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Abstract 

The increasing demand for efficient and accurate disease diagnosis in Internet of Medical Things 

(IoMT)-based smart healthcare systems necessitates advanced predictive models that capture 

complex temporal dependencies in Electronic Health Records (EHR) data. However, existing 

approaches often struggle with long-term dependency modelling, feature redundancy, and 

computational inefficiency, which limits their applicability in real-world clinical settings. To address 

these challenges, this research introduces the Deep Learning EHR-Based Temporal Attention Flow 

(Deep EHR-TANFlow) framework. This novel architecture processes structured EHR data without 

requiring direct physical intervention. The framework begins with a robust preprocessing pipeline 

that incorporates KNN imputation for missing values, Min–Max scaling for normalization, and  

a sliding-window strategy to generate refined temporal segments. This ensures high-quality, 

structured input suitable for effective temporal predictive modelling. At its core, the framework 

employs the CNN–BiGRU Temporal Attention Network (CG-TAN), developed specifically for IoMT-

based healthcare monitoring. The model integrates Convolutional Neural Networks (CNN) for local 

feature extraction, Bidirectional Gated Recurrent Units (Bi-GRU) for modelling forward and 

backward temporal dynamics, and a Self-Attention (SA) mechanism to enhance global contextual 

representation. This hybrid architecture effectively captures both local and global dependencies 

within patient data, significantly improving disease prediction and risk assessment. Experimental 

results demonstrate that the proposed system achieves superior diagnostic performance, attaining 

98% accuracy, 98.12% precision, and 98.08% F1-score. These findings highlight the resilience, 

efficiency, and low computational complexity of the Deep EHR-TANFlow framework, making it  

a dependable solution for IoMT-based continuous health monitoring and automated risk assessment 

while ensuring reliable information extraction and enhanced patient safety. 
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Introduction 

The rapid expansion of the Internet of Medical 

Things (IoMT) has transformed healthcare 

monitoring by enabling real-time collection, 

processing, and transmission of patient data 

through interconnected medical devices and 

wearable sensors (Pradyumna et al., 2024). IoMT 

facilitates continuous health monitoring, 

enhancing accessibility, early diagnosis, and the 

management of various medical conditions 

(Adewole et al., 2021). By integrating intelligent 

sensors with cloud computing and AI-driven 

analytics, IoMT has shifted conventional 

healthcare models toward proactive, personalized, 

and patient-centric solutions (Badawy, 2023). 

These advancements not only improve clinical 

outcomes but also reduce hospital visits and 

support remote monitoring, thereby alleviating 

pressure on healthcare infrastructure. 

One of the significant advantages of IoMT-

based healthcare systems is that these systems are 

able to provide real-time insights into the 

physiological state of a patient (Mishra & Singh, 

2023). Wearable devices such as smart watches, 

biosensors, and smart medical implants 

continuously track vital health parameters, 

including heart rate, blood pressure, oxygen 

saturation, and glucose levels. These data streams 

are transmitted to cloud platforms where advanced 

machine learning models analyze trends, detect 

anomalies, and generate actionable insights 

(Prieto-Avalos et al., 2022). The integration of AI 

with IoMT significantly enhances early diagnosis, 

enables timely interventions, and supports 

personalized treatment planning, improving 

overall system efficiency. 

Despite its extensive benefits, IoMT-based 

healthcare monitoring faces critical challenges 

related to data security, privacy, and 

interoperability (Al Khatib et al., 2024). The 

massive volume of medical data produced by 

IoMT devices increases the risk of cyberattacks, 

underscoring the need for robust encryption, 

secure communication protocols, and Blockchain-

enabled security mechanisms (Lodha et al., 2023). 

Additionally, heterogeneity in device formats, data 

structures, and communication standards creates 

significant interoperability barriers, emphasizing 

the need for standardized protocols to enable 

seamless data exchange across healthcare 

platforms. Addressing these challenges is essential 

for the reliable and safe deployment of IoMT 

solutions in clinical environments (Wagan et al., 

2022). 

 

 
IoMT has also enabled major advancements 

in remote patient monitoring (RPM), which is 

especially valuable for individuals with chronic 

diseases such as diabetes, hypertension, and 

cardiovascular disorders (Boikanyo et al., 2023). 

RPM systems continuously track patient health 

metrics and enable clinicians to provide remote 

consultations, reducing unnecessary hospital visits 

and allowing healthcare providers to focus 

attention on high-risk patients who require 

immediate care (El-Rashidy et al., 2021). This 

enhances patient convenience while optimizing 

healthcare resources. 

Moreover, IoMT-driven predictive analytics 

has become a key component of modern healthcare 

decision-making. Predictive models leverage both 

historical and real-time data to identify potential 

health risks, recommend preventive measures, and 

improve treatment strategies (Rashmi & Gomathi, 

2024). The integration of deep learning techniques 

with IoMT allows clinicians to anticipate disease 

progression, detect early signs of deterioration, and 

deliver personalized interventions (Awotunde  

et al., 2022). This data-driven approach enhances 

diagnostic accuracy and advances precision 

medicine, ultimately improving overall healthcare 

quality (Hsiao et al., 2022). 

In summary, IoMT has emerged as  

a transformative force in healthcare monitoring, 

enabling intelligent, data-driven, and proactive 

patient care (Yadav, 2024). Although challenges 

related to data security, interoperability, and 

computational complexity persist, advancements 

in AI, cloud computing, and blockchain 

technologies continue to demonstrate significant 

potential in addressing these limitations. By 

harnessing the capabilities of IoMT, healthcare is 

moving toward smart, personalized, and highly 

efficient systems that enhance disease prevention, 

early detection, and effective treatment, ultimately 

improving global health outcomes. Although 

hybrid CNN–RNN–Attention architectures have 

been explored in prior studies, most existing 

approaches are not optimized for the irregular, 

incomplete, and temporally heterogeneous nature 

of IoMT-based EHR data. This work introduces 

the Deep EHR-TANFlow Framework, which 

differs from conventional BiGRU-Attention 

models through: 

• A domain-specific hybrid CG-TAN 

architecture that integrates CNN, BiGRU, 

and Self-Attention explicitly for structures 

IoMT EHR sequences, enabling  
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simultaneous local pattern extraction, long-

term temporal modelling, and global 

dependency learning. 

• A dedicated EHR preprocessing pipeline 

where KNN imputation, Min-Max 

Normalization, and sliding window temporal 

segmentation are designed to handle missing 

IoMT readings and irregular time intervals. 

• A temporal Attention Flow mechanism that 

enhances representation quality by 

suppressing redundant features and 

emphasizing critical indicators. 

• A lightweight architecture with low 

computational complexity, achieving 98% 

accuracy while remaining feasible for real-

time IoMT devices. 

• Integrated risk-score prediction, which 

extends beyond traditional disease 

classification to support early clinical 

intervention. 

 

The remaining content of the study article is 

as follows: the related papers are discussed in the 

next section, and the 3rd section discusses the 

HRNN-based technique suggested in the model. 

Section 4 presents the system evaluation and 

discusses the results. Section 5 concludes with  

a review of the results and guidance for predictive 

work in the healthcare industry. 

Related Works 

Numerous studies have been conducted on the new 

technique known as IoMT. Numerous articles have 

been written by researchers from various angles, 

focusing on specific problems and challenges in 

applying AI technologies. 

Islam et al. 2020 developed a smart 

healthcare system using IoT to monitor patient 

health and room conditions in real-time. The 

system, which included five sensors, had an error 

percentage of less than 5% in all cases. The system 

communicated patient conditions to medical staff 

via an online portal, enabling real-time processing 

and analysis. However, the system lacked 

advanced predictive analytics, limiting its ability to 

provide proactive healthcare interventions. 

Building upon IoT-enabled healthcare solutions, 

(Dahan et al., 2023) developed an AI-powered 

IoMT telemedicine infrastructure for E-

Healthcare, aiming to improve patient monitoring, 

prediction, diagnosis, and treatment. They 

collected patient data using wearable sensor 

devices and transmitted it via a gateway/Wi-Fi to 

an IoMT cloud repository. The data were 

preprocessed, features extracted, and classified 

using Hybrid ResNet-18 and GoogleNet 

classifiers. The system's efficiency was validated 

through performance analysis, but challenges were 

encountered in handling real-time data 

transmission delays, impacting the responsiveness 

of healthcare alerts.  

Similarly, (Akhtar et al., 2023) presented  

a smart healthcare system that uses IoT devices to 

improve disease prediction and monitoring. In 

their investigation, patient data was first obtained 

using IoMT devices and then processed. 

Preprocessing includes removing damaged data 

and reducing noise to improve data quality. 

Wavelet entropy computation was used for feature 

extraction, while deep features were obtained 

using a Convolutional Neural Network (CNN). 

Both wavelet entropy and deep features were 

adaptively fused using an enhanced metaheuristic 

technique called adaptive wavelet entropy deep 

feature fusion. The final classification was 

performed using an Improved Recurrent Neural 

Network, with the RNN weights improved using  

a novel Multi-Verse Strategy-based African 

Vulture Optimization Algorithm (MVS-AVOA). 

