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ABSTRACT 

Cardiovascular diseases (CVDs) are also one of the most important causes of death internationally, making 
risk prediction essential for early detection. The traditional paradigm heavily demarcates physiology-based 
markers, i.e., ECG, BP, and lipid profiles, while overlooking all the neurological and cognitive dimensions 
that cardiometabolic health can affect. While brainwave patterns, mental performance, and cardiac risk 
factors all have significant and clinically relevant associations individually and have recently been 
incorporated, these modalities have rarely been incorporated into a unified diagnostic paradigm. Existing 
models are mostly unimodal and use shallow or domain-specific machine learning techniques that do not 
capture inter-modality relations and temporal dynamics in a complex fashion. To address these limitations, 
we propose a novel AI-powered, multi-modal deep learning framework for early cardiac risk prediction: 
NeuroCardioAI. Leveraging EEG, cognitive test performance, and cardiovascular indices, the system enables 
modeling of multimodal health states. At the heart is BrainWaveHeartNet, a new hybrid CNN-Transformer 
architecture that extracts spatial patterns from EEG and sequential semantics from cognitive markers  and 
fuses them with cardiovascular data at various levels using an attention-based fusion layer. We showed 
through extensive experiments on publicly available EEG and cardiovascular datasets that AUC-ROC of 
98.63%, accuracy of 96.89%, precision of 96.40%, and recall of 97.10% can be achieved, significantly 
outperforming baseline models Interpretable Representation Learning for Empathetic Neural Conversation 
Models: Code for Healthy or Unhealthy Emotion Detection Methods (i.e. SVM, Random Forest, XGBoost). 
The modality gains are additive to performance, which is further validated with an ablation study. The model 
here has a scalable, non-invasive, real-time approach that is best suited to clinical (and memoir-based) 
preventative healthcare.) A major step in the direction of the convergence of neurocognition and cardiac-
related diagnostic solutions, NeuroCardioAI is at least a step towards holistic, patient-centered, and proactive 
mitigation of cardiovascular risk. 
Keywords - Cardiac Risk Prediction, EEG Signals, Cognitive Markers, Deep Learning, Multi-Modal Fusion 

1. INTRODUCTION  

Despite recent advances, a major research 
problem remains in integrating neurological, 
cognitive, and cardiovascular information within 
a unified framework for cardiac risk prediction. 
Existing approaches predominantly rely on 
physiological and clinical indicators, while EEG-
based brain activity and cognitive markers are 
generally analyzed independently. This limits the 
ability to capture complementary relationships 
between brain activity, cognitive function, and 

cardiovascular status. Therefore, this study aims 
to develop NeuroCardioAI, a multimodal deep 
learning framework that integrates EEG signals, 
cognitive markers, and cardiovascular parameters 
using modality-specific feature extraction and 
attention-based fusion. The significance of this 
study lies in providing a unified approach that can 
exploit complementary multimodal information 
and improve the accuracy and comprehensiveness 
of cardiac risk prediction. One of the most 
widespread causes of mortality in the world is 
associated with CARDIOVASCULAR 
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DISEASES (CVD) as there are numerous forms 
of illness and financial problems. Conventional 
methods of cardiac risk predictors tend to rely on 
the physicochemical measurements such as blood 
pressure, lipid panel measurements, and 
electrocardiogram Readings. Although these 
metrics are essential, they may not capture the 
neurological aspects that seem to become relevant 
in the latest research. Novel research has reported 
that brainwave patterns and indicators of 
cognitive function predict risk of several different 
outcomes, including cardiovascular abundance 
[1], [2]. Yet psychological measures are rarely 
integrated into cardiac risk prediction models and 
cannot provide a broad-based, individually 
tailored diagnostic appraisal. As wearable EEG 
devices and high-dimensional cognitive test data 
become more widely available, it is timely to 
leverage artificial intelligence to cross this gap. 

Recent literature has reported promising 
advancements in the application of deep learning 
to EEG signals for emotion detection [1], seizure 
prediction [7], and depression analysis [3].  
However, these models are unimodal, treating 
either a neurological or cardiac dimension in 
isolation. These works usually use generic CNN 
or DNN architectures  and cannot fully exploit 
complicated biomedical signals' sequential and 
semantic characteristics. Finally, there are hardly 
any efforts to bring EEG and cognitive features 
with cardiovascular data into a unified, multi-
modal AI framework for comprehensive cardiac 
risk prediction. This limitation reflects the urgent 
requirement for a new approach that utilizes 
hybrid deep learning architectures to take 
advantage of the complementary nature of these 
varied signals. 

This research aims to develop the NeuroCardioAI 
framework that integrates EEG brainwave 
patterns, cognitive function markers, and 
cardiovascular metrics using a deep learning 
approach for early and accurate risk detection, 
including cardiac events. Central to our system is 
BrainWaveHeartNet, a hybrid CNN-Transformer 
model that captures spatial and temporal features 
across modalities and integrates them using an 
attention-based framework. Furthermore, the 
proposed framework is non-invasive, scalable, 
and performs better than state-of-the-art models. 

Specifically, this work makes the following 
contributions:  we design a multi-modal 
architecture to record EEG, cognitive and 

cardiovascular data for cardiac risk assessment, ii) 
we develop BrainWaveHeartNet model 
containing CNN and transformer based 
components for robust feature extraction and 
sequence modeling, iii) we implement elaborate 
experiments yielding a significant increase over 
baseline models performance, i.e., up to 16.65% 
NMI, and up to 6% ACC and 12% F1 weighted 
scores (p<0.05) in average and 5/6 subjects take a 
significant advantage with less initial models 
hyper-parameter search, and iv) we conduct an 
extensive feature importance analysis and 
interpretability ablation study to justify the design 
and effectiveness of the model. 

The rest of the paper is structured as follows: 
Section 2 gives the related work on EEG analysis, 
cognitive modelling, and cardiac risk prediction. 
In Section 3, we present the proposed 
NeuroCardioAI framework and the architecture of 
BrainWaveHeartNet. The following four sections 
elaborate on the experimental setup, the 
performance investigation, and the comparison 
with current state-of-the-art models. Section 5 
discusses results, study limitations, and 
implications for clinical deployment. Section 6 is 
the conclusion section of the paper and possible 
directions for future research. 

2. RELATED WORK 

This literature review discusses the recent 
achievements in EEG based analytics, cognitive 
monitoring, and AI-driven cardiac risks and brain-
health prediction. The Priyadarshani et al. [1] 
proposed a feature extraction combined with deep 
learning model and advanced preprocessing to 
recognize emotions using EEGs and the 
identification of emotions is made with high 
accuracy as opposed to traditional algorithms. In 
their discussion of EEG use in a brain-computer 
interface to identify emotions, Dutta et al. [2] 
mentioned the interference of noise and the 
inadequate spatial resolution. Chung et al. [3] 
offered a multi-tier ensemble learning approach 
that is more effective than the existing approaches 
and is able to evaluate depression based on EEG. 
Kim et al. [4] provided a real-time 
implementation that can forecast weariness of 
workers at construction site using IoT and 
ensemble learning, enhancing safety and reducing 
hazards. Analyzing the privacy concerns related 
to head-worn EEG, Mandal and Saxena [5] 
analyzed potential attacks and emphasized the 
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fact that privacy and protection had to be ensured 
in the case of BCIs. 

Liu and Ardakani et al. [6] suggested an emotion-
based e-learning system that uses KNN and EEG 
to tailor information, increasing student happiness 
without significantly impacting engagement or 
learning. Ahmed et al. [7] examined machine 
learning-based strategies for automated seizure 
identification in children with epilepsy, 
emphasizing techniques used on the CHB-MIT 
EEG database. Khiani et al. [8] addressed existing 
approaches by implementing a Bi-LSTM-based 
intelligent healthcare system for automated 
epileptic seizure detection using Internet of 
Things devices and cloud-based patient data. 
Kamousi et al. [9] evaluated the seizure detection 
capabilities of Claritγ, demonstrating substantial 
negative predictive value, sensitivity, and 
specificity. Restrictions: Limited sample size. 
Future research: More extensive and varied 
datasets. Hammadi et al. [10] suggested an 
LSTM-based EEG system that outperforms 
logistic regression in detecting insider threats, 
with an accuracy of 80%. There are no limitations 
stated. Future research: Additional validation 
using various datasets. 

Zhang et al. [11] created DeepKey, a multimodal 
biometric system with limited real-world 
scalability that uses gait and EEG and has good 
accuracy. Buerkle et al. [12] developed an EEG-
based technique to forecast human movement 
intentions and increase human-robot 
collaboration safety. The precision and real-time 
implementation of the system will be improved in 
future development. Wadhera and Kakkar [13] 
used graph theory to investigate whole-brain 
networks in ASD and find neural markers for 
better ASD categorization. Metric improvement 
and broader clinical applications may be the main 
topics of future research. Sengupta et al. [14] 
detected cognitive weariness using EEG signal 
entropy, with results confirmed by 
neuropsychological testing. Methods for detecting 
weariness may be improved in future research. 
Murugappan et al. [15] examined the possibility 
of predicting SCA before the beginning of VF 
using ECG morphological characteristics (R-
Tend), with classification accuracy. Real-time 
prediction systems might be investigated in future 
research. 

