parameters, features include resting blood pressure, cholesterol levels, and exercise test results.

Feature preprocessing involves z-score standardization for continuous variables:
(x—u)
Xnorm =———0 (12)

where [ and o represent training set mean and standard deviation. Categorical variables use one-hot encoding.
Missing values are imputed using k-nearest neighbors (k = 5).

The ensemble combines Random Forest (200 trees, max depth = 10), Gradient Boosting (150 estimators, 1
= 0.1, max depth = 5), and SVM (RBF kernel, C = 1.0, y = 0.1) through weighted voting:

Pensemﬁle = Zi wj X Pi (] 3)
where P; represents probability from classifier i and w; represents optimized weights.

3.5 Attention-Based Multimodal Fusion
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Fusion of ECG features Fecg € R and demographic features Faemo € R is accomplished through
attention-based weighting. In our implementation, dE = 256 (CNN-LSTM output dimension) and dD = 64
(demographic feature dimension after encoding).

Both feature sets are projected to a common representation space of dimension d = 128:
Zecg = Wecg X Fecg + becg 14)
Zaemo = Waemo x Faemo + baemo (15)

where Weeg € RN128%256), Waemo € RN(128%64). Attention weights for modality m € {ECG, Demo} are
computed as:

an =exp(v," xtanh(W, x Z,))

Ziexp(vy" X tanh(W, X Z;)) (16)
where v, € R*128 and W, € R*(128x128) are learnable parameters, and the summation is over both
modalities j € {ECG, Demo}. The fused representation is:
Ffused = ae.cg X Zocg @D Qaemo X Zaemo 17
where @ denotes concatenation, yielding Ffused € R"256.

For binary CAD classification, the fused features are processed through fully connected layers with sigmoid
output:

P(y = 1|Ffused) = 6(Wou X ReLUW? X ReLUW?! X Ffused + b))+ b2) + bou) (18)
where o denotes the sigmoid function appropriate for binary classification.

3.6 Explainability Module

For clinical interpretability, SHAP (SHapley Additive exPlanations) values are computed. For each
prediction, feature importance scores are:

@i = ZAS S ARSI x (IFI =S| =D/ |FI] x [fSV{) — £ (19)

where S represents a feature subset, |F| is total features, and f(S) is model prediction using features in S. This
provides global feature rankings and local explanations [10, 22].

3.7 Class Imbalance Handling

To address class imbalance in the dataset (CAD positive: 45.2%, negative: 54.8%), we employed Synthetic
Minority Over-sampling Technique (SMOTE) on the training set only. SMOTE generates synthetic samples by
interpolating between existing minority class samples:

XneW = Xi + 4 X (% — x1) (20)

where x; is a minority sample, x; is one of its k=5 nearest neighbors, and A € [0,1] is a random number.
SMOTE was applied after train-test splitting to prevent data leakage, and only to the training fold during cross-
validation.

4. Experimental Setup

4.1 Dataset

In this research, the PTB-XL dataset [33], a publicly available large-scale electrocardiography dataset
comprising of 21,799 clinical 12-lead ECG records of 18,869 individuals, will be used. More importantly, the
demographic metadata of every ECG record (age, gender, height, weight) of the same patient is also provided in order
to allow valid multimodal fusion. Sampling rate of ECG is S00HZ and 16 bits. Labels on records are in accord with
the SCP-ECG standard in which diagnostic statements are written on the record.

In this research we have obtained binary CAD labels according to diagnostic codes of myocardial infarction
(M), ischemic changes and coronary artery disease patterns. It includes 15,234 records, having eliminated records
with ambiguous diagnoses, 6886 CAD-positive (45.2) and 8348 CAD-negative (54.8).
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Ethical statement: There was no ethical approval to be obtained since the PTB-XL dataset is accessible publicly
with the anonymized patient data. The data is under open database license (ODbL) v1.0.

4.2 Data Splitting and Cross-Validation

Data were split into training (70%, n = 10,664), validation (15%, n = 2,285), and test (15%, n = 2,285) sets
using stratified sampling to maintain class proportions across splits. The test set was held out throughout model
development and used only for final evaluation.

The methodology used to select the model involved 5-fold stratified cross-validation using the training set to
tune the hyperparameters of the model. The entire preprocessing such as standardization, feature selection (RFECV)
and SMOTE oversampling were conducted within each cross-validation fold, to avoid no information leaking out.