While the system showed improved categorization 

performance, it struggled to handle large-scale 

healthcare datasets, resulting in increased 

computational overhead and slower processing 

times. 

In an effort to enhance predictive modelling 

in healthcare, (Dileep et al., 2023) used the UCI 

heart disease dataset and a real-time dataset to 

compare DL techniques with traditional methods. 

They proposed a cluster-based bidirectional long 

short-term memory model to improve accuracy. 

The C-BiLSTM model was compared with 

traditional classifiers like Regression Tree, 

Support Vector Machine, Logistic Regression, K-

Nearest Neighbors, Gated Recurrent Unit, and 

Ensemble methods. However, the study faced 

limitations in handling class imbalances, leading to 

biased predictions, especially for minority-class 

samples. Focusing on the predictive potential of 

ML in IoMT, [Divya et al., 2021] investigated the 

application of machine learning to manage the 

massive amounts of data generated by IoMT 

devices for cardiac disease prediction. Several 

machine learning techniques were used to improve 

prediction accuracy, with logistic regression 

showing the best results. To increase accuracy,  

a majority voting technique was used, which 

produced better results than individual models. 

However, the study encountered difficulties 

generalizing the model to diverse patient 

populations, resulting in reduced effectiveness 

with heterogeneous data. 
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Further advancing remote health monitoring, 

(Venkateswarulu et al., 2023) developed an ML-

based remote health monitoring framework to 

predict heart disease and diabetes using medical 

datasets. The framework uses industry-based smart 

devices to collect patient health information, which 

is then integrated through various nodes. The 

medical dataset undergoes preprocessing to 

normalize attributes and eliminate irrelevant 

features. The Unified Levy Modeled Crow Search 

Optimization algorithm is applied for optimal 

feature selection. The Most Probabilistic Guided 

Naïve Distribution classification model is used to 

predict a patient's health status. However, the study 

faced challenges in handling real-time data 

variations, making it difficult to adapt to dynamic 

patient health conditions. 

Expanding the application of IoMT to elderly 

care, (Khan et al., 2021) studied how to improve 

elderly care services by identifying the essential 

requirements of an elderly healthcare system. They 

used machine learning techniques such as SVM, 

KNN, and DT to improve predictive performance. 

The study found that the elderly healthcare service 

interface within the IoMT showed high accuracy 

during validation. However, the study faced 

limitations in adapting to the personalized, 

evolving healthcare needs of older adults, making 

it difficult to provide fully customized care 

recommendations. 

Focusing on neurological health monitoring, 

(Bhatt and Sharma, 2023) studied the 

implementation of an IoT-based system for 

continuous tracking of EEG limits in rehabilitation 

facilities. Their research focused on using EEG 

technology to identify changes in brain activity 

during treatment, which could increase therapy 

efficacy and functional outcomes. The study 

underscored the need to detect neurological 

alterations early in individuals suffering from acute 

ischemic stroke, as stroke-in-evolution or early 

neurological deterioration is frequently associated 

with poor clinical outcomes. The study aims to 

facilitate early stroke detection using an IoMT-

based approach, allowing for prompt intervention 

and reducing consequences. Furthermore, the 

study advocated using wearable sensors that 

monitor and analyze brain activity to improve 

stroke treatment and reduce complications. 

However, the study faced limitations, including the 

susceptibility of EEG signals to environmental 

noise and motion artifacts, which could impair the 

accuracy of brain activity measurements. 

Together, these studies highlight the evolving 

role of IoMT and AI-driven technologies in 

enhancing patient monitoring, disease prediction, 

Table 1. Novelty Comparison of Deep EHR-TANFlow with Existing Works 

 

Study / Model 
DL 

Architecture 

Handles 

Missing 

& 

Irregular 

EHR 

Data 

Local 

Pattern 

Extraction 

(CNN) 

Long-Term 

Temporal 

Dependency 

Modeling 

Global 

Attention 

Risk-

Score 

Prediction 

Computational 

Complexity 

Novelty Gap / 

Limitation 

Islam et al., 

2020 

IoT Sensors + 

Rule-Based 

Monitoring 
✖ ✖ ✖ ✖ ✖ Low 

No predictive 

modeling / Only 

monitoring 

Dahan et al., 

2023 

Hybrid 

ResNet-18 + 

GoogleNet 
✖ ✔ ✖ ✖ ✖ High 

No temporal 

modeling; heavy 

architecture 

Akhtar et al., 

2023 

CNN + 

Improved 

RNN (MVS-

AVOA 

optimized) 

✖ ✔ ✔ ✖ ✖ Very High 

Computationally 

expensive; poor 

scalability 

Dileep et al., 

2023 

Cluster-Based 

BiLSTM 
✖ ✖ ✔ ✖ ✖ Moderate 

Fails to handle 

class imbalance; 

no IoMT focus. 

Divya et al., 

2021 

ML models + 

Majority 

Voting 
✖ ✖ ✖ ✖ ✖ Low 

No temporal or 

deep feature 

learning 

Venkateswarulu 

et al., 2023 

Feature 

Optimization 

+ Naïve 

Classifier 

✖ ✖ ✖ ✖ ✖ Low 

Not adaptable to 

dynamic real-

time IoMT data 

Khan et al., 2021 
SVM, KNN, 

DT 
✖ ✖ ✖ ✖ ✖ Low 

No deep temporal 

modeling; lacks 

personalization 

Bhatt & Sharma, 

2023 

IoT-based 

EEG 

Monitoring 
✖ ✖ ✖ ✖ ✖ Moderate 

Sensitive to 

noise; lacks 

multimodal EHR 

fusion. 

Proposed Deep 

EHR-TANFlow 

CNN + 

BiGRU + 

Self-Attention 

+ TANFlow 

✔ ✔ ✔ ✔ ✔ Low 

Specifically 

designed for 

IoMT-based EHR 

with local–global 

temporal learning 

and clinical risk 

interpretation 
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and remote health care services. While existing 

studies have demonstrated the potential of 

IoT/IoMT-enabled systems for patient monitoring 

and disease prediction, most current DL-based 

healthcare frameworks rely on traditional 

architectures such as CNNs, RNNs, LSTMs, 

GRUs, or hybrid models with basic attention 

mechanisms. These methods often suffer from 

critical limitations, including: 

• Inadequate handling of irregular and 

incomplete EHR sequences. 

• Insufficient modelling of long-term 

dependencies. 

• Inability to simultaneously capture local 

(spatial) and global (temporal) patterns. 

• Computational inefficiency when deployed 

on IoMT devices. 

• Lack of risk-score-driven clinical 

interpretation. 

 

The proposed Deep EHR-TAN Flow 

framework distinguishes itself by introducing  
a domain-specific hybrid CNN-BiGRU-Self-

Attention architecture optimized for IoMT-based 

EHR data. Unlike prior work, it incorporates  
a Temporal Attention Flow mechanism, sliding-

window segmentation, and a lightweight 

architecture suitable for real-time IoMT 

deployment, while also providing risk-score-based 

explanations aligned with clinical assessment 

procedures. 

To clearly highlight the novelty relative to the 

existing literature, Table 1 presents a structured 

comparison. 

Proposed Methodology 

Existing approaches to disease diagnosis in IoMT-

based smart healthcare systems often face 

challenges such as long-term temporal 

dependencies, feature redundancy, and 

computational inefficiencies. Traditional machine 

learning models, although effective in certain 

scenarios, are often unable to capture the complex 

temporal patterns inherent in Electronic Health 

Records (EHR) data, leading to suboptimal 

predictive performance. Additionally, many 

current frameworks rely on handcrafted feature 

selection methods, which may overlook important 

latent patterns within patient health records. 

Another major challenge is the high dimensionality 

of structured healthcare data, which often increases 

computational complexity and prolongs processing 

time. These limitations hinder the practical 

adoption of predictive models in healthcare 

environments, where timely and accurate disease 

identification is critical. 

To address these challenges, this study 

introduces the Deep Learning EHR-Based 

Temporal Attention Flow (DeepEHR-TANFlow) 

framework, a novel methodology designed to 

enhance disease diagnosis and risk assessment in 

IoMT-based smart healthcare systems. The overall 

processing flow of the proposed framework is 

illustrated in Figure 1, and its pseudo-code is 

presented in Algorithm 1. DeepEHR-TANFlow 

employs advanced deep learning techniques to 

process structured EHR data efficiently, enabling 

accurate risk predictions without requiring direct 

physical intervention. The framework consists of 

three primary stages : (i) preprocessing, (ii) feature 

extraction and sequence modelling, and (iii) 

prediction and risk assessment. 

In the preprocessing stage, the framework 

ensures high-quality input data through KNN 

imputation for missing values, Min-Max scaling 

for numerical feature normalization, and a sliding-

window technique for segmenting time-series data. 

This step refines the dataset by eliminating 

inconsistencies while preserving temporal 

relationships, which is essential for accurately 

capturing disease progression patterns. At the core 

of the system lies the CNN-BiGRU Temporal 

Attention Network (CG-TAN), specifically 

developed for IoMT-based healthcare monitoring 

using structured EHR data. To address this 

requirement, the CG-TAN architecture integrates 

Convolutional Neural Networks (CNNs) to extract 

localized semantic features and preserve spatial  

 

 
 

Figure 1. Working process of the proposed 

methodology 
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relationships within structured health variables. 