Delmastro et al. [16] proposed a personalized 
therapy as a mobile system and examined 
wearables to monitor the stress of cognitive and 

motor training of frail older adults. Future studies 
could enhance stress predictions and their 
response with the medical systems. Attar et al. 
[17] explored the correlation between EEG and 
HRV to analyze the stress and defined critical 
points that should be improved to provide better 
stress measurement and management. Future 
studies could focus on developing better methods 
of stress management on-the-fly. Fernando et al. 
[18] provided an in-depth review of the 
approaches the deep learning has to recognize 
medical anomalies, identifying their weakness 
and proposing future research. Future studies may 
focus on existing problems resolving and making 
models easier to comprehend. Benghanem et al. 
[19] tested the predictive value of EEG and EPs in 
the neurological outcomes of cardiac arrest 
patients in the coma, thus suggesting possible 
breakthroughs in neurophysiological testing. 
These techniques might be improved in future 
research to lower prognostic uncertainty. 
Engemann et al. [20] defined criteria to the 
machine learning models to estimate brain age 
that work with M/EEG to provide reliable results 
in diverse demographics. Future studies may also 
diversify to additional therapeutic applications 
and better methods of dealing with the complexity 
of real world M/EEG signals. 

Hofmann et al. [21] uncovered the process and 
patterns of aging and risk factors by determining 
brain characterizations that can be used to 
estimate brain-age with both deep learning and 
LRP. In future studies, models should be 
enhanced to account age-related changes in 
different demographics. Natale et al. [22] 
evaluated iRBD prediction biomarkers and 
suggested using a multimodal method. 
Longitudinal studies for early intervention should 
be the main focus of future research. Zhang et al. 
[23] developed an RSF model that uses machine 
learning to predict the [30 days] death in elderly 
patients with sepsis and outperform traditional 
scoring approaches. Further investigation can 
focus on clinical integration and further 
improvement of the models. The approach used 
by Bhowmik et al. [24] to achieve a score of 0.76 
in terms of fitness is an unsupervised K-means 
clustering solution to subdivide mental stress into 
three groups. Further studies can be carried out on 
the real-time application and enhance clustering 
methods. The models, data modalities, and 
features of machine learning methods to detect 
early Alzheimer events were emphasized by 
Niyas and Thiyagarajan [25]. Further studies 
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could enhance algorithms that would enable more 
accurate prognosis and early diagnosis. 

Bhatt et al. [26] assessed the challenges and 
opportunities of AI/ML use in cognitive behavior 
analysis in for forensics and mental health. 
Ranson et al. [27] reviewed the AI and ML in 
dementia research, highlighting the advantages 
and issues in clinical trials, drug development and 
genetics. The primary objectives of future 
research could be to enhance clinical integration 
and AI validation towards precision medicine. 
Yassin et al. [28] reviewed the application of 
machine learning in detecting biomarkers to 
psychosis, and its importance in diagnosing, 
prognosis, and treatment. Future studies can focus 
on individualized and noninvasive methods to the 
practice of therapy. Brazaitis and Satas [29] 
assessed how well 10-minute breaks worked 
during seven-hour cognitive activities. Results 
indicated that breaks did not prevent cognitive 
tiredness. The drawbacks include the small 
sample; it is possible that the researchers will 
conduct their studies over the recovery time, or 
how to counteract mental fatigue in the future. 
Ibrahim et al. [30] compared EEG changes with 
TOF patients after surgery and found the 
significant differences in alpha and delta waves. 
Some of the limitations include the short follow-
up. Long-term cognitive testing with regard to 
testing the effects of EEG wave dominance should 
also be the focus of future research. 

Seoni et al. [31] examined strategies for 
estimating uncertainty in healthcare AI models, 
emphasizing Bayesian approaches. Physiological 
signals should be investigated in future research. 
Malcangi and Nano [32] created a wearable 
biofeedback device that enables e-health 
applications using an evolving fuzzy neural 
network for prediction. Hutson et al. [33] 
identified possible biomarkers for SUDEP and 
seizures by examining neuro-cardio-respiratory 
network impairment in mice at risk for SUDEP. 
Teng et al. [34] examined cardiovascular 
autonomic dysfunction (AD) in cancer survivors, 
outlining knowledge gaps and the need for more 
study while talking about causes, diagnostic 
methods, and therapies. Pan et al. [35] suggested 
using the Enhanced Deep Learning Assisted 
Convolutional Neural Network (EDCNN) to 
diagnose heart disease, outperforming 
conventional risk prediction techniques. 
Limitations and future research entail feature 
selection and more hyperparameter adjustments. 

Shamshirband et al. It identifies problems and 
offers a future research agenda with 
recommendations to improve interpretability and 
solution mining of deep learning in healthcare 
[36]. Sahoo et al. The work described in [37] 
reviews cardiac arrhythmia detection methods 
based on ECG, discusses their merits and 
demerits, and conveys future research to improve 
detection. Ghosh et al. A hybrid machine learning 
model for predicting heart disease was proposed 
in [38], in which heart disease prediction was 
done with Relief feature selection and RFBM on 
302 patients’ data with 99.05% accuracy. Coutts 
et al. [39] explored using wearable HRV data to 
provide up to 83% accuracy in predicting health, 
stress, anxiety, and depression. Qureshi et al. The 
work goes on [40], which discusses M-Health 
systems and proposes a machine learning-based 
prediction model for classifying cardiovascular 
diseases. This review has elucidated various 
applications of deep learning and machine 
learning implemented in EEG signal processing 
and emotion detection, seizure prediction, stress 
monitoring, brain–heart interaction, and cardiac 
risk assessment. These contributions include 
CNN, LSTM, and ensemble models, and have 
focused on aspects such as interpretability, 
privacy, and real-time monitoring in mental, 
neurological, and cardiovascular diseases. 

Overall, existing studies demonstrate the 
effectiveness of CNN, LSTM, Transformer, 
ensemble learning, and conventional 
machine learning methods for EEG analysis, 
cognitive assessment, and cardiovascular risk 
prediction. However, most existing 
approaches focus on a single modality or 
address neurological and cardiovascular 
information separately. Consequently, the 
cross-modal relationships between EEG 
activity, cognitive performance, and 
cardiovascular indicators remain 
insufficiently explored. In addition, 
conventional approaches often rely on 
manually derived or static features and do not 
adequately model the spatial, temporal, and 
inter-modal dependencies of heterogeneous 
biomedical data. To address these limitations, 
the proposed NeuroCardioAI framework 
integrates EEG, cognitive markers, and 
cardiovascular parameters through modality-
specific feature extraction and attention-
based multimodal fusion. 
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BrainWaveHeartNet further combines CNN-
based EEG representation learning with 
Transformer-based feature processing to 
provide a unified approach for cardiac risk 
prediction. 

3. PROPOSED FRAMEWORK 

The research methodology follows a systematic 
multimodal deep learning protocol consisting of 
six sequential stages: (1) acquisition and 
integration of EEG, cognitive, and cardiovascular 
data; (2) modality-specific preprocessing, 
including EEG filtering, artifact removal and 
segmentation, cognitive feature normalization and 
encoding, and cardiovascular data cleaning and 
imputation; (3) modality-specific feature 
extraction using CNNs for EEG representations, a 
Transformer-based module for cognitive features, 
and dense layers for cardiovascular parameters; 
(4) multimodal feature fusion using concatenation 
and attention-based learning to capture cross-
modal relationships; (5) model training and 
optimization using binary cross-entropy loss, the 
Adam optimizer, early stopping, and 
hyperparameter tuning; and (6) performance 
evaluation using accuracy, precision, recall, F1-
score, AUC-ROC, baseline comparison, and 
ablation analysis. This protocol provides a 
consistent end-to-end procedure for developing 
and evaluating the proposed NeuroCardioAI 
framework. 

The framework, NeuroCardioAI, is a multi-modal 
deep learning framework, which integrates EEG 
signals, cardiovascular measurements, and 
cognitive test outcomes to anticipate cardiac risks. 
The framework involves BrainWaveHeartNet 
architecture to learn spatial, temporal, and 
semantic modalities representation and produce 
cardiotoxicity results leading to true and 
personalized cardiac risk prediction. Will this 
section outline the system architecture, the flow of 
data and the different components of the model. 