4.3 Hyperparameter Selection

Hyperparameters were optimized using Bayesian optimization with Tree-structured Parzen Estimator (TPE)
over 100 iterations. The search space included: CNN filter sizes (32-256), LSTM hidden units (32-256), dropout rates
(0.1-0.5), learning rates (le-4 to 1e-2), and ensemble classifier parameters. The optimal configuration was selected
based on validation set AUC-ROC.

4.4 Implementation Details

The framework was implemented in Python 3.9 using TensorFlow 2.10 for deep learning and scikit-learn 1.2
for traditional machine learning. The CNN-LSTM architecture was trained using Adam optimizer with initial learning
rate 0.001 and exponential decay. Training proceeded for 100 epochs with batch size 32 and early stopping (patience
= 15 epochs) based on validation loss. Experiments were conducted on a workstation with NVIDIA RTX 3090 GPU,
Intel Core 19-11900K, and 64GB RAM.

4.5 Evaluation Metrics

Performance was evaluated using accuracy, sensitivity, specificity, precision, Fl-score, and AUC-ROC.
Confidence intervals (95%) were computed using bootstrap resampling (n = 1000 iterations) on the test set.

Table 1: Evaluation Metrics Definitions

Metric Formula
Accuracy (TP+TN) /(TP + TN + FP + FN)
Sensitivity TP/ (TP + FN)
Specificity TN /(TN + FP)
Precision TP/ (TP + FP)
F1-Score 2 x (Precision x Sensitivity) / (Precision + Sensitivity)

4.6 Statistical Testing

Pairwise classifier comparisons used McNemar's test with continuity correction. For multiple comparisons (7
baseline methods), Bonferroni correction was applied (adjusted significance threshold: o = 0.05/7 = 0.007).
Additionally, we report calibration using Brier score and conduct decision curve analysis to assess clinical utility at
different threshold probabilities.

4.7 Baseline Comparisons

MFF-HD was compared against: (i) SVM with clinical features [7]; (ii)) Random Forest with clinical features;
(iii)) CNN-based ECG classification; (iv) LSTM-based ECG classification; (v) Early fusion (concatenation); (vi) Late
fusion (averaging); and (vii) XAI-HD framework [10].

5. Results

5.1 Overall Performance Comparison
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Table 2 presents comparative performance with 95% confidence intervals. Statistical significance markers
indicate results of McNemar's test against MFF-HD with Bonferroni correction.

Table 2: Performance Comparison (values in %). **p < 0.001 vs. MFF-HD (McNemar's test, Bonferroni-

corrected)

Method Acc (95% CI) Sen (95% CI) Spec (95% CI) | AUC-ROC
SVM** 84.52 (83.1-85.9) | 85.21(83.6-86.8) | 83.78 (82.1-85.4) 0.891
REF** 86.87 (85.5-88.2) | 87.42(85.9-88.9) | 86.28 (84.7-87.8) 0.912
CNN (ECG)** 89.34 (88.1-90.6) | 90.15 (88.8-91.5) | 88.47 (87.0-89.9) 0.934
LSTM (ECG)** 90.21 (89.0-91.4) | 91.08 (89.8-92.4) | 89.29 (87.9-90.7) 0.941
Early Fusion** 93.45 (92.4-94.5) | 94.22 (93.1-95.3) | 92.63 (91.4-93.8) 0.956
Late Fusion** 92.78 (91.7-93.9) | 93.51(92.4-94.6) | 91.97 (90.7-93.2) 0.949
XAI-HD [10]** 95.67 (94.8-96.6) | 96.38 (95.4-97.3) | 94.89 (93.8-96.0) 0.973
MFF-HD (Ours) | 97.83 (97.1-98.5) | 98.12 (97.4-98.8) | 97.54 (96.8-98.3) 0.989

AUC-ROC

Comparison of AUC-ROC Across Different Methods

1.0 +

0.8 4
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Figure 2: Comparison of AUC-ROC Across Different Methods

The bar graph will approximate the comparative performance of the models (SVM, RF, CNN, LSTM) with
respect to the AUC-ROC of the baseline models (SVM, RF), the fusion strategy (Early and Late Fusion), XAI-HD,
and the proposed MFF-HD framework. Confidence of the MFF-HD model The proposed model is the model in which
AUC-ROC (0.989) is the greatest, making it the best-classification model to use compared to the existing methods.

5.2 Confusion Matrix
Table 3 presents the confusion matrix for MFF-HD on the held-out test set (n = 2,285).

Table 3: Confusion Matrix for MFF-HD (Test Set, n = 2,285)
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Predicted CAD+ Predicted CAD-

Actual CAD+ 1012 (TP) 19 (FN)

Actual CAD- 31 (FP) 1223 (TN)

5.3 Calibration and Decision Curve Analysis

The Brier score was used to evaluate model calibration, MFF-HD produced the Brier score of 0.018, which was
a well-calibrated estimate of the probability. The Hosmer-Lemeshow test gave p = 0.42, which proves the absence of
poor calibration.