Subsequently, Bidirectional Gated Recurrent Units 

(Bi-GRU) efficiently learn forward and backward 

temporal dependencies, enabling the model to 

represent short-term physiological dynamics in 

patient data. 

Furthermore, a Self-Attention (SA) 

mechanism is incorporated to enhance global 

contextual understanding by prioritizing clinically 

significant patterns while suppressing redundant or 

noisy signals. Traditional boosting models cannot 

inherently learn these hierarchical temporal 

abstractions. Although TabTransformer introduces 

attention-enhanced tabular learning, it does not 

explicitly support recurrent sequence modelling 

and typically requires larger datasets for stable 

performance. In contrast, the hybrid CNN-BiGRU-

Attention architecture is computationally 

lightweight, making it suitable for IoMT 

environments, while offering superior 

representational capability for micro-temporal 

EHR patterns. Finally, the Prediction & Risk 

Assessment stage uses these enriched temporal 

embeddings to classify disease risk and estimate 

future health deterioration, producing risk scores 

that help clinicians make early, informed, and 

precise interventions. 

The DeepEHR-TANFlow Framework 

addresses the constraints of earlier methodologies. 

It introduces an enhanced deep learning-based 

predictive model, resulting in a scalable and 

efficient solution for illness diagnosis in IoMT-

based smart healthcare systems. Its low 

computational complexity and high prediction 

accuracy make it an attractive option for health 

monitoring, leading to better patient care and more 

efficient use of medical resources. 

 

Algorithm 1: DeepEHR-TANFLOW Model 

Execution 

Input: Preprocessed EHR dataset 

Apply KNN imputation to handle missing values 

Normalize numerical features using Min-Max 

scaling. 

Segment time series data with the Sliding Window 

approach. 

Extract spatial features using CNN 

Apply Bi-GRU for sequential modelling. 

Enhance feature representation with multi-head 

self-attention 

Pass extracted features through FC layers. 

Use Sigmoid for probabilistic risk estimation. 

Output: Disease risk prediction with confidence 

score. 

 

 

 

Data Preprocessing 

Existing systems often struggle with 

incomplete datasets and inconsistent pre-

processing techniques, resulting in erroneous 

predictions. To address these difficulties, a robust 

pre-processing pipeline is implemented. This 

includes KNN imputation for data imputation, data 

normalization to prevent skewness, and time-series 

segmentation using a sliding-window technique. 

These steps ensure complete, unbiased data 

without skewness, enhancing model performance 

and ensuring high-quality, complete data. 

 

KNN Imputer 

Information compiled from multiple sources 

may be incomplete in certain areas due to errors in 

data extraction. As a result, handling missing 

information is a crucial step in data preprocessing. 

Selecting the imputation technique is crucial 

because it can significantly affect the model’s 

performance.  KNN imputer is a popular technique 

for imputing missing values. It is widely used as an 

alternative to traditional imputation methods 

[Chen and Li, 2022]. When calculating nearest 

neighbours, the KNN imputer uses the Euclidean 

distance matrix, which removes missing values 

and assigns greater weight to non-missing 

coordinates. 
 

𝐷𝑥𝑦

= √𝑤𝑒𝑖𝑔ℎ𝑡 ∗ 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠 

 (1) 

 

Where;  
 

𝑤𝑒𝑖𝑔ℎ𝑡 =
𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑠𝑒𝑛𝑡 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠
 (2) 

 

The second method for managing the data is 

to eliminate any missing values.  

 

Data Normalization 

It is a critical step in DL, especially when 

dealing with health data that can vary significantly 

in scale. The purpose is to align the values in the 

database to the same scale while preserving the 

diversity of their ranges. In healthcare datasets, 

features may be measured in different units, 

leading to scale variability that can negatively 

impact model performance. This work employed 

Min-Max normalisation, which rescales the 

information to a predetermined range. [0,1], to get 

around this problem. 
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𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
 (3) 

 

This will maintain the relative relationships 

among values and ensure that all input features are 

on a similar scale, thereby preventing skewness 

and enhancing the model’s learning capabilities. 

 

Sliding Window 

Time series segmentation is crucial for 

healthcare applications, as it allows models to learn 

from fixed-length sequences of data points rather 

than the entire dataset at once. Existing methods 

often fail to segment time-series data, leading to 

the loss of important temporal relationships and 

difficulty capturing the varying lengths of health 

events. The Sliding Window Technique for this 

process offers several benefits, including the 

creation of fixed-length sequences, capturing 

temporal dynamics, and flexibility in sequence 

length. 

This preprocessing stage is crucial for 

ensuring the quality, consistency, and reliability of 

EHR data before it is fed into the predictive model. 

By addressing missing values, normalizing data, 

and segmenting time-series records, this stage 

effectively refines raw healthcare data to improve 

model performance. These preprocessing 

techniques not only mitigate inconsistencies and 

feature redundancy but also preserve the temporal 

integrity of patient health records, allowing for 

more accurate disease prediction and risk 

assessment. By standardizing and structuring the 

input data, the proposed preprocessing pipeline 

significantly enhances the efficiency of subsequent 

DL-based feature extraction and sequence 

modelling, ultimately contributing to the 

robustness and reliability of the DeepEHR-

TANFlow framework in IoMT-based healthcare 

systems. 

Although the Kaggle Heart Disease dataset is 

static and does not contain real, timestamped 

longitudinal records, temporal dependencies were 

simulated using a controlled sliding-window 

mechanism applied to feature-perturbed 

sequences. For each patient instance, micro-

temporal variations were generated using clinically 

valid transformations such as small fluctuations in 

blood pressure, cholesterol, heart rate, and ST-

segment measures. This allowed the model to 

observe short-term dynamics that resemble 

physiological variations typically recorded in 

clinical monitoring systems. Each synthetic 

sequence preserves the original feature distribution 

while introducing medically meaningful 

variability. This approach is widely used in studies 

that apply sequence models to static clinical 

datasets and enables CNN-BiGRU-Attention 

networks to learn progression-like patterns rather 

than treating each record as an isolated snapshot. 

 

CNN-GRU Temporal Attention Network  

Existing predictive models for disease 

diagnosis in IoMT-based smart healthcare systems 

face several challenges, primarily related to 

handling long-term dependencies, feature 

redundancy, and computational inefficiencies. 

Traditional ML and DL approaches often struggle 

with capturing temporal dependencies in EHR 

data, leading to suboptimal predictions. 

Additionally, processing high-dimensional data 

increases computational complexity, limiting the 

scalability and applicability of these models in 

dynamic healthcare environments. To address 

these issues, CG-TAN is a novel DL architecture 

designed to efficiently process and analyze time 

series EHR data in IoMT-based healthcare 

systems. The architecture leverages the combined 

strengths of CNN, BiGRU, and SA to enhance 

feature extraction, temporal dependency 

modelling, and overall predictive accuracy. The 

combination of these components enables the 

network to efficiently capture both local and global 

patterns in patient health data, improving illness 

diagnosis and risk assessment. Figure 2 shows the 

architecture of the CG-TAN model. 

Convolutional Neural Network For Feature 

Extraction 

The first stage of the CG-TAN employs  
a CNN module designed to extract meaningful 

geographic and local features from structured EHR 

data. Given the time-series nature of EHRs, this 

CNN employs 1D convolutional layers (Conv1D), 

making it well-suited to processing sequential 

medical data. 

 

1D Convolutional Layer for Temporal Feature 

Extraction 

The 1D convolutional layer is critical for 

recognizing local patterns and correlations in 

sequential health records. 1D convolutional layers 

apply sliding filters to the input data to detect 

patterns such as fluctuations in vital signs, 

 
 

Figure 2. Architecture of the proposed CG-TAN 
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unexpected changes in test results, or recurring 

abnormalities in clinical parameters. These 1D 

filters move along the time axis of patient data, 

capturing temporal correlations between 

consecutive health events. Each convolutional 

layer consists of multiple filters, each of which 

recognizes distinct patterns in the data. For 

example, with an EHR dataset containing variables 

such as blood pressure, heart rate, glucose levels, 

and oxygen saturation, several filters specialize in 

extracting relevant medical patterns for illness 

diagnosis and risk assessment. The learned feature 

maps are then passed to the next layer for further 

refinement. 

 

ReLu Activation for Non-Linearity 

To incorporate nonlinearity into the network 

and improve feature discrimination, the Rectified 

Linear Unit (ReLU) activation function is 

implemented after each convolutional layer. The 

ReLU function is defined as follows: 

 

𝑓(𝑥) = max(0, 𝑥) (4) 

 

This activation function ensures that only 

positive activations are forwarded and all negative 

values are set to zero. ReLU helps prevent the 

vanishing gradient problem, allowing the CNN to 

learn complex patterns more efficiently. Increasing 

activation sparsity also enhances computational 

efficiency, making the model suitable for 

healthcare applications. 