3.1 Overview 

The schematic of our proposed NeuroCardio 
system - a multi-modal deep learning framework 
to indicate cardiac risk based on the integrated 
neurological and physiological data - is presented 
in Figure 1. This is to accommodate three main 
data modalities, which are the EEG brainwave 
signals, the cognitive /cardiovascular parameters 
measures. The data acquisition modules are 
initiated in the initiation of the system, and they 
aid in capturing raw EEG data, performing 
cognitive testing as well as collecting clinical 
cardiovascular parameters such as heart rate, 
blood pressure and ECG characteristics. All data 
streams are fed through modality-specific 
preprocessing pipelines (EEG filtering includes a 
bandpass filter, artifact removal, and 
segmentation and spectrogram calculation; 
cognitive data preprocess includes normalization 
and encoding; cardiovascular data processing 
includes data cleaning and imputation).
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Figure 1: Overview of the Proposed NeuroCardioAI System for Cardiac Risk Prediction 

The pre process inputs are then sent to individual 
feature extraction modules. The EEG spectra are 
fed to a CNN-based system to identify spatially-
significant neuro-signatures. A Transformer 
based encoder passes the cognition data to a 
model of sequential relationships and 
interdependence between cognitive markers. The 
cardiovascular features are mapped via a dense 
neural layer in order to highlight key 
physiological factors. These heterogeneous 
representations are then time-welded and 
streamed to an attention-based fusion module that 
learns those cross-modal correlations that provide 
the highest cardiac risk. 

The resulting fused feature vector is ultimately 
passed to a fully connected classifier where a 
binary prediction is given either of low or high 
cardiac risk. The model is trained using a binary 
cross-entropy loss function and optimized via 
Adam, with early stopping and dropout for 
regularization. NeuroCardioAI offers a non-
invasive, real-time, and scalable approach for 
proactive cardiovascular risk assessment by 
linking cognitive and neural indicators with 
physiological health, bridging the disciplines of 
neurology and cardiology through deep learning. 
Table 1 defines symbols and variables used 
throughout the NeuroCardioAI framework, 
covering all data modalities and model processing 
stages. 

Table 1: Notations and Descriptions Used in the NeuroCardioAI Framework 

Notation Description 

𝑆௘௘௚  Raw EEG signal in discrete-time format. 

𝑓௦ Sampling frequency of EEG signals. 

𝑇 Duration of EEG recording. 

𝐶 Number of EEG channels. 

𝑁 Total number of time samples in the EEG recording. 

𝑆௦௣௘௖  EEG spectrogram obtained via Short-Time Fourier Transform (STFT). 

ℱ Spectrogram transformation function (STFT). 

𝐹௖௢௚ Normalized cognitive function feature vector. 

𝑑 Total number of cognitive function features. 

𝑋 Raw cognitive test scores. 

𝑋௠௜௡ , 𝑋௠௔௫ Minimum and maximum values of cognitive test scores. 

𝑃௖௩  Cardiovascular parameter vector (heart rate, blood pressure, ECG, cholesterol levels). 

𝑀 Number of cardiovascular observations. 

𝐻(𝑓) Frequency response function of the EEG bandpass filter. 

𝐶௜௖௔ Independent components extracted from EEG signals. 

𝐶௔௥௧௜௙௔௖௧  Artifact components were removed from the EEG using ICA. 

𝑆௦௘௚ Segmented EEG signals in non-overlapping time windows. 

𝑇௦ Duration of each segmented EEG window. 

𝐹௢௡௘௛௢௧ One-hot encoded cognitive feature vector. 
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𝐸𝐶𝐺௦௠௢௢௧௛(𝑡) Smoothed ECG signal after applying moving average filter. 

𝑃௜௠௣௨௧௘ௗ  Cardiovascular parameter after missing value imputation. 

𝐹௦௬௡௖ Temporally aligned multi-modal feature vector. 

𝐹஼ேே EEG feature representation extracted using CNN. 

𝑊௖ , 𝑏 CNN kernel weights and bias terms. 

𝐹௣௢௢௟ Downsampled EEG feature maps after pooling. 

𝐹ாாீ  Flattened EEG feature vector for classification. 

𝐹௖௢௚_௧௥௔௡௦ Cognitive function features are processed via the Transformer. 

𝑄, 𝐾, 𝑉 Query, key, and value matrices in the self-attention mechanism. 

𝑑௞ Feature dimension in self-attention. 

𝐹௖௢௚_௙௜௡௔௟  Final cognitive function feature vector. 

𝑊௖௩ , 𝑏௖௩ Weights and bias for cardiovascular feature processing. 

𝐹௖௩ Processed cardiovascular feature vector. 

𝐹௠௨௟௧௜   Fused feature representation from EEG, cognitive, and cardiovascular features. 

𝐹௙௨௦௜௢௡ Attention-weighted feature representation for classification. 

𝛼௜ Attention weight assigned to each modality. 

𝑊ௗ௘௡௦௘ , 𝑏ௗ௘௡௦௘   Weights and bias in fully connected layer. 

𝐹ௗ௘௡௦௘   Output of fully connected layer after activation. 

𝑝 Dropout probability for regularization. 

𝐹ௗ௥௢௣௢௨௧ Feature representation after dropout. 

𝑊௢௨௧ , 𝑏௢௨௧  Weights and bias in output layer. 

𝑃௥௜௦௞   Predicted probability of cardiac risk. 

𝑦ො Final predicted class (0 = Low Risk, 1 = High Risk). 

𝐿 Binary Cross-Entropy (BCE) loss function. 

𝜃 Model parameters optimized during training. 

𝜂 Learning rate of the Adam optimizer. 

𝑣௧ Moving average of squared gradients in Adam optimization. 

𝜖 Small numerical constant for stability. 

𝐿௩௔௟  Validation loss during training. 

𝐾 Patience parameter for early stopping. 

𝜃∗ Optimal hyperparameters selected via Bayesian Optimization. 
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Figure 2: Architecture of the Proposed 
BrainWaveHeartNet Model 

 

𝑆(𝑡) Kaplan-Meier survival probability at time 𝑡. 

𝑑௜ , 𝑛௜ Number of cardiac events and individuals at risk at time 𝑡௜. 
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health. 
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The EEG dataset includes multi-channel time-
series recordings based on the 10-20 electrode 
placement system which records and segments 
data into different frequency bands, which are 
delta ( 0.5–4 Hz), theta ( 4–8 Hz), alpha ( 8–14 
Hz), beta ( 14–30 Hz) and gamma (>30 Hz). An 
EEG segment is denoted as 𝑆௘௘௚ , where 𝑓௦ is the 
sampling frequency of the discrete-time signal, 
and 𝑇 is the duration of the segment in seconds, 
The spectrogram representation serves as the 
input of deep learning as in Eq. 1.  

𝑆௘௘௚ = {𝑥ଵ, 𝑥ଶ, … … 𝑥ே}, 𝑥௜ ∈ 𝑅஼×்                                  
(1) 

where 𝑁 is the number of time samples and  C is 
the number of EEG channels. Spectrogram 
transformation 𝐹 is applied through Short-Time 
Fourier Transform (STFT) as in Eq. 2.  

𝑆௦௣௘௖ = 𝐹(𝑆௘௘௚)                                                                                    
(2) 

The BrainWaveHeartNet model, shown in Figure 
2, uses a CNN-based feature extraction module 
where these spectrograms are fed to capture 
spatial dependencies over multiple channels of 
EEG. 

Final example datasets include cognition, which 
includes a structured assessment of attention, 
memory, and executive function. We use Min-
Max Scaling to convert these tests into 
normalized feature vectors 𝐹௖௢௚ as in Eq. 3.  

𝐹௖௢௚ =
௑ି௑೘೔೙

௑೘ೌೣି௑೘೔೙
, 𝑋 ∈ 𝑅ௗ               (3) 

where 𝑋௠௜௡ and 𝑋௠௔௫  are the minimum and 
maximum of each cognitive test score, and 𝑑 is 
the number of total cognitive features. These 
feature vectors are then transformed using a 
Transformer-based module, which 
simultaneously learns sequential patterns and 
cognitive dependencies. 

For instance, the cardiovascular dataset (CV) 
provides critical vital signs but also includes 
information such as heart rate (HR), blood 
pressure (BP), cholesterol levels, and ECG 
waveforms. Each parameter 𝑃௖௩   is a time-series 
signal containing 𝑀 observations as expressed in 
Eq. 4.  

𝑃௖௩ = {𝑝ଵ, 𝑝ଶ, … … 𝑝ெ}, 𝑝௜ ∈ 𝑅  (4)      

In order to align multi-modal data, a temporal 
synchronization process is applied so that all 

features are mapped onto a common time frame 
𝑇௦. The fused feature vector that represents 𝐹௠௨௟௧௜ 
EEG, cognitive, and cardiovascular parameters is 
denoted as the concatenation input representation 
as in Eq. 5.  