Analysis of the decision curve (Figure 2, not shown) prescribed a positive net benefit at threshold probability
values of 0.1 to 0.9, thus showing clinical utility at a continuum of decision thresholds that is applicable in CAD
screening situations.

5.4 Sensitivity-Specificity Tradeoff

Analysis of the ROC curve (Figure 1, not shown) reveals the sensitivity-specificity tradeoff at different
classification thresholds. At the default threshold of 0.5, the model achieves balanced performance (sensitivity:
98.12%, specificity: 97.54%). For high-sensitivity screening (threshold = 0.3), sensitivity increases to 99.2% with
specificity of 94.8%. For high-specificity confirmation (threshold = 0.7), specificity increases to 99.1% with
sensitivity of 95.3%. The clinical deployment scenario should determine threshold selection.

5.5 Ablation Study
Table 4 presents ablation results demonstrating component contributions.

Table 4: Ablation Study Results

Configuration Accuracy (%) AUC-ROC
MFF-HD (Full Framework) 97.83 0.989
Without Attention Mechanism 94.56 0.962
Without ICA Preprocessing 95.21 0.967
Without Ensemble (Single SVM) 96.12 0.975
Without SMOTE 96.45 0.978
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Ablation Study: Accuracy Comparison
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Figure 3: Ablation Study Results

The graphs depict how the removal of major elements of MFF-HD framework affects the Accuracy and AUC-
ROC. The entire framework has the best performance (97.83 percent accuracy, 0.989 AUC). The deletion of the
attention mechanism, ICA preprocessing, ensemble learning, or SMOTE leads to the decline of the performance,
which indicates the role of each part in the effectiveness of the overall model.

5.6 Fairness Analysis Across Demographic Groups

To assess potential algorithmic bias, we evaluated performance across demographic subgroups. Table 5 presents
stratified results.

Table 5: Performance Across Demographic Subgroups

Subgroup n Accuracy (%) AUC-ROC
Male 1,342 97.91 0.990
Female 943 97.67 0.987
Age <50 687 97.52 0.986
Age 50-70 1,089 98.07 0.991
Age>70 509 97.84 0.988
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Figure 4: Performance Across Demographic Subgroups

Both the graphics depict the model performance by gender and subgroups by age. The given MFF-HD
framework has a very high level of Accuracy and AUC-ROC in all age groups, with a marginally higher score at the
50-70 age range, which makes it quite robust and unbiased towards all population groups.

Performance was consistent across gender and age subgroups, with accuracy ranging from 97.52% to 98.07%
and AUC-ROC from 0.986 to 0.991. The maximum disparity in accuracy (0.55 percentage points) and AUC-ROC
(0.005) suggests acceptable fairness properties, though validation on more diverse populations is needed.

5.7 Uncertainty Quantification

Uncertainty of prediction was calculated by the Monte Carlo (MC) dropout on the prediction with 50 forward
passes. Mean predictive entropy of correctly classified samples was 0.08 (SD=0.05), with the wrong classification
having 0.31 (SD=.12). This implies that the model is suitable in depicting greater uncertainty in challenging cases,
and therefore can be used in clinical decision support where the uncertainty awareness would be a useful factor to
consider.

5.8 Computational Efficiency Comparison
Table 6 compares computational requirements across methods.

Table 6: Computational Cost Comparison

Method Train Time Inference (ms) GPU Mem (GB)
SVM 2 min 0.5 N/A
CNN (ECG) 25 min 12 1.8
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XAI-HD 35 min 18 2.1

MFF-HD (Ours) 45 min 23 2.3

MFF-HD requires moderately higher computational resources than baselines, with training time of 45 minutes
and inference time of 23 ms per sample. This remains acceptable for clinical deployment, as inference time is well
below real-time requirements.

6. Discussion
6.1 Summary of Findings

This paper created and tested MFF-HD a model that fused ECG signals with demographics to detect CAD. On
the paired patient data given by the PTB-XL dataset, we showed that attention-based fusion of the two modalities
yielded an accuracy of 97.83 percent, which is higher than the unimodal and other modalities fusion methods
(McNemar, p <0.001, Bonferonni corrected).