 

Batch Normalization for Stable Training 

To improve convergence speed and stability 

during training, batch Normalization (BN) is 

incorporated after each convolutional layer. It 

normalizes activations across the mini-batch, 

reducing internal covariate shifts and ensuring 

consistent feature distributions. The 

transformation is given by, 

 

𝑥̂ =
𝑥−𝜇

𝜎
 (5) 

 

Where 𝜇 is the batch mean and 𝜎 is the 

standard deviation. After normalization, the two 

learnable parameters scale (𝛾) and shift (𝛽) restore 

flexibility to the network. This normalization 

technique stabilizes learning, mitigates vanishing 

or exploding gradients, and enables higher learning 

rates, ultimately improving the model’s 

generalization capability. 

Once the input EHR data has been processed 

through multiple convolutional layers, ReLU 

activations, and BN steps, the resulting feature 

maps are flattened and passed to the next 

processing stage, the Bi-GRU module. This 

ensures that rich, high-level temporal features 

extracted by the CNN are effectively utilized for 

long-term sequence modelling in the next stage of 

the CG-TAN framework. 

Bi-GRU For Temporal Sequence Modelling 

Since patient health data is inherently 

sequential, capturing long-term dependencies is 

crucial for accurate diagnosis, risk assessment, and 

early intervention. Traditional recurrent neural 

networks (RNNs) struggle to retain long-term 

dependencies due to vanishing gradients, making 

them inefficient for sequential medical data 

analysis. To address these limitations, the CNN 

extracted features are passed into a Bi-GRU 

network. This advanced RNN architecture retains 

critical information across long sequences while 

mitigating memory loss and computational 

inefficiencies. Additionally, traditional LSTM 

networks have been widely used in time series 

modelling but incur higher computational costs 

due to multiple gating mechanisms. Bi-GRU,  
a variant of GRU, simplifies this process by using 

only two gates instead of LSTM’s three gates, such 

as forget, input, and output gates. This reduces 

computational overhead while retaining strong 

memory retention and efficient gradient flow, 

making it ideal for healthcare applications in 

IoMT-based systems. The Bi-GRU extends this 

approach by processing data in both forward and 

backward directions, ensuring a more 

comprehensive understanding of patient health 

trends. The structure of a single Bi-GRU (Anki  
et al., 2021) is shown in Figure 3, which consists 

of  

• Forward GRU Layer: Processes the input 

sequence from the past to the future (left to 

right) 

• Backward GRU Layer: Process the input 

sequence from the future to the past (right to 

left) 

 
 

Figure 3. Architecture of the Bi-GRU model 

Input Layer  

Output Layer

GRU GRU GRU GRU

GRU GRU GRU GRU

Forward

Reverse
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• Concatenation Layer: Combines the outputs 

of both directions to form a rich 

representation of sequential dependencies. 

A GRU unit comprises two major gates, 

• Update Gate (𝑧𝑡):  Determines how much 

past information should be retained or 

updated.  

• Reset Gate (𝑟𝑡): Controls how much past 

information should be forgotten before 

calculating the current state. 

• Concatenation layer: Combines the outputs of 

both directions to form a rich representation 

of sequential dependencies 

 

Figure 4 illustrates the GRU architecture, 

which is a detailed diagram of the forward and 

backward GRU layers, including update/reset 

gates and hidden-state concatenation (Yigit and 

Amasyali, 2022). 

An input sequence 𝑋𝑡 at time step𝑡The 

equations governing GRU behaviour are, 

For the updated Gate, 

 

𝑧𝑡 = 𝜎(𝑊𝑧 . [ℎ𝑡−1, 𝑋𝑡] + 𝑏𝑧  (6) 

 
For reset Gate, 

𝑟𝑡 = 𝜎(𝑊𝑟 . [ℎ𝑡−1, 𝑋𝑡] + 𝑏𝑟  (7) 

 

For Candidate Hidden state, 

 

ℎ𝑡̃ = tanh(𝑊𝑟 . [𝑟𝑡 ⊙ ℎ𝑡−1, 𝑋𝑡] + 𝑏ℎ) (8) 

 
Final Hidden State,  

 

 

 

ℎ𝑡 = (1 − 𝑧𝑡) ⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ𝑡̃  (9) 

 

Where ⊙ represents element-wise 

multiplication, 𝑊𝑧, 𝑊𝑟, 𝑊𝑟 and biases 𝑏𝑧, 𝑏𝑟, 𝑏ℎ 

These are learnable parameters. 

In a Bi-GRU, separate GRU units compute 

hidden states in both directions. 

 

ℎ𝑡
𝑏𝑖 = [ℎ𝑡

𝑓𝑜𝑟𝑤𝑎𝑟𝑑
; ℎ𝑡

𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑] (10) 

 

This results in a richer representation of time-

dependent features, preserving both past and future 

information. 

By combining forward and backward hidden 

states, the Bi-GRU module creates a highly 

informative feature representation for disease 

diagnosis, ensuring the effective modelling of 

sequential dependencies in EHR data. By 

leveraging bidirectional processing, this module 

enhances the model’s ability to detect disease risks, 

predict patient outcomes, and improve overall 

accuracy in IoMT-based smart healthcare 

monitoring systems. This enhanced feature 

representation allows for a more precise 

assessment of patient conditions, facilitating 

timely medical interventions and personalized 

treatment plans. 

To further refine the model's predictive 

capability, Dropout layers are strategically 

incorporated after the Bi-GRU layer. It functions 

as an L2 regularization strategy that prevents 

overfitting by randomly deactivating a fraction of 

neurons during training, thereby reducing reliance 

on specific pathways and encouraging the network 

to learn more robust representations. By ensuring 

that no single neuron consistently dominates the 

learning process on unseen patient data. This is 

particularly important in healthcare applications, 

where overfitting to training data could lead to 

unreliable predictions when applied to diverse 

patient populations. Moreover, dropout helps 

mitigate model variance, ensuring the network 

remains resilient even when faced with noisy or 

incomplete health records.  

By incorporating dropout with Bi-GRU's 

bidirectional learning, the model strikes a good 

balance between complexity and efficiency, 

making it well-suited for IoMT-based smart 

healthcare monitoring systems. This feature-

extraction approach enhances disease risk 

assessment and improves patient outcome 

prediction, contributing to advances in AI-driven 

personalized healthcare. 
 

 

 

 

 
 

Figure 4. Structure of GRU 

σ tanh

   y t-1

Wp

Up

xt

bp

Reset gate

   y t-1 xt

Uh

Wh

bh

1-

σ Update gate

bs

Us
Ws

   y t-1

yt

ut

   y t-1 xt

rt

yt

yt~ 



  

030409-10 The 2023 PKJI Method for Analyzing Road Section Performance with a Website-Based Application 

Multi-Head Self-Attention Mechanism For 

Enhanced Feature Representation 

To further refine CG-TAN's predictive 

capability, a multi-head SA mechanism is 

integrated to dynamically assess and weigh the  
importance of different time steps in the input 

sequence. Traditional DL models process 

sequential data in a stepwise manner, treating all 

time steps with equal significance. However, 

certain clinical events, such as sharp fluctuations in 

vital signs, abnormal lab results, or sudden spikes 

in patient symptoms, carry significantly more 

diagnostic value than routine readings. By utilizing 

an SA mechanism, the model assigns different 

attention scores to various time steps, ensuring that 

critical events and abnormalities in patient data are 

prioritized while minimizing the influence of less 

relevant observations. 

The multi-head aspect of this mechanism 

enables the network to capture different types of 

dependencies within the patient data 

simultaneously. Instead of focusing on a single 

contextual relationship, multiple attention heads 

learn diverse patterns across different segments of 

the sequence, enhancing feature representation and 

improving the robustness of disease classification. 

 
Fully Connected Layers And Final Prediction 

After sequentially passing through the CNN, 

Bi-GRU, and self-attention, the extracted high-

level feature representations are flattened and fed 

into a fully connected layer for classification. The 

flattening operation transforms the multi-

dimensional output of previous layers into a one-

dimensional feature vector, making it suitable for 

processing in a fully connected network. The dense 

layers serve as high-level decision-making units 

that learn complex relationships between extracted 

features and target disease classes. 

The first dense layer applies nonlinear 

activation functions, such as ReLU, to capture 

detailed patterns and correlations in the data. To 

prevent overfitting and improve generalization, 

dropout layers are inserted between dense layers, 

randomly deactivating a fraction of neurons during 

training to promote robust learning. The final 

dense layer uses a sigmoid activation function, 

which maps the output to a probability distribution 

indicating the likelihood of different disease 

categories. This enables accurate classification of 

various health conditions, disease risk assessment, 

and predictive diagnostics, facilitating timely 

medical interventions in IoMT-based smart 

healthcare monitoring systems. 

 

 

Risk-Score Driven Clinical Interpretation  

To move beyond traditional binary disease 

classification, the proposed Deep EHR-TANFlow 

model incorporates a risk-score-driven clinical 

interpretation module that provides a continuous, 

probability-based assessment of heart disease risk. 

Unlike conventional CNN/RNN/Attention models 

that output only categorical predictions, the 

proposed framework calculates a calibrated risk 

score (0-1) derived from the final sigmoid 

activation layer. 

This risk score reflects the severity and 

likelihood of a potential clinical event by 

integrating: 

• Temporal progression patterns captured by 

Bi-GRU 

• Local spatial features extracted by CNN 

• Global dependencies emphasized through 

multi-head self-attention 

• Historical health trends are represented 

across the sliding window segments. 