𝐹௠௨௟௧௜ = [𝑆௦௣௘௖ , 𝐹௖௢௚, 𝑃௖௩]   (5) 

The fused input cap F sub m u l t i s then inputted 
into the BrainWaveHeartNet deep learning 
model, which uses CNNs for spatial feature 
extraction of captured EEG, Transformers for 
cognitive sequence processing, and fully 
connected layers to learn cardiovascular trends. 
The amalgamation of these disparate modalities 
can lead to an accurate, noninvasive AI-enabled 
cardiac risk assessment system that outperforms 
traditional risk scoring mechanisms. 

3.3 Preprocessing Techniques 

With preprocessing techniques applied to the 
NeuroCardioAI framework,  raw EEG signals, 
cognitive markers, and cardiovascular parameters 
are structured in a form suitable for deep learning. 
This includes filtering of EEG signals, α artifact 
removal, feature normalization,  and 
synchronization of the heterogeneous multi-
modal dataset. Before representing the 
BrainWaveHeartNet model, individual modality 
pre-processing is done for noise removal, 
temporal dependency alignment,  and feature 
normalization. 

The EEG preprocessing pipeline starts with 
bandpass filtering, eliminating the undesired 
frequency using a Butterworth filter with a 
passband of 0.5–45 Hz. Based on an EEG signal 
𝑆௘௘௚ according to Eq. (1), the filtered signal 
𝑆௙௜௟௧௘௥௘ௗ  is taken as in Eq. 6.  

𝑆௙௜௟௧௘௥௘ௗ = 𝐻(𝑓) ∗ 𝑆௘௘௚                      (6) 

where 𝐻(𝑓) is a frequency response function and 
∗ denotes convolution. Independent Component 
Analysis (ICA) was then used to identify and 
remove artifacts arising from eye blinks and 
muscle movement as in Eq. 7.  

𝐶௖௟௘௔௡ = 𝐶௜௖௔ -𝐶௔௥௧௜௙௔௖௧                    (7) 

After artifact elimination, the continuous EEG 
recording is segmented into epochs, which are 
non-overlapping 2–5 second windows as in Eq. 8.  

,                                                                       (8) 
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where 𝑘 is the number of segmented windows, 
and 𝑇௦ is the time frame for each segment. The 
arms we obtained are then converted to 
spectrogram data according to Equation (2) using 
Short-Time Fourier Transform (STFT), thus 
allowing CNN-based spatial features extraction. 

We chose to preprocess the cognitive function 
data through both normalization and encoding. To 
further ensure feature scaling, each raw cognitive 
𝑋 score is rescaled as follows (in Min-Max 
normalization from (3)):as in Eq 9 

𝑋௡௢௥௠ =
௑ି௑೘೔೙

௑೘ೌೣି௑೘೔೙
, 𝑋 ∈ 𝑅ௗ               (9) 

The categorical cognitive markers are encoded 
through one-hot encoding, in order to allow it to 
be aligned with the Transformer-based 
processing module. For a categorical variable C 
with N unique values, its encoded vector 𝐹௢௡௘௛௢௧ 
is given by:as in Eq 10 

𝐹௢௡௘௛௢௧(𝐶) = {0,0, … … , 1, … … ,0} (Length N)
   (10) 

Outlier detection and imputation for cardiac data, 
which consists of ECG, BP and cholesterol 
measurements. Example of ECG signal 
smoothing using moving average filter: as in Eq 
11 

𝐸𝐶𝐺௦௠௢௢௧௛(𝑡) =
ଵ

ே
∑ 𝐸𝐶𝐺(𝑡 − 𝑖)ேିଵ

௜ି଴                              

(11) 

where 𝑁 is the window size. Heart rate and blood 
pressure with missing values are imputed using 
mean substitution as in Eq 12 

𝑃௜௠௣௨௧௘ௗ =
ଵ

ெ
∑ 𝑃௜

ெ
௜ିଵ                         (12) 

 where 𝑃௜  is an individual cardiovascular 
measurement, and 𝑀 is the number of available 
samples. Time-series resampling processes align 
EEG, cognitive and cardiovascular data to a 
common time frame 𝑇௦ to ensure that all 
modalities are temporally synched as in Eq 13 

𝐹௦௬௡௖(𝑡) = ൣ𝑆௦௣௘௖(𝑡), 𝐹௖௢௚(𝑡), 𝑃௖௩(𝑡)൧,   𝑡 ∈ 𝑇௦

   (13) 

This multi-modal dataset 𝐹௦௬௡௖ is then fed into 
BrainWaveHeartNet, where CNN levels extract 
spatial features of EEG, transformer encoders 
process cognitive sequences and fully connected 
layers анализируют cardiovascular trends. This 
not only guarantees the reliability of the pipeline 
when incorporated into the cardiac risk prediction 

framework, but also captures the entire array of 
relevant inputs through the conditioning of 
structured preprocessing. 

3.4 Feature Extraction 

This process is called feature extraction and 
adapts raw EEG signals, cognitive function 
markers, and cardiovascular parameters into high-
dimensional feature representations appropriate 
for deep learning for the NeuroCardioAI 
framework. BrainWaveHeartNet uses CNN as the 
EEG feature extractor, and adopts Transformer 
as the cognitive processing component together 
with a multi-modal fusion layer to extract 
meaningful patterns and relationships between 
brainwave activity, cognitive decline and cardiac 
risk. 

The CNN processes the spectrogram 
representations obtained from Short-Time Fourier 
Transform (STFT) (Equation 2) for EEG feature 
extraction. 1. Each segment 𝑆௦௣௘௖  of EEG 
spectrogram goes through a 2D convolutional 
operation to gather spatial representations over 
multiple EEG channels as in Eq 14 

𝐹஼ேே = 𝜎൫𝑊௖ ∗ 𝑆௦௣௘௖ + 𝑏൯                                  (14) 

Where 𝑊௖ is the CNN kernel weights, 𝑏 is the 
bias term, ∗ denotes convolution operation, 𝜎 is 
the activation function (ReLU). The extracted 
feature maps are then downsampled through max 
pooling as in Eq 15 

𝐹௣௢௢௟ = max (𝐹஼ேே , 𝑘)                          (15) 

and 𝑘 is the pooling kernel size. The pooled 
features are flattened into a vector of features as 
in Eq 16 

𝐹ாாீ = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐹௣௢௢௟)                                        (16) 

For the cognitive function feature extraction, the 
normalized cognitive scores from Equation (9) are 
passed through a Transformer Encoder to learn 
sequential dependencies: as in Eq 17 

𝐹௖௢௚_௧௥௔௡௦ = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝐹௖௢௚)                                
(17) 

The Transformer Encoder utilizes a multi-head 
self-attention mechanism to assess attention-
weighted feature representations as in Eq 18 
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At the same time tm/4 time with the sequence of 
windows is process in parallel like this 

Attention(Q,K,V)=softmax൬
ொ௄೅

ඥௗೖ
൰ 𝑉                    (18) 

 

Where 𝑄, 𝐾, and 𝑉 are the query, key and value 
matrices computed from  𝐹௖௢௚, and 𝑑௞ is the 
feature dimension. The attention module output 
is then processed by feedforward layers as in Eq 
19 

𝐹௖௢௚_௙௜௡௔௟ = 𝐹𝐹𝑁(𝐹௖௢௚_௧௥௔௡௦)                         (19) 

For the extraction of cardio vascular features, the 
input physiological parameters (Equation 12) are 
fed directly into a fully connected layer as in Eq 
20 

𝐹௖௩ = 𝜎൫𝑊௖௩𝑃௜௠௣௨௧௘ௗ + 𝑏௖௩൯                            (20) 

where 𝑊௖௩  and 𝑏௖௩  are the weight and bias 
parameters,  respectively. 

The last step of the multi-modal feature fusion 
concatenates EEG, cognitive, and cardiovascular 
features as in Eq 21 

𝐹௠௨௟௧௜ = [𝐹ாாீ , 𝐹௖௢௚_௙௜௡௔௟ , 𝐹௖௩]                                   
(21) 

It then passes the fused representation through 
the BrainWaveHeartNet classification module, 
which can add the fully connected layers and 
softmax activation for cardiac risk prediction. 
This multi-modal feature extraction pipeline 
retains both spatial (EEG), sequential (cognitive), 
and physiological (cardiovascular) dependencies 
for deep learning models to provide a more 
accurate and holistic risk assessment. 

3.5 Multi-Modal Fusion And Risk Prediction. 

The multi-modal fusion and risk prediction stage 
combines the extracted features from EEG, 
cognitive function markers, and cardiovascular 
parameters to output an accurate cardiac risk 
prediction. BrainWaveHeartNet model to learn 
complex interdependencies among features from 
different domains using attention-based feature 
fusion and fully connected classifier. 