6.2 Clinical Implications

The high sensitivity of the given framework (98.12) can indicate its applicability to screening situations
associated with severe repercussions of the lack of CAD cases. The specificity of the test was 97.54% showing
acceptable false positive. Nevertheless, such findings should be viewed with caution since there was no external
validation. The attention mechanism offers a certain level of interpretability in stating which modality contributed
more into a particular prediction, but this does not imply the entire process of decision making.

6.3 Advantages and Contributions

The most important methodological input is a demonstration of valid multimodal fusion based on a paired data
of ECG and demographic data. Past workplace disparate datasets (such as Cleveland clinical information and
individual ECG databases) mix fusion of individual data with patterns at a population level, the two are conceptually
distinct. Our methodology will be able to make certain that fused features are of the same patient. The attention-based
fusion mechanism performs better than both early fusion (4.38 percentage points) and late fusion (5.05 percentage
points), which indicates that the adaptive weighting of modalities either by patient-specific legitimate personal features
can be of meaningful use.

6.4 Limitations

The limitations of the present study are numerous, and they do limit the interpretation and generalizability:
First, the fact that it is not externally validated is a significant drawback. All the results are predetermined with internal
validation on the basis of the held-out test set of the same institution (PTB-XL of Physikalisch-Technische
Bundesanstalt). It has been shown to worsen the performance in the cases of other clinical settings, patient populations,
or ECG acquisition equipment. Second, the PTB-XL data is derived in a German institution, which narrows down the
demographics. There is a lack of information on performance between different ethnicities and healthcare systems.
The test of fairness between age and gender groups in this data is not a replacement of validation in various groups.
Third, in the case of our study where we used SMOTE to solve the issue of class imbalance, the distribution of the
classes (45.2% positive) presents an average level of imbalance. Further assessment of performance in the
environments experiencing more severe imbalance is necessary. Fourth, the CAD definition used in this study is
associated with more than one diagnostic code. European classification can be further subdivided to achieve finer
differentiation between acute MI and chronic ischemia, but it was not studied. Fifth, demographic features that can be
offered in PTB-XL include those of age, gender, height and weight. More clinical information (laboratory values,
medical history, medications) may have potentially better performance but needs datasets to have a combination of
these items. Sixth, although the quantification of uncertainties, through MC dropout, is in place, the model can
overconflict in certain situations. It needs to be prospectively validated with the relationship between expressed
uncertainty and clinical risk.

6.5 Comparison with Related Work

The reported performance metrics are larger than those used in some previous studies and this may be partly
attributed to differences in datasets, definitions of labels and evaluation procedures and not necessarily due to
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methodological progress. All these factors make comparing studies directly complex. The main addition is the
methodologically sound multimodal integration and not uncooked performance figures.

6.6 Generalization Considerations

There are a few challenges with the model generalization to clinical practice. The quality of ECG signals
depends on equipments and conditions of the acquisition. Deployment data may not match training data on patient
demographics. It is needed to integrate with the clinical workflows and develop interfaces and validate them. It
requires prospective research to evaluate clinical decision-making and actual performance.

6.7 Ethical Considerations

Al-based diagnostic instruments provoke an ethical question of algorithmic bias, responsibility in the case of
mistakes, and proper human intervention. Although our analysis of fairness indicates fair within-dataset consistency
conduct, more validation is required. Clinical application models should not disrupt physician control and Al can be
used in the form of decision support, but not independent diagnosis. It is necessary to communicate clearly concerning
the abilities and constraints of the models.

6.8 Future Directions

Future research needs to focus on: (i) external validation on independent data sets at other institutions; (ii) future
clinical trials on workflow integration and patient outcomes; (iii) scaling to multi-class diagnosis of particular cardiac
disorders (iv) the use of other data modalities where paired data exist; (v) federated learning methods that can enable
multi-institutional training and maintain privacy; and (vi) aims at studying temporal models to address continuous
monitoring applications.

7. Conclusion

In this paper, I have introduced MFF-HD, a model that combines ECG signal processing and demographic
information to detect CAD. With paired patient data available in the form of the PTB-XL dataset, we were able to
show that attention-based fusion yields 97.83% accuracy (95% CI: 97.1298.54%), and the performance is supported
by demographic subgroups of the population. The framework provides a methodological gap in multimodal medical
diagnosis as it provides proper fusion of patient-specific data.

Lack of external validation is a major drawback since it cannot be used clinically unless its validity is confirmed.
Further studies are necessary in the future on multi-institutional validation, prospective clinical trials, and to larger
groups of patients. The article gives advancement to the multimodal Al devices in the diagnosis of the heart diseases
and the methodological precautions taken in the valid integration of the data.
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