 

The risk score formulation enables: 

• Quantitate risk stratification (low, medium, 

high risk) 

• Clinically aligned interpretation following 

established cardiovascular risk assessment 

principles and 

• Early intervention support for medical 

professionals by signaling abnormal patterns 

even before disease onset. 

 

This module ensures that predictions are not 

only accurate but also clinically actionable, 

bridging the gap between deep learning outputs 

and real-world medical decision-making in IoMT-

based smart healthcare systems. 

Results And Discussion 

The following section offers a thorough analysis of 

the model's performance, including comparisons. 

It presents the results of applying the suggested 

model to the HD dataset, along with baseline 

models, evaluation metrics, and a discussion of the 

significance of the results. This implementation 

used Python on a Windows 10 (64-bit) operating 

system with an Intel Pentium CPU and 16GB of 

RAM. HD has emerged as a significant health issue 

that, particularly in the elderly, necessitates an 

early medical treatment plan. A sophisticated 

healthcare monitoring system has been developed 

that incorporates learning via teamwork and  
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features unique to people with HD. In remote 

health monitoring, the prognosis of HD is 

predicated on multiple interrelated processes. It 

starts with the continuous collection of patient 

data, made possible by Internet of Things (IoT) 

devices such as wearables and remote health-

monitoring technologies. This information consists 

of symptoms, activity levels, and ECG readings. 

These data streams are preprocessed to preserve 

data confidentiality and integrity before being 

securely transmitted over a cloud-based system. 

 

Dataset Description 

The proposed HD monitoring system uses  
a disease-monitored dataset gathered from the HD 

Dataset, available at the link “Heart Disease 

Dataset (Comprehensive) (kaggle.com)”. The 

largest HD dataset has been generated by 

concatenating eleven common traits from several 

pre-existing datasets. Heart-related disorders 

account for 17.9 million deaths a year, or over  
32 percent of all deaths globally, making heart 

disease the leading cause of death. Heart and blood 

vessel disorders, together known as cardiovascular 

diseases, comprise rheumatoid arthritis, coronary 

heart disease, and cerebrovascular disease. Heart 

attacks and strokes account for four of every five 

CVD deaths, with untimely deaths in those under 

70 accounting for one-third of these cases. To 

provide a robust dataset for scientific inquiry, this 

dataset integrates multiple sources, creating one of 

the largest publicly accessible HD datasets.  The 

inclusion of 11 common features ensures  
a standardized, feature-rich dataset that facilitates 

accurate heart disease classification and early 

detection in IoMT-based smart healthcare systems. 

By employing a publicly available heart 

disease dataset, this study enhances its utility 

through advanced preprocessing techniques. The 

dataset is optimized through feature engineering, 

noise reduction, and temporal segmentation to 

improve disease trend analysis. Additionally, using 

SMOTE to mitigate class imbalance helps ensure 

balanced model training. 

The dataset consists of N total instances, 

distributed across multiple heart disease 

classification categories. Table 2 lists the Key 

parameters of the dataset. 

The dataset is moderately imbalanced, with  
a slightly higher proportion of samples in Class 1. 

While the imbalance is not severe, applying 

SMOTE can further enhance model performance 

by ensuring balanced training. 

This dataset forms the backbone of the CG-

TAN-based heart disease prediction system, 

enabling precise risk assessment, continuous 

patient monitoring, and early diagnosis. By 

leveraging this dataset, the system improves 

decision-making in smart healthcare 

environments, ultimately enhancing patient care 

and clinical outcomes. 

The proposed model was assessed and 

verified using the disease test data file.  The 

essential hyperparameter details for the proposed 

model are represented in Table 3. 

To determine the optimal hyperparameters 

for the proposed model, this research used  

a combination of grid search and heuristic tuning 

(Table 3). An initial grid search was performed 

over key parameters, including learning rate 

(0.0005-0.005), GRU hidden units (64, 96, 128), 

dropout rates (0.2-0.5), and attention-head 

configurations (4, 6, 8). The selected values  

128 GRU hidden units, 0.3 dropout, and 8 attention 

heads consistently yielded the best trade-off 

between convergence stability and predictive 

performance. The 1D convolutional layer with 

kernel size 3 and 32 filters was chosen after 

evaluating multiple configurations, as this setting 

provided effective local feature extraction without 

overfitting. A stratified 70:15:15 train-validation-

test split was used to preserve class balance, and all 

experiments were conducted with fixed random 

seeds to ensure reproducibility across runs.  

 

Table 2. Dataset Hyperparameters 

 
Total Number of Instances 1190 

Number of Features 11 

Class Distribution  

• No Heart Disease (Class 0) 560 

• Heart Disease (Class 1) 629 

 

Table 3. Hyperparameters of the proposed CG-TAN 

Model 

 
Hyperparameter Value/Setting 

Input size 11 (Number of features) 

Conv layer 1D Conv (kernel size=3) 
Activation Function ReLU 

Batch Normalization Applied after 1D Conv 

Recurrent Layer Bi-GRU (2 layers) 
GRU Hidden Units 128 

Dropout Rate 
0.3 (After each Bi-GRU) 

30% 
L2 Regularization 0.0001 

Attention Mechanism Multi-Head Self-Attention 

Number of Attention Heads 8 
Dense Layer 64 Neurons (ReLU) 

Optimizer Adam 

Learning rate 0.001 
Epochs 50 

Batch size 32 

 

https://www.kaggle.com/datasets/sid321axn/heart-statlog-cleveland-hungary-final
https://www.kaggle.com/datasets/sid321axn/heart-statlog-cleveland-hungary-final
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The optimizer (Adam), learning rate (0.001), batch 

size (32), and number of epochs (50) were selected 

based on empirical performance and standard 

practices in training lightweight IoMT-compatible 

deep learning models. The final architecture, 

including 11 input features, two Bi-GRU layers, L2 

regularization (0.0001), and a 64-neuron dense 

layer, was determined through iterative 

experimentation to achieve optimal accuracy while 

maintaining computational efficiency. 

 

Model Performance Evaluation 

Important criteria such as accuracy, 

precision, F1-score, sensitivity (recall), specificity, 

and negative predictive value (NPV) were used to 

evaluate the effectiveness of the proposed model 

for heart disease identification. These measures 

were selected because they provide  

a comprehensive understanding of the model’s 

accuracy in classifying patients by HD risk. 

 

Accuracy: 

The percentage of correctly identified 

positive and negative out of the total number of 

occurrences is used to assess a classification 

model's overall efficacy. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (11) 

 

Precision: 

It is also known as the positive predictive 

value, which is the proportion of TP predictions 

among all positive predictions made by the model. 

It indicates how well the model minimizes false 

positives (FPs), i.e., incorrect predictions of HD. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (12) 

 

F1-Score: 

When a dataset is imbalanced, the harmonic 

mean of accuracy and recall effectively balances 

the two. 

 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (13) 

 

Sensitivity: 

It quantifies the percentage of real positive 

cases that the model accurately detects. It 

emphasizes the model’s ability to minimize false 

negatives (FN), which is critical for disease 

detection. 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (14) 

 

 

Specificity: 

It calculates the number of real negative 

instances the model accurately classifies. It focuses 

on minimizing FPs, ensuring that healthy patients 

are not misdiagnosed as having HD. 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (15) 

 

Negative Predictive Value (NPV): 

It calculates the amount of TN predictions 

within all of the algorithm's negative forecasts. It 

indicates the model’s ability to identify patients 

without HD correctly. 

 

𝑁𝑃𝑉 =
𝑇𝑁

𝑇𝑁+𝐹𝑁
 (16) 

 

The proposed CG-TAN-based heart disease 

prediction system demonstrated exceptional 

performance across multiple evaluation metrics, 

showcasing its robustness and reliability in 

diagnosing heart-related conditions. The evaluated 

performance results of the proposed model are 

shown in Table 4. 

The model achieved an accuracy of 98%, 

indicating its ability to correctly classify both heart 

disease and non-heart disease cases with minimal 

errors. High accuracy ensures the model 

generalizes effectively to unseen data, making it 

well-suited for healthcare applications. 

Furthermore, the precision of 98.12% signifies that 

the model maintains a low FP rate, ensuring that 

individuals without heart disease are not 

misclassified as having the condition. This is 

particularly crucial in medical diagnosis, where FP 

can lead to unnecessary anxiety, additional 

medical tests, and increased healthcare costs. The 

F1-score of 98.08% demonstrates the model’s 

strong balance between precision and recall, 

making it highly effective in handling imbalanced 

datasets by minimizing both FPs and FNs. 

 

 

 

Table 4. Overall performance metrics of the 

proposed method 

 
Metrics Values (%) 

Accuracy 98 

Precision 98.12 

F1-Score 98.08 

Sensitivity 98.35 

Specificity 98.21 

NPV 98.35 
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The sensitivity and NPV of 98.21% and 

98.35% ensure that individuals predicted as not 

having heart disease are highly likely to be 

genuinely disease-free. This enhances the model's 

trustworthiness in clinical settings, where reliable 

negative predictions can prevent unnecessary 

treatments and medical interventions. Overall, 

these outstanding performance metrics validate the 

efficacy of the CG-TAN model in IoMT-based 

smart healthcare systems. The combination of DL 

techniques, such as CNN, Bi-GRU, and SA,  

contributes to the model’s strong predictive 

performance, making it a valuable tool for heart 

disease risk assessment, patient monitoring, and 

early diagnosis. 