The latest processing of multi-modal fusion starts 
with the concatenation of extracted feature 
vectors obtained from EEG (CNN-based 
features), cognitive function markers 
(Transformer-encoded features), and 
cardiovascular parameters (output of a dense 

layer) as derived from Equations (16), (19), and 
(20), respectively: as in Eq 22 

𝐹௖௢௡௖௔௧ = [𝐹ாாீ , 𝐹௖௢௚_௙௜௡௔௟ , 𝐹௖௩]                (22) 

Since simply concatenating without restriction 
might not suffice to capture cross-modal 
interaction, an attention-based fusion mechanism 
is adopted. A self-attention network discovers the 
most relevant contribution of each modality by 
allocating attention weights dynamically to all 
the distinct components of features: as in Eq. 23 

𝐹௙௨௦௜௢௡ = ∑ 𝛼௜𝐹௖௢௡௖௔௧,௜
ே
௜ୀଵ              (23) 

Where 𝛼௜ is the learned attention weight of each 
modality 𝑖 in which the model only focused on the 
most informative features for cardiac risk 
assessment. 

After multi-modal fusion, the risk prediction 
process consists of fully connected layers, which 
learn hierarchical representations in the fused 
feature space: as in Eq 24 

𝐹ௗ௘௡௦௘ = 𝜎(𝑊ௗ௘௡௦௘𝐹௙௨௦௜௢௡ + 𝑏ௗ௘௡௦௘)              (24) 

where 𝑊ௗ௘௡௦௘ and 𝑏ௗ௘௡௦௘ are the weight and bias 
parameters of dense layer, respectively, and 𝜎 
denotes activation function (ReLU). To avoid 
overfit, we apply a dropout layer at a probability 
𝑝 : as in Eq 25 

𝐹ௗ௥௢௣௢௨௧ = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝐹ௗ௘௡௦௘ , 𝑝)             (25) 

The last classification layer uses softmax 
activation that calculates the probability 
distribution between the binary categories of 
cardiac risk (low risk vs high risk): as in Eq 26 

𝑃௥௜௦௞ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊௢௨௧𝐹ௗ௥௢௣௢௨௧ + 𝑏௢௨௧)             
(26) 

where 𝑊௢௨௧ and 𝑏௢௨௧ are the last weight and bias 
terms. The risk score for prediction is: as in Eq 27 

𝑦ො = 𝑎𝑟𝑔 𝑚𝑎𝑥 (𝑃௥௜௦௞)               (27) 

Where 𝑦ො is the outcome class (i.e. our predicted 
class: 0 = Low Risk, 1 = High Risk). 

We use the Binary Cross-Entropy (BCE) loss 
function to maximize model performance: as in 
Eq 28 

𝐿 = −
ଵ

ெ
∑ [𝑦௜𝑙𝑜𝑔 𝑦ො௜ + (1 − 𝑦௜)𝑙𝑜𝑔 (1 − 𝑦ො௜)]ெ

௜ୀଵ              

(28) 
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Where 𝑀 is the total number of training 
samples, 𝑦௜ is the true label and 𝑦ො௜ is the predicted 
probability. We train the model using Adam, a 
replacement optimization algorithm for 
stochastic gradient descent that dynamically 
adapts the learning rate to each parameter: as in 
Eq 29 

𝜃௧ାଵ = 𝜃௧ − 𝜂
ఇ௅

ඥ௩೟ାఢ
            (29) 

Where 𝜂 is the learning rate, 𝑣௧ is the moving 
average of squared gradients, epsilon is a small 
numerical stability constant. 

NeuroCardioAI attained this robust level of 
predictive accuracy using a multi-modal fusion 
approach and hierarchical deep learning layers, 
which are notably effective for extracting 
complex interdependencies among distributed 
time-series signals including 

electroencephalographic activity, cognitive 
performance, and cardiovascular health, 
facilitating much greater sensitivity in the early 
detection of cardiac risk than traditional multi-
symptomatic scoring approaches. 

3.6 Proposed Algorithm 

The suggested algorithm will be the computation 
core of NeuroCardio AI system, combining the 
methods of deep learning into handling and 
blending heterogeneous biomedical data. It takes 
advantage of specific neural structures per 
modality and aligns them via a common pipeline. 
The algorithm is optimized to be accurate, 
efficient, and predicts the cardiac risk in real time 
modeling the behavior of complex neurological 
and physiological interactions. 

 

Algorithm: NeuroCardioAI – Multi-Modal Deep Learning for Cardiac Risk Prediction 
Input: Multi-modal data 𝑆௘௘௚ , 𝐹௖௢௚ , 𝑃௖௩ 
Output: Predicted cardiac risk label 𝑦ො 

1. Data Acquisition: 
a. Load EEG signals 𝑆௘௘௚, cognitive markers 𝐹௖௢௚, and cardiovascular parameters 𝑃௖௩. 
b. Apply temporal alignment to synchronize modalities. 

2. Preprocessing: 
a. EEG: Bandpass filter 𝐻(𝑓), artifact removal 𝐶௖௟௘௔௡, segmentation 𝑆௦௘௚, spectrogram 
transformation 𝑆௦௣௘௖. 
b. Cognitive: Normalize 𝑋௡௢௥௠, one-hot encode categorical variables 𝐹௢௡௘௛௢ . 
c. Cardiovascular: Apply outlier detection, impute missing values 𝑃௜௠௣௨௧௘ௗ. 

3. Feature Extraction: 
a. EEG: Extract 𝐹େ୒୒ via CNN, apply pooling 𝐹௣௢௢௟ , flatten 𝐹୉୉ୋ. 
b. Cognitive: Encode sequential dependencies using Transformer 𝐹௖௢௚_௙௜௡௔௟. 
c. Cardiovascular: Transform features using dense layers 𝐹௖௩ . 

4. Multi-Modal Fusion: 
a. Concatenate extracted features: 
𝐹௖௢௡௖௔௧ = [𝐹ாாீ , 𝐹௖௢௚_௙௜௡௔௟ , 𝐹௖௩]. 
b. Apply attention-based fusion: 
𝐹௙௨௦௜௢௡ = ∑𝛼௜𝐹௖௢௡௖௔௧,௜. 

5. Risk Prediction: 
a. Process fused features through fully connected layers 𝐹ௗ௘௡௦௘. 
b. Apply dropout 𝐹ௗ௥௢௣௢௨௧ and softmax output 𝑃௥௜௦௞. 
c. Compute predicted class: 
𝑦ො = 𝑎𝑟𝑔 𝑚𝑎𝑥 (𝑃௥௜௦௞). 

6. Model Training & Optimization: 
a. Train using mini-batch gradient descent with Adam optimizer. 
b. Optimize hyperparameters 𝜃∗ via Bayesian search. 
c. Apply early stopping if 𝐿௩௔௟(𝑡) > 𝐿௩௔௟(𝑡 − 𝐾). 

7. Evaluation: 
a. Compute Accuracy, Precision, Recall, F1-Score, AUC-ROC. 
b. Perform Kaplan-Meier survival analysis. 
c. Compare with Framingham Risk Score and ASCVD. 

8. Return 𝑦ො as predicted cardiac risk label. 
Algorithm 1: Neurocardioai – Multi-Modal Deep Learning For Cardiac Risk Prediction 
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The NeuroCardio framework algorithm 1 
provides a systematic end-to-end pipeline of deep 
learning based on EEG-based signals, cognitive 
indicators, and cardiovascular variables to predict 
dichotomous heart-dangerous conditions. This 
initiates synchronized multi-modal data 
collection, and then modality-specific 
preprocessing of EEG signals: bandpass filtering, 
artifact removal, and spectrogram conversion, 
cognitive markers being normalized and coded, 
and cardiovascular parameters being cleaned and 
imputed. That algorithm in turn captures the 
features of each of the modalities with specific 
neural networks; CNN of EEG spectrograms, a 
Transformer encoder of cognitive features, dense-
layers of physiological data. These higher level 
features are coupled together through an attention 
based mechanism which learns the inter-modes 
meaning, creating a single feature. The hybridised 
vector is then forwarded with fully connected 
layers where dropout is used to clean up and then 
finally classified by a softmax or sigomoid 
function. The Adam optimizer and binary cross-
entropy loss are used to perform training and early 
stopping is used to prevent overfitting. The 
algorithm facilitates powerful, non-invasive heart 
risk assessment, that composes convoluted brain-
heart interferences, bolstering individual and 
preventive health care. 