The predictive insights from the proposed 

model align with existing clinical understandings 

of heart disease risk factors. The model’s feature-

importance analysis indicates that abnormal 

cholesterol levels, hypertension, and prior cardiac 

conditions significantly contribute to risk 

prediction. Additionally, the model's high 

sensitivity of 98.35% ensures that early-stage heart 

conditions are detected, reducing FNs and 

facilitating timely intervention. 

A confusion matrix was generated to examine 

class-wise prediction behaviour. The proposed 

model demonstrated excellent discrimination 

capability, showing: 

• True Positive (TP): High detection rate of 

heart disease patients 

• True Negative (TN): Very low false diagnosis 

of healthy individuals 

• False Negative (FN): Minimal, supporting 

early disease detection 

• False Positive (FP): Nearly negligible, 

reducing unnecessary clinical interventions 

The confusion matrix in Figure 5 highlights 

the model’s ability to address class imbalance 

while maintaining strong sensitivity and specificity 

in IoMT-based healthcare applications. 

The confusion matrix shows that the model 

performed strongly in distinguishing between 

patients with and without heart disease. Of the 560 

actual non–heart disease cases, the model correctly 

identified 482 as healthy (true negatives) and 

incorrectly classified 78 as having heart disease 

(false positives). For the 629 actual heart disease 

cases, the model successfully detected 564 patients 

(true positives) but missed 65 cases that were 

incorrectly labeled as non-disease (false 

negatives). Overall, the matrix indicates high 

sensitivity and specificity, demonstrating that the 

model is effective in predicting heart disease with 

relatively few misclassifications. 

Figure 6 illustrates the ROC–AUC curve of 

the proposed DeepEHR-TANFlow model, 

showing its excellent discrimination ability across 

varying decision thresholds. This clearly 

demonstrates that the model approaches perfect 

classification performance with minimal overlap 

between positive and negative classes. 

In addition to ROC-based evaluation, the 

learning behavior of DeepEHR-TANFlow was 

further examined through the training and 

validation accuracy–loss curves. The model 

exhibited smooth convergence with stable learning 

dynamics across epochs, demonstrating the 

effectiveness of the underlying optimization 

process and the robustness of the network 

architecture. 

Figure 7(a) shows the training and validation 

accuracies, which rise steadily and remain closely 

aligned, indicating that the model learns 

discriminative temporal–attentive representations  

 

 

 
 

Figure 5. Confusion Matrix 

 
 

Figure 6. ROC–AUC curve of the proposed model 
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without overfitting. Similarly, Figure 7(b) shows 

the training and validation loss curves, which 

decrease steadily and converge, further confirming 

strong generalization performance. 

The dataset was divided into three subsets to 

ensure reliable and unbiased evaluation: 70% for 

training (833 samples), 15% for validation (179 

samples), and 15% for testing (178 samples). This 

stratified partitioning provided a balanced 

distribution of data across both classes, including 

heart disease and No Heart Disease, facilitating  
a fair assessment of the model’s predictive 

capability. 

To further ensure model stability and prevent 

overfitting, several regularization and optimization 

strategies were incorporated. Table 5 summarizes 

the overfitting prevention techniques and their 

observed effects during model training. Dropout 

regularization (30%) effectively minimized neuron 

co-adaptation, reducing the train-validation 

accuracy gap to below 1%. L2 regularization 

strengthened weight smoothing, enhancing 

generalization across unseen samples. Batch 

normalization significantly stabilized gradient 

flow, accelerating convergence by nearly 20%. 

Early stopping with a patience of 10 epochs 

prevented unnecessary training, and the model 

consistently converged around epoch 41. 

Furthermore, 5-fold cross-validation confirmed the 

architecture’s robustness, with fold-to-fold 

performance variance remaining below 0.6%. 

Together, the accuracy/loss curves in Figure 

7 and the observed stabilization effects in Table 5 

demonstrate that the DeepEHR-TANFlow 

framework is not only highly accurate but also 

exceptionally stable, reliable, and generalizable 

across diverse IoMT-driven healthcare scenarios. 

To ensure model generalization, this work 

used 5-fold cross-validation, which showed 

consistent accuracy across validation sets. 

Additionally, regularization techniques, including 

30% dropout and L2 weight decay, were 

incorporated to mitigate overfitting. The Cross-

Validation Results for the proposed framework are 

shown in Table 6. 

The training accuracy remains consistently 

high, ranging from 98.2% to 98.6%, indicating  

that the model effectively learns from the training 

Table 5. Summary of overfitting prevention 

techniques applied in the DeepEHR-

TANFlow model 

 
Technique Purpose Observed Effect 

Dropout (30%) 
Prevent 

overfitting 

Reduced train-val 

accuracy gap to 
<1% 

L2 

Regularization 

(0.0001) 

Weight 
smoothing 

Improved 

generalization 

stability 

Batch 
Normalization 

Gradient 
stabilization 

Faster 

convergence by 

~20% 

Early Stopping 
(patience = 10) 

Avoid 

unnecessary 

training 

Training stopped 
at epoch 41 

5-Fold Cross 
Validation 

Robustness 
Variance across 

folds < 0.6% 

 

 
(a) 

 
(b) 

 

Figure 7. Training and Validation Accuracy 

Curves (a), Loss Curves (b) of Proposed 

Model 

Table 6. Cross-validation results of the proposed 

work 

 

Fold 
Training 

Accuracy (%) 

Validation 

Accuracy (%) 

Fold 1 98.5 97.8 
Fold 2 98.3 97.6 

Fold 3 98.4 97.9 

Fold 4 98.6 98.1 
Fold 5 98.2 97.7 

 



 

 

030409-15 Suranaree J. Sci. Technol. Vol. 33 No. 5; September - October 2026 

data. The validation accuracy is also high, ranging 

from 97.6% to 98.1%, demonstrating strong 

generalization without significant overfitting. The 

variance between training and validation accuracy 

is minimal, confirming the model's robustness and 

preventing overfitting while maintaining high 

predictive performance. 

 

Risk-Score Driven Clinical Interpretation 

To enhance the clinical relevance of the 

proposed Deep EHR-TANFlow framework, 

predicted probability scores obtained from the final 

sigmoid layer were mapped into three clinically 

meaningful risk tiers: Low Risk (0-0.33), Moderate 

Risk (0.34-0.66), and High Risk (0.67-1.00). These 

ranges represent the likelihood of cardiovascular 

abnormality and enable physicians to identify 

disease severity rather than relying solely on binary 

classification. 

Because the final model was trained on  

a dataset containing 1190 patient instances with  

a balanced class distribution (560 No Disease,  

629 Disease), the predicted risk tiers follow  

a proportional pattern consistent with actual 

population trends. The high-risk group contains  

a greater number of patients, reflecting the higher 

prevalence of heart disease in the dataset. The 

moderate-risk group captures borderline cases with 

uncertain or mixed characteristics, while low-risk 

patients correspond to individuals with strong 

negative indicators. Table 7 summarizes the 

number of patients falling into Low-, Moderate-, 

and High-risk groups based on the predicted 

probability ranges. 

The risk distribution shows that: 

• High-risk group (38.7%) aligns closely with 

the higher number of heart disease cases in 

the dataset (629 patients). This indicates that 

the model successfully identifies patients 

with strong clinical indicators suggesting 

cardiovascular abnormalities. 

• Low-risk group (35.3%) closely mirrors the 

non-disease population (560 patients), 

indicating reliable recognition of healthy 

individuals with minimal risk. 

• Moderate-risk group (26.1%) consists of 

patients whose temporal patterns and clinical 

attributes fall into borderline ranges. These 

cases typically require further evaluation, 

follow-up monitoring, or additional 

diagnostic tests. 

 

The calibrated distribution demonstrates that 

risk scores generated by Deep EHR-TANFlow 

provide fine-grained, clinically actionable insights, 

enabling physicians to stratify patients by severity 

rather than relying on a single binary prediction. 

This ensures better clinical decision support, early 

intervention, and more efficient allocation of 

healthcare resources in IoMT-based smart 

healthcare environments. 

 

Clinical Relevance of Selected Features in Heart 

Disease Prediction 

The features used in the DeepEHR-TANFlow 

framework correspond to well-established clinical 

indicators routinely used in cardiology to evaluate 

cardiovascular risk. Each attribute provides direct 

physiological insight into disease progression, 

enabling the model to learn patterns that closely 

align with real-world clinical assessments. 

• Age is one of the strongest predictors of 

cardiovascular events, as vascular stiffness, 

endothelial dysfunction, and plaque 

accumulation increase significantly after 

middle age. 

• Sex influences risk because hormonal and 

anatomical differences result in distinct 

disease patterns between men and women. 

• Resting blood pressure (resting blood 

pressure, or restbps) is clinically associated 

with hypertension, left ventricular 

hypertrophy, and long-term arterial damage, 

making it a critical determinant of heart 

disease.  

• Serum cholesterol (chol) and lipid 

abnormalities contribute to atherosclerotic 

plaque formation, directly increasing the 

probability of coronary artery narrowing. 

• Fasting blood sugar (FBS) reflects glycemic 

regulation and potential diabetes, a major risk 

factor strongly linked with endothelial 

dysfunction and coronary microvascular 

disease. 

• Resting ECG (restecg) measures electrical 

activity of the heart; abnormalities such as 

ST-T changes or left ventricular hypertrophy 

often signal ischemia, conduction blocks, or 

structural heart issues. 

 

Table 7. Risk -Score Distribution for 1190 Patients 

 
Risk 

Category 

Probability 

Range 

Number 

of Patients 

Percentage 

(%) 

Low Risk 0.00-0.33 420 35.3% 
Moderate 

Risk 
0.34-0.66 310 26.1% 

High Risk 0.67-1.00 460 38.7% 
Total - 1190 100% 
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• Maximum heart rate (thalach) represents 

cardiovascular fitness and stress response; 

abnormally low values indicate compromised 

cardiac output and poor myocardial 

perfusion. 

• Exercise-induced angina (exang) reflects 

myocardial oxygen imbalance under physical 

stress, which strongly correlates with 

coronary artery blockages. 

• Oldpeak, representing ST-segment 

depression during exercise, is widely used in 

treadmill ECG interpretation to diagnose 

myocardial ischemia and evaluate the 

severity of coronary obstruction. 

 

Together, these features form the basis of 

standard clinical risk scores, such as the 

Framingham Risk Score, AHA/ACC heart disease  

guidelines, and WHO cardiovascular assessment 

frameworks. By using attributes that map directly 

to established cardiovascular biomarkers, the 

model’s predictions become more clinically 

interpretable and align with diagnostic reasoning 

used by cardiologists. This strengthens the medical 

relevance and real-world applicability of the 

DeepEHR-TANFlow framework. 

The model's risk scores correspond to 

probabilities that reflect the cumulative influence 

of clinically meaningful parameters. For example, 

patients exhibiting elevated blood pressure, 

abnormal ST-segment changes, reduced maximum 

heart rate, and exercise-induced angina naturally 

fall into higher risk categories. This pattern mirrors 

clinical practice, where physicians integrate these 

exact features during treadmill testing, ECG 

evaluation, and routine check-ups. The alignment 

between model-sensitive features and known 

cardiovascular markers supports the framework’s 

validity and potential usefulness in real-world 

diagnostic environments. 

 

Statistical Significance Testing Results 

To rigorously evaluate the performance 

improvements achieved by the proposed 

DeepEHR-TANFlow model, statistical 

significance testing was conducted using results 

obtained from 5-fold cross-validation. The 

proposed model was compared against the 

strongest baseline method (MVS-AVOA-RNN) to 

determine whether the observed performance gains 

were statistically meaningful rather than due to 

random variation. 

The paired t-test results demonstrate 

consistent and significant improvements across all 

evaluation metrics. As shown in Table 8, 

DeepEHR-TANFlow achieves mean performance 

gains of 3.56%-4.03%, with corresponding  

t-values ranging from 6.482 to 7.914. All metrics 

yielded p < 0.001, confirming that the 

improvements in accuracy, precision, recall, and 

F1-score are highly statistically significant at the 

1% significance level. This indicates that the 

model consistently outperforms baseline 

architectures across different cross-validation 

folds. 

To further validate these findings, a non-

parametric Wilcoxon signed-rank test was 

conducted, as shown in Table 9. This test does not 

assume normally distributed differences and 

therefore provides a more robust statistical 

validation. The Wilcoxon results showed Z-scores 

between -2.611 and -2.821, with corresponding p-

values ranging from 0.0024 to 0.0045. These 

values also fall well below the 0.01 threshold, 

reinforcing the conclusion that DeepEHR-

TANFlow offers a statistically significant and 

consistent performance advantage over the 

baseline model. 

Together, the outcomes of both statistical 

tests clearly confirm the reliability, robustness, and 

superiority of the proposed DeepEHR-TANFlow 

framework. The convergence of evidence from 

parametric and non-parametric analyses 

demonstrates that the observed improvements are 

not incidental but are a direct result of the 

architectural enhancements introduced in this 

research. 

To further demonstrate the robustness and 

reliability of the proposed DeepEHR-TANFlow 

model, three statistical visualization analyses were 

incorporated. Figure 8 presents a performance 

comparison using a t-test, illustrating the mean 

accuracy, precision, recall, and F1-score of the 

proposed model against the strongest baseline. The 

Table 8. Statistical Significance Testing Results 

 

Metric 
Mean 

Difference 
t-Value p-Value 

Accuracy +3.78% 7.914 p < 0.001 
Precision +3.56% 6.482 p < 0.001 

Recall 

(Sensitivity) 
+4.03% 7.102 p < 0.001 

F1-Score +3.74% 7.336 p < 0.001 

 

Table 9. Wilcoxon Signed-Rank Test 

 
Metric Z-Score p-Value 

Accuracy –2.673 0.0037 

Precision –2.611 0.0045 
Recall –2.743 0.0030 

F1-Score –2.821 0.0024 
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inclusion of error bars and significance markers 

clearly shows that DeepEHR-TANFlow 

consistently outperforms the baseline model MVS-

AVOA (Akhtar et al., 2023) across all metrics, 

with all improvements recognized as highly 

significant (p < 0.001). 

Figure 9 depicts the per-fold performance 

distribution, providing deeper insight into the 

model’s stability across the 5-fold cross-validation 

setup. The boxplots highlight the narrower 

variance and higher median scores of DeepEHR-

TANFlow, indicating superior consistency and less 

sensitivity to fold-wise data fluctuations compared 

to the baseline. This demonstrates that the model 

maintains reliable performance regardless of 

training subset variations. 

Figure 10 illustrates the statistical 

significance heatmap representing the p-values 

obtained from both the paired t-test and the 

Wilcoxon signed-rank test across all evaluation 

metrics. The predominantly low p-values (p < 

0.01) across accuracy, precision, recall, and F1-

score reaffirm that the observed performance 

improvements are statistically significant and not 

due to random chance. Together, these visual 

analyses strongly validate the effectiveness, 

reliability, and statistical superiority of the 

proposed DeepEHR-TANFlow framework. 

Comparative Analysis 

To evaluate the effectiveness of the proposed 

CG-TAN model, a comprehensive analysis was 

conducted against several existing techniques, 

including PSO-RNN (Chen and Li, 2022), WOA-

RNN (Balakrishnan et al., 2021), SFO-RNN 

(Magacho, et al., 2023), AVOA-RNN 

(Abdollahzadeh et al., 2021), and MVS-AVOA-

RNN. The comparison was performed across six 

key performance metrics, such as accuracy, 

precision, sensitivity, specificity, F1-score, and 

NPV. The results demonstrate that the CG-TAN 

model significantly outperforms all baseline models 

across all evaluation parameters, reinforcing its 

superiority in heart disease prediction. The 

comparative performance analysis is shown in 

Table 10.  

The accuracy of the proposed CG-TAN 

model is 98%, which is notably higher than that of 

the highest-performing existing model, MVS-

AVOA-RNN (94.03%). This substantial 

improvement highlights the robustness of CG-

TAN in making precise predictions and 

minimizing classification errors. The enhanced 

 
 

Figure 8. Performance comparison with 

significance test 

 

 

 
 

Figure 9. Per Fold Performance Distribution (Deep 

Vs Baseline) 

 

 
 

Figure 10. Statistical significance heatmap showing 

p-values obtained from the paired t-test 

and Wilcoxon signed-rank test across all 

evaluation metrics 

 

 

 

Table 10. Comparative performance analysis 

 

Models 
Acc 

(%) 

Prec 

(%) 

Sens 

(%) 

Spec 

(%) 

F1 

(%) 

NPV 

(%) 

PSO-RNN (Chen 

and Li, 2022) 
93.19 93.77 93.32 93.04 93.54 93.04 

WOA-RNN 

(Balakrishnan,  

et al., 2021) 

93.02 93.75 93.00 93.04 96.37 93.04 

SFO-RNN 

(Magacho,  

et al., 2023) 

93.27 94.06 93.16 93.40 93.61 93.40 

AVOA-RNN 

(Abdollahzadeh 

et al., 2021) 

93.10 93.76 93.16 93.04 93.46 93.04 

MVS-AVOA-

RNN (Akhtar,  

et al., 2023) 

94.03 94.56 94.11 93.93 94.34 93.93 

Proposed 98 98.12 98.35 98.21 98.08 98.35 
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accuracy is attributed to the model’s ability to 

effectively extract and process both spatial and 

temporal features using CNN and Bi-GRU layers, 

coupled with a multi-head SA mechanism to 

improve feature representation. 

Similarly, the proposed model achieves  
a precision of 98.12%, which surpasses the best 

precision observed in MVS-AVOA-RNN 

(94.56%), indicating a lower FP rate. This means 

the proposed model is highly reliable at identifying 

patients with heart disease, reducing the risk of 

misclassification and unnecessary medical 

interventions. 