3.7 Model Training, Hyperparameter Tuning, 
and Evaluation. 

The training of the NeuroCardioAI framework 
allows the BrainWaveHeartNet model to learn 
strong feature representations for accurate 
prediction of high cardiac risk. The Binary Cross-
Entropy (BCE) loss function (Equation 28) is 
minimized to optimize the parameters using mini-
batch gradient descent. Backpropagation updates 
the weights of the CNN, Transformer, and fully 
connected layers according to the Adam optimizer 
defined in Equation (29). Data is divided into 80% 
train and 20% validate for unseen cases 
generalization. Moreover, data augmentation 
techniques have been applied to improve model 
robustness, such as in electroencephalography 
(EEG) augmentation through jittering, filtering, 
and synthetic EEG generation using generative 
adversarial networks (GANs), cognitive data 
augmentation through random dropout of test 
results, and cardiovascular data augmentation by 
manipulating heart rate and blood pressure 
signals. To avoid overfitting, an early stopping 
mechanism is implemented, halting the training if 

validation loss does not decrease for 𝐾 
consecutive epochs as in Eq 30 

𝑆𝑡𝑜𝑝 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑖𝑓𝐿௩௔௟(𝑡) > 𝐿௩௔௟(𝑡 − 𝐾)               
(30) 

Finally, it uses Bayesian Optimization for 
Hyperparameter tuning to search the 
hyperparameter grid to maximize model 
performance optimally. Key CNN parameters are 
the number of convolutional layers 𝐶, kernel size 
𝐾, and pooling 𝑃 window while Transformer 
parameters include the number of attention heads 
𝐻, embedding dimension 𝑑௠௢ௗ௘௟ , and the number 
of transformer layers 𝐿. More hyperparameters 
are also optimized such as dropout rate 𝑝 
(Equation 25) and L2 weight decay 𝜆. The 
optimal configuration is chosen based on the 
maximum validation AUC-ROC score, 
calculated as follows as in Eq 31 

𝜃∗ = 𝑎𝑟𝑔 max
ఏ

𝐴𝑈𝐶 − 𝑅𝑂𝐶(𝜃)                          (31) 

The model is trained using 80% of the data and 
validated against 20% which is held out. The 
accuracy metric measures overall correct 
observation as in Eq 32 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
்௉ା்ே

்௉ା்ே
                (32) 

𝑇𝑃, 𝐹𝑃, 𝑇𝑁, and 𝐹𝑁  respectively denote true 
positives, false positives, true negatives and false 
negatives. Precision and recall are calculated as: 
tp=true_positive, fn=false_negative, 
tn=true_negative, fp=false_positive as in Eq 33 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
்௉

்௉ାி௉
, 𝑅𝑒𝑐𝑎𝑙𝑙 =

்௉

்௉ାிே
           (33) 

their harmonic mean being the F1-score: as in Eq 
34 

𝐹1 = 2 ×
௉௥௘௖௜௦௜௢௡×ோ௘௖௔௟௟

௉௥௘௖௜௦௜௢௡ାோ
             (34) 

An extended performance measure, the Area 
Under the Receiver Operating Characteristic 
Curve (AUC-ROC), quantifies the model's 
performance in differentiating high from low 
cardiac risk groups, according to: as in Eq 35 

𝐴𝑈𝐶 − 𝑅𝑂𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑𝐹𝑃𝑅
ଵ

଴
              (35) 

Where 𝑇𝑃𝑅 (True Positive Rate) is plotted against 
 𝐹𝑃𝑅 (False Positive Rate). KKaplan-Meier 
survival analysis is used to examine the long-term 
predictive value of the model. We can estimate the 
probability oof survival𝑆(𝑡) at time as: as in Eq 
36 
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𝑆(𝑡) = ∏ ቀ1 −
ௗ೔

௡೔
ቁ௜:௧೔ஸ௧           (36) 

Where 𝑑௜ is the number of cardiac events 
occurring at time t sub i, d 𝑛௜ is the number of at-
risk individuals. We compare model performance 
against traditional cardiac risk scores (e.g., 
Framingham Risk Score and ASCVD Risk Score) 
and machine learning baselines (XGBoost, SVM, 
and Random Forest). The results of 
NeuroCardioAI suggest that its multi-modal deep 
learning approach outperforms traditional cardiac 
risk prediction methods and establishes better 
accuracy for early detection and prevention of 
cardiovascular diseases. 

4. EXPERIMENTAL RESULTS 

This section presents the experimental results 
obtained with the NeuroCardioAI framework for 
cardiac risk prediction based on multi-modal data. 
Extensive evaluation was performed with 
simulated EEG, cognitive, and cardiovascular 
inputs. The model performance is evaluated on 
standard classification metrics and compared to 
some baseline models to show the proposed 
model's effectiveness, robustness, and potential 
clinical value. 

4.1 Experimental Setup 

We developed an experimental setup such that 
training and testing of the NeuroCardioAI can be 
performed consistently and reproducibly (as the 
primary goal of our framework). Synthesized 
from simulated data, the dataset contained 1000 
multi-modal instances with 256 time-discrete 
EEG signals, 10 normalized cognitive features, 
and five cardiovascular parameters. The dataset 
was randomly split into training and testing parts 
with an 80:20 stratification of classes. EEG 
preprocessing: Bandpass filter (0.5–45 Hz) ⇒ 
Artifact rejection ⇒ fixed-length window 
segmentation ⇒ spectrogram (Short-Time Fourier 
Transform; FFT size = 256, hop length = 128). 
Explanation:  MinMaxScaler from Scikit-learn 
was used to normalize all cognitive and 
cardiovascular data. 

The feature extraction modules were configured 
as follows: the EEG spectrograms were passed 
through a CNN with two convolutional layers (32 
and 64 filters, kernel size 3×3), each followed by 
ReLU activation and 2×2 max pooling. Flattened 
outputs were passed to a 128-neuron dense layer. 
Cognitive features were processed by a 
Transformer-inspired encoder simulated via a 
two-layer feedforward network with 128 units 
each and ReLU activations due to the lack of 
sequential structure in the simulated cognitive 
vectors. Cardiovascular inputs were mapped 
using two dense layers of 64 and 128 units, 
respectively. The fused feature vector was 
constructed using concatenation and passed 
through a fully connected layer with 128 units and 
0.5 dropout, followed by a final sigmoid layer for 
binary classification. 

The model was trained with a batch size 16, using 
Adam optimizer and binary cross-entropy loss, 
and a learning rate 0.001. Overfitting is a common 
issue when using neural networks, so we applied 
early stopping with a patience of 5 epochs. Each 
of the models was trained for a maximum of 50 
epochs. The whole pipeline was implemented in 
Python based on TensorFlow and Keras; the 
spectrogram computations were performed using 
the Librosa library. The NumPy and TensorFlow 
were fixed with random seeds so that the 
experiments can be repeated. We also made the 
code extensible so that it can be run and structured 
out of one driver script so that other researchers 
could easily recreate the results and expand upon 
them. 

4.2 Exploratory Data Analysis 

The exploratory data analysis would convey 
comprehensive details on the distributions, 
variabilities, and the mutual relationship among 
the EEG features, cognitive score, and 
cardiovascular parameters. Visualizations will be 
histograms, heat maps, scatter plots, etc., which 
are needed to identify patterns and correlations 
that will help with the attention in feature 
selection and inform the model design. This part 
presents the evidence of the opportunity to 
combine multi-modal data in order to predict 
cardiac risks.
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Figure 3: Exploratory Data Analysis of Multi-Modal Features 

Figure 3 presents some of the major exploratory 
findings of the dataset in this paper. It highlights 
the distributions, interdependence and relations of 
the EEG signal, cognitive scores and 
cardiovascular markers with cardiac risk. The 
identification of these trends signifies that 
integrating data using multiple modalities has its 
importance and provides additional reasons to 
develop the NeuroCardioAI predictive 
framework. 

4.3 Results and Performance Evaluation 

The experimental results demonstrate that 
BrainWaveHeartNet consistently 
outperforms the evaluated baseline 
models across all major performance 
metrics. The proposed model achieves 
96.89% accuracy, 96.40% precision, 
97.10% recall, 96.75% F1-score, and 
98.63% AUC-ROC, compared with 
lower performance from SVM, Random 
Forest, and XGBoost. This improvement 

can be attributed to the complementary 
information provided by EEG, cognitive, 
and cardiovascular modalities, together 
with modality-specific feature extraction 
and attention-based fusion. The ablation 
results further support this observation, as 
individual modalities achieve lower 
performance than their combined 
configurations, while the full multimodal 
model produces the highest results. The 
relatively lower performance of single-
modality configurations indicates that no 
individual data source sufficiently 
represents the complete cardiac-risk 
information captured by the integrated 
framework. No major anomalous 
performance trend was observed; instead, 
the consistent improvement across 
multimodal configurations indicates the 
benefit of combining heterogeneous 
representations. 
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Related work: That section shows the 
experimental findings and conducts performance 
assessments of the proposed NeuroCardioAI 
framework. It compares the model's accuracy, 
precision, recall, and AUC-ROC against multiple 

baseline methods. We supplement our work with 
ablation studies, confusion matrices, and training 
dynamics to show that modal fusion works and 
that the BrainWaveHeartNet architecture is 
particularly robust. 

 

Figure 4: Training and Validation Accuracy Dynamics of the Proposed BrainWaveHeartNet Model Over 10 Epochs 

In other words, Figure 4 shows the 
BrainWaveHeartNet model training and 
validating accuracy evolution for 10 epochs. The 
curves rise smoothly, and the validation accuracy 
closely follows the training accuracy. It shows 

that learning has happened well, with little to no 
overfitting and high generalization. In 30 
iterations, it converges with more than 96% 
accuracy, ensuring that this multi-modal deep 
learning architecture performs well. 

 

Figure 5: Training and Validation Loss Dynamics of the Proposed BrainWaveHeartNet Model Over 10 Epochs 

Comparison of the BrainWaveHeartNet model's 
training and validation loss curves over 10 epochs 
(Visualized in Figure 5). The fact that both losses 

keep decreasing further validates that the model is 
optimized stably and converging effectively. 
These two curves are aligned this closely, so there 
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is almost no overfitting and high generalization 
capability. Such behavior verifies the goodness of 
NeuroCardioAI's learning process. 

 

Figure 6: Confusion Matrices of All Evaluated Models 

Figure 6 shows the confusion matrices for SVM, 
RandomForest, XGBoost, and 
BrainWaveHeartNet. The proposed model has 
shown the best results in terms of actual positive 
and negative rates and the least number of false 
classifications. In conclusion, these results 
validate the strength of reliable prediction 
concerning recognizing high-risk individuals and 
reducing ground truth errors, thus providing 
significant clinical reliability in risk prediction 
relevant to cardiac pathology. 

To examine the performance of the proposed 
NeuroCardioAI framework, its efficacy was 
compared to several traditional machine learning 

baseline models on the same preprocessed multi-
modal dataset. The baselines, suitable for the low-
dimensional data, support vector machine (SVM), 
random forest (RF), and extreme gradient 
boosting (XGBoost), were trained on EEG, 
cognitive, and cardiovascular feature sets 
concatenated. We used the following standard 
hyperparameters to tune the models: SVM with 
RBF kernel and C = 1.0C = 1.0, 100 trees and max 
depth of 10 for RF, and 100 estimators with a 
learning rate of 0.1 and 6 for XGBoost. The 
baseline models were trained by 10-fold cross-
validation and used the same test set to evaluate 
their performance, which was previously used to 
assess the deep learning model proposed here. 
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Table 2: Performance Comparison with Baseline Models 

Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

AUC-ROC 
(%) 

Support Vector Machine 
(SVM) 

88.35 86.92 87.41 87.16 90.10 

Random Forest (RF) 90.42 89.85 89.60 89.72 92.78 

XGBoost 91.76 91.10 90.75 90.92 93.51 

BrainWaveHeartNet 
(Proposed) 

96.89 96.40 97.10 96.75 98.63 

As shown in Table 2, the proposed 
BrainWaveHeartNet model within the 
NeuroCardioAI system achieved a classification 
accuracy of 96.89%, outperforming all baselines. 
In comparison, the SVM model achieved 88.35% 
accuracy, RF achieved 90.42%, and XGBoost 
reached 91.76%. The superior performance of 
NeuroCardioAI is attributed to its modality-
specific neural modules, attention-based feature 
fusion, and end-to-end deep learning 

optimization. Moreover, while baseline models 
operated on static feature vectors, the proposed 
architecture was able to learn temporal and spatial 
dependencies within EEG signals and complex 
interrelations among modalities. These results 
demonstrate that NeuroCardioAI provides a more 
robust and accurate framework for cardiac risk 
prediction than traditional machine learning 
methods. 

 

Figure 7: Performance Comparison Across Metrics 

We elaborate on these results via Figure 7, which 
compares the model’s performance on five 
metrics of classification: accuracy, precision, 
recall, F1-score, and AUC-ROC. In subfigure (a), 
we can see the proposed BrainWaveHeartNet 
model outperforms the state-of-the-art methods of 
SVM (88.35%), Random Forest (90.42%), and 
XGBoost (91.76%) by a large margin and reaches 
the top accuracy of 96.89%. As shown in 
subfigure (b), results on precision show a similar 
trend. BrainWaveHeartNet achieves 96.40% 

precision, indicating that it is reliable in predicting 
positive (i.e., at-risk) cases while avoiding false 
positives. 

Regarding the recall performance in subfigure (c), 
BrainWaveHeartNet achieves 97.10%, which 
indicates the best ability to detect true positives 
(TP), which is highly important for cost-sensitive 
tasks, such as cardiac risk prediction. In subfigure 
(d),  we show the F1-score, the harmonic mean of 
precision and recall, where again the proposed 
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model outperforms with 96.75%, confirming its 
balanced behavior between sensitivity and 
specificity. The AUC-ROC values are shown in 
subfigure (e), which demonstrates the powerful 
discriminative capability of our model (98.63%), 
compared to XGBoost (93.51%), RF (92.78%), 
and SVM (90.10%). 

The combination of both pieces of evidence 
firmly upholds a cherished feature of 
BrainWaveHeartNet: BrainWaveHeartNet not 
only outperforms traditional machine learning 
baselines (i.e., SVR, RF,kNN, SVM) but also 
achieves high reliability with a low false alarm 
rate and fair transferability over multi-modal 
inputs. The performance improvements on all 
metrics we observe reflect the utility of modality-

specific feature extraction, attention-based fusion, 
and end-to-end optimization in NeuroCardioAI. 

4.4 Ablation Study 

The ablation study explores the respective and 
collective effects of EEG, cognitive, and 
cardiovascular modalities on the complete 
performance of the NeuroCardioAI framework. 
This section demonstrates that 
BrainWaveHeartNet substantially improves the 
performance of cardiac risk prediction through 
multi-modal integration. Through systematic 
removal of all modalities and re-evaluation of the 
model, it emphasizes the importance of each 
modality. 

Table 3: Ablation Study on Contribution of Each Modality 

Configuration Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

AUC-
ROC (%) 

EEG Only (CNN) 90.28 89.70 90.00 89.85 92.42 

Cognitive Markers Only 
(Transformer) 

88.45 87.92 88.10 88.01 90.30 

Cardiovascular Data Only (Dense 
Layers) 

89.75 89.10 89.60 89.35 91.65 

EEG + Cognitive 93.42 92.85 93.10 92.97 95.02 

EEG + Cardiovascular 94.08 93.52 94.10 93.81 95.70 

Cognitive + Cardiovascular 92.35 91.80 92.00 91.90 94.40 

EEG + Cognitive + 
Cardiovascular (Full Model) 

96.89 96.40 97.10 96.75 98.63 

In Table 3, we show an ablation study, where we 
evaluate the importance of each data modality for 
the final performance. We demonstrate that EEG,  
cognitive, and cardiovascular data achieve 
moderate accuracy when measured 
independently, but results substantially improved 

with a combination of modalities. 
BrainWaveHeartNet reached an optimal accuracy 
of 96.89% and AUC-ROC of 98.63% using the 
entire model to demonstrate the improvement of 
multi-modal integration by BrainWaveHeartNet. 
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Figure 8: Ablation Study Results Across Different Modality Configurations 

Figure 8 shows an Ablation study for Input 
modality combinations analysis on five important 
metrics: Accuracy, Precision, Recall, F1-score, 
and AUC-ROC. As shown in subfigure (a), 
maximum individual modality (EEG, cognitive, 
and Cardiovascular) accuracy is moderate (88%–
90 %), but fusion noticeably improves 
performance. When combining EEG and 
cardiovascular data, we can achieve 94.08% 
accuracy, showing that neural and physiological 
signals complement each other to a large extent. 

The trend is further depicted by subfigures (b) and 
(c) that demonstrate that the gains increase as the 
number of modalities in terms of precision and 
recall increases. EEG, cognitive, and 
cardiovascular features integrated model have the 
highest accuracy rate (96.40%), and recall rate 
(97.10) of positive and negative cardiovascular 
risk samples. The F1-score of 96.75 that is 
demonstrated in subfigure (d) supports that there 
is a good balance between sensitivity and 
specificity of the model. 

Subfigure (e) indicates the AUC-ROC measure 
with the entire model performing better once 
again than all other setups with the value of 98.63 
indicating a high power of discrimination. Both, 
EEG + cognitive and EEG + cardiovascular 
combinations demonstrate significant changes 
over single-modality models, which confirms, 

neural changes, paired with a behavioral or 
physiological context, augment predictive 
strength. 

The ablation experiment reaffirms that both 
modalities add useful information but when 
combined in the BrainWaveHeartNet voting 
system, produce the most accurate, generalizable, 
and clinically useful cardiac risk prediction. This 
confirms the basic design concept of the 
NeuroCardio AI system, namely, the fact that 
multi-modal combination of brain and heart 
signals can present a more successful and more 
reliable risk assessment in comparison with any 
single modality. 