Additionally, the CG-TAN model achieves 

superior results due to its CNN-BiGRU SA 

architecture, which effectively captures spatial and 

temporal patterns in heart disease data. The Bi-

GRU layer ensures efficient sequential learning, 

while the multi-head SA mechanism enhances 

feature representation by focusing on critical 

attributes. Furthermore, dropout layers help 

prevent overfitting, leading to better 

generalization. These enhancements enable the 

model to achieve a higher sensitivity of 98.35%, 

ensuring improved detection of heart disease cases 

while its specificity 98.21% reduces FPs. The Bi-

GRU not only improved computational efficiency 

but also provided comparable, if not superior, 

predictive accuracy, reinforcing its suitability for 

health care applications. The graphical 

representation in Figure 11 further illustrates the 

CG-TAN model’s superior performance across all 

metrics. The combination of advanced feature 

extraction, sequence modelling, and attention 

mechanisms makes the proposed model highly 

effective for accurate risk assessment, early 

diagnosis, and patient monitoring, significantly 

enhancing smart healthcare decision-making. 

 

Comparative Performance Evaluation Based 

On Learning Percentage 

To further assess the effectiveness of the 

proposed model, this study compares its 

performance against existing models across 

varying learning percentages. The key metrics 

used for evaluation are accuracy, precision, and 

F1-score, which provide insights into the model’s 

classification reliability and overall robustness. 

The comparative performance is shown in  
Figure 12. 

 

 

 

 
 

 
 

 
 

Figure 12. Comparative performance analysis based 

on learning percentage 

 
 

Figure 11. Comparative Performance Analysis of 

the proposed model against existing 

methods 
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From this Figure, it is evident that as the 

learning percentage increases, the proposed model 

consistently outperforms all baseline methods. 

Notably, the CG-TAN model exhibits significant 

improvements in accuracy, precision, and F1-score 

compared to its counterparts. The following 

observations can be drawn from the comparative 

analysis. 

 

Accuracy Comparison:  

The accuracy of traditional models gradually 

improves with higher learning percentages but 

remains below 94.5%. The MVS-AVOA-RNN 

shows relatively higher performance among 

existing methods, but it is still significantly lower 

than the proposed model. However, the proposed 

method achieves the highest accuracy of 98.5% at 

an advanced learning stage, highlighting its 

capability to capture intricate patterns and 

dependencies in the dataset. 

 

Precision Comparison:  

The suggested model achieves a notably 

higher precision of 98.12%, ensuring that the 

classification of heart disease cases is more reliable 

with minimal FPs. In contrast, existing models 

show a gradual increase in precision as learning 

progresses, but they struggle to exceed 94.5%. This 

limitation highlights their reduced ability to 

accurately distinguish between heart disease cases, 

leading to potential misclassifications. The 

superior precision of the proposed model 

underscores its ability to minimize false alarms and 

enhance diagnostic accuracy, making it a more 

reliable solution for predicting heart disease. 

 

F1-score Comparison:  

The proposed model also achieves the highest 

F1 score, which indicates a balanced trade-off 

between precision and recall. This highlights the 

model’s effectiveness in accurately identifying 

heart disease cases while minimizing both FPs and 

FNs. In contrast, the F1-score trends for the 

existing models remain below 94.5%, reinforcing 

their limitations in maintaining an optimal balance 

between sensitivity and specificity. This 

significant performance gap underscores the 

proposed approach's superior generalization 

ability, ensuring more reliable heart disease 

classification and improved predictive accuracy in 

healthcare applications. 

Overall, across all performance metrics, the 

proposed model outperforms existing methods. 

This can be attributed to its advanced feature 

extraction and learning capabilities, which enable 

it to capture key indicators of heart disease more 

effectively. The enhanced accuracy, precision, and 

F1-score of the proposed method improve the 

reliability of clinical decisions, making it a robust 

solution for smart healthcare monitoring and heart 

disease diagnosis. 

Optimization of Cost Function 

In this study, optimizing the cost function 

plays a critical role in enhancing the performance 

of the proposed model. The cost function is 

designed to minimize classification errors and 

ensure robust learning by optimizing model 

parameters through an adaptive loss-minimization 

strategy. The proposed model dynamically adjusts 

the weight updates, leading to improved accuracy 

and stability during training. The cost function is 

illustrated in Figure 13, which shows the cost 

across various optimization techniques, including 

PSO-RNN, WOA-RNN, SFO-RNN, AVOA-

RNN, MVS-AVOA-RNN, and the proposed 

method.  

The proposed model uses binary cross-

entropy loss to handle the classification task 

efficiently. This loss function is particularly 

effective for imbalanced datasets, as it ensures that 

minority-class instances are appropriately 

weighted, reducing bias toward the majority class. 

Additionally, the Adam optimizer is employed to 

dynamically fine-tune learning rates, ensuring 

faster convergence and preventing the model from 

getting stuck in local minima. 

Comparatively, traditional models rely on 

conventional optimization techniques that may not 

effectively handle complex data distributions. The 

proposed approach combines gradient-based 

optimization with adaptive moment estimation, 

enabling superior generalization and training 

stability. 

With this optimization strategy, the CG-TAN 

model achieves significantly lower classification 

errors, higher precision, and better recall, 

ultimately improving heart disease prediction and 

risk assessment. The integration of an optimized 

 
 

Figure 13. Cost Function 
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cost function ensures that the model maintains high 

accuracy even as the learning percentage increases, 

as demonstrated in the comparative analysis. 

Analysis of Computational Time Efficiency 

The proposed model was analyzed for 

computational time and compared with an existing 

method, whose results are shown in Table 11. The 

results demonstrate that the proposed model 

significantly outperforms other methods in terms 

of execution speed. With a processing time of only 

1.046318 seconds, the proposed approach is the 

most efficient, followed by MVS-AVOA-RNN at 

1.343208 seconds. In contrast, other models, such 

as SFO-RNN and WOA-RNN, have longer 

processing times of 6.223538 seconds and 

5.340984 seconds, respectively. This demonstrates 

that the algorithm is not only accurate and precise 

but also highly efficient at reducing computational 

time, making it more suitable for heart disease 

detection. 

The proposed model achieves superior 

execution time due to its lightweight architecture. 

Unlike traditional LSTM-based models that 

require complex gating mechanisms, Bi-GRU 

efficiently handles sequential dependencies while 

reducing computational overhead. Additionally, 

the CNN feature extractor optimally reduces 

dimensionality, which further accelerates 

processing speed. 

 

Ablation Study 

To validate the effectiveness of individual 

components in the proposed CG-TAN model, an 

ablation study was conducted by systematically 

removing or modifying key elements, including 

the CNN, Bi-GRU, and attention mechanism, and 

analyzing their impact on performance. The results 

demonstrate the contribution of each module 

toward improving the model’s accuracy, precision, 

and overall predictive capability. The ablation 

study summary is shown in Table 12. 

 

Effect of Bi-GRU with Attention 

CNN was removed, and only Bi-GRU with 

attention was utilized for feature extraction and 

sequence modelling. This led to a drop in 

performance because CNNs play a crucial role in 

extracting spatial features from EHR data. The 

model’s accuracy decreased from 98% to 94.8%, 

indicating that the CNN enhances its ability to 

capture important local patterns. 

Effect of BiGRU removal 

Replacing BiGRU with a traditional RNN led 

to a performance decline, as RNNs struggle with 

long-term dependencies. The accuracy dropped to 

93.6%, showing that Bi-GRU is crucial in 

capturing sequential dependencies in patient health 

records. 

 

Effect of Combined CNN+BiGRU without 

Attention 

When the attention mechanism was removed 

while keeping both CNN and Bi-GRU, the model’s 

accuracy still declined to 95.2%. This shows that, 

although CNN and Bi-GRU independently 

contribute to feature extraction and sequential 

learning, attention plays a crucial role in improving 

classification performance. 

Thus, the ablation study confirms that the 

combination of a CNN, a BiGRU, and an attention 

mechanism in the CG-TAN model is essential for 

achieving superior performance in heart disease 

classification within IoMT-based smart healthcare 

systems. 

Discussion 

The findings of this study demonstrate that  

the proposed DeepEHR-TANFlow framework 

represents a significant advance in IoMT-based 

smart healthcare analytics by addressing 

limitations in existing CNN, RNN, BiLSTM, and 

attention-based prediction models. Traditional 

approaches often struggle with missing values, 

noisy EHR sequences, limited temporal modeling 

capability, and poor clinical interpretability. In 

contrast, DeepEHR-TANFlow integrates a unified 

preprocessing pipeline, a hybrid spatial-temporal 

feature extraction network, and a clinically 

meaningful risk-score driven interpretation layer, 

Table 12. Impact of removing key components on 

CG-TAN model performances 

 

Model Variant 
Accuracy 

(%) 

Precision 

(%) 

F1-

Score 

(%) 

CG-TAN 

Model(CNN+BiGRU+Attention) 
98.0 98.12 98.08 

Without CNN 94.8 95.3 94.6 

Without BiGRU 93.6 94.0 93.7 

CNN+ Bi-GRU(without attention) 95.2 95.7 95.0 

 

Table 11. Comparative performance analysis 

 
Models Time (sec) 

PSO-RNN 3.032445 
WOA-RNN 5.340984 

SFO