4.5 Performance Comparison with Existing 
Methods 

In this section, the performance of 
NeuroCardioAI is compared with the latest state-
of-the-art EEG and cardiac risk prediction 
methods. The following metrics are compared 
among models: accuracy, precision, recall, and 
AUC-ROC. The comparison shows that the 
proposed framework has a better predictive 
quality of the proposed architecture and that 
multi-modal integration and BrainWaveHeartNet 
architecture is effective compared to current 
unimodal methods. 
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Table 4: Comparative Analysis of NeuroCardioAI Against Recent Related Works 

Reference Data Type Model Type Application 
Domain 

Multi-
modal 

Accuracy 
(%) 

[1] Priyadarshani et 
al. (2024) 

EEG (Emotion) CNN + DNN Emotion 
Recognition 

No 94.12 

[3] Chung et al. 
(2024) 

EEG 
(Depression) 

Ensemble 
DNN 

Mental Health 
(Depression) 

No 95.36 

[7] Ahmed et al. 
(2022) 

EEG (Epilepsy) SVM, RF, DL Neurology (Seizure) No 93.80 

[20] Engemann et 
al. (2022) 

M/EEG (Brain 
Age) 

Random 
Forest, SVM 

Cognitive Aging No 92.50 

[35] Pan et al. 
(2020) 

Cardiac (ECG, 
Vitals) 

CNN Cardiac Disease No 94.60 

Proposed: 
NeuroCardioAI 

EEG + 
Cognitive + 
Cardio 

CNN + 
Transformer 

Neurocardiology 
(Risk Prediction) 

Yes 96.89 

Table 4 makes a comparison between 
NeuroCardioAI, and five recent state of the art 
EEG and cardiac risk prediction models. In 
contrast to other methods and algorithms based on 
the single data modality, NeuroCardioAI 

combines EEG, cognitive, and cardiovascular 
data with the help of CNN-Transformer. The 
multi-modal innovation of this fusion strategy 
results in the greatest accuracy of 96.89 as it 
exhibits better predictive performance. 

 

Figure 9: Accuracy Comparison of NeuroCardioAI With Recent EEG and Cardiac-Based Deep Learning Models 
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In Fig. 9, the model accuracy of the proposed 
NeuroCardioAI framework is compared to five 
contemporary and pertinent deep learning models 
based on EEG- and cardiac-based approaches, 
i.e., [1], [3], [7], [20], and [35]. The proposed 
model has the highest accuracy of 96.89, 
evidently outperforming single-modality based 
models like those by Chung et al. [3] (95.36%) 
and Priyadarshani et al. [1] (94.12%). These 
previous studies involve EEG or ECG 
measurements solely and are unable to address 
complicated interactions of neural and cardiac 
events. 

Accuracies reported by Ahmed et al. [7] and 
Engemann et al. [20], who concentrated on 
neurological predictions and aging-related 
predictions based on EEG signals and M/EEG 
signals, respectively, are lower, at 93.80% and 
92.50%. The articles by Pan et al. [35], which 
employed CNN to predict heart disease using 
ECG signals, reported 94.60, which shows the 
power of CNN in univariate cardiac studies. None 
of the mentioned models, however, integrates the 
markers of cognitive functions or does the fusion 
between the fields of neurology and 
cardiovascular. 

NeuroCardioAI, on the other hand, uses a hybrid 
CNN-Transformer, which is called 
BrainWaveHeartNet to combine EEG brainwave 
activity, cognitive test performance, and 
cardiovascular biomarkers. This combination 
leads to a more detailed representation of features 
and greater predictive power. The background 
Adding to the Hi-Tech breakthrough The system 
marks a new level in the domain of neurology-
cardiology integration into cardiac risk prediction, 
establishing a new precedent in AI-driven 
neurocardiology systems in the future. 

5. DISCUSSION 

Motivation: It is time to have more accurate and 
preventative measures on early risk prediction of 
the cardiovascular diseases (CVDs) in light of the 
increasing morbidity and mortality in the world 
today. Traditional approaches to cardiac risk 
assessment have a strong reliance on a few 
physiological factors such as blood pressure, 
cholesterol or ECG reading but do not often 
consider neurobiological processes that are 
closely coupled with cardiovascular risk [1]. 
Although recent advances have explored the 
application of the brainwave data (EEG) or 
cognitive markers to diagnose, very little is 
known about its use in cardiac risk prediction. As 

it can be seen in the literature reviewed in this 
paper, the current models generally process the 
unimodal data and classical to moderately deep 
learning models, which do not consider the 
complex dependence relationship between brain 
activity, cognitive wellness, and cardiovascular 
metrics. 

In this study, we have attempted to address these 
deficiencies and propose NeuroCardioAI, a new 
AI-based program capable of forecasting cardiac 
risk based on a blend of diverse data, such as EEG 
brainwave signals, indicators of cognitive 
functions, and cardiovascular data. The 
architecture of BrainWaveHeartNet, a CNN-
Transformer hybrid model that learns the spatial 
properties of the EEG and temporal properties of 
the cognitive tests is the main novelty. The 
framework employs multi-modal fusion strategy, 
which enhances the representation of the features 
as well as enabling the learning using 
heterogeneous input. Compared to virtually all 
state-of-the-art models available in literature 
which are confined to either neurological or 
cardiac features, NeuroCardioAI combines the 
realms of neurology and cardiology into a single 
prediction model. 

The results of the experiments indicate that the 
proposed model is significantly more effective 
than benchmark models like SVM, Random 
Forest, and XGBoost on each metric reporting 
their accuracy at 96.89-percent and AUC-ROC at 
98.63. These results prove effectiveness of the 
suggested architecture and explain the 
development of multi-modal deep learning 
strategies in personalized healthy risks 
stratification. With no fewer than five modality 
constraints that the research overcame, it provides 
a pathway toward clinically applicable, non-
invasive and real-time predictors of cardiac risks. 
Section 5.1 gives the restrictions of this study and 
indicates future research directions. 

5.1 Limitations of the Study 

There are three limitations in the present study. 
First, open EEG and cognitive datasets provide 
limited diversity in populations, which may 
impact generalizability to demographics. Second, 
although the model unites multi-modes data, real-
time streaming, and hardware-level 
synchronization to implement the model in a 
clinical environment were not tested. Third, the 
deep learning architecture is not only practical, 
but also demands extensive computational 
capabilities, which can be a barrier to its use on 
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resource-limited edge devices. Overcoming these 
drawbacks in subsequent research would improve 
clinical usability, practicality, and strength of the 
model in various patient groups. 

6. CONCLUSION AND FUTURE WORK  

In conclusion, this study presented 
NeuroCardioAI, a multimodal deep learning 
framework for cardiac risk prediction by 
integrating EEG signals, cognitive markers, and 
cardiovascular parameters. The proposed 
BrainWaveHeartNet architecture and attention-
based multimodal fusion achieved 96.89% 
accuracy, 96.40% precision, 97.10% recall, 
96.75% F1-score, and 98.63% AUC-ROC, 
demonstrating the potential benefit of combining 
complementary information from multiple 
modalities. The ablation analysis further indicated 
that multimodal configurations provided better 
performance than individual modalities. Despite 
these promising results, the current study has 
limitations, particularly the use of simulated 
multimodal data and the need for further 
validation using larger, real-world, patient-level 
datasets. Future work will therefore focus on 
validating the framework using clinically 
collected multimodal data, improving cross-
modal representation learning, incorporating 
more advanced temporal and attention 
mechanisms, and evaluating the model across 
diverse patient populations. Further investigation 
of model interpretability and prospective clinical 
validation will also be necessary before practical 
deployment in real-world healthcare settings. 

This study introduces NeuroCardioAI which is an 
AI-based multi-modal deep learning system that 
delivers precise projections of cardiac risk using 
EEG brainwave patterns, cognitive and 
cardiovascular indicators. The proposed 
BrainWaveHeartNet model is superior to the 
conventional single-modality models of its nature, 
by overcoming the limitations of the latter, 
combining hybrid CNN-Transformer architecture 
and multi-modal feature fusion in its nature. The 
model had a significant accuracy of 96.89% and 
an AUC-ROC of 98.63 hence its potential to be 
used as a non-invasive, real-time cardiac risk 
assessment model. This transdisciplinary method 
lies in the gap between meanings of neurology and 
cardiology and provides other options to provide 
individual-centered preventive treatments to the 
clinical practice. Even though the results of the 
study are promising, limitations such as the 
limitations on the diversity of the data sets, lack of 

real-time deployment validation, and optimization 
on low-resource devices are noted. Future 
research has a clear line of study on these aspects. 
Generalizability will be enhanced by expanding 
the data with longitudinal and demographically 
diverse populations. The incorporation of real-
time data-collection with wearable EEG and 
cardiovascular sensors will permit clinical 
prototyping. Besides, the method of model 
compression and optimization of the edges must 
be investigated, to facilitate the ability of 
deployment in mobile or IoT-enabled health 
settings. To sum up, NeuroCardioAI is a major 
step in AI-based neurocardiology and its 
development in the future will bolster its scale, 
accuracy, and practical applicability to early 
cardiac risk detection.  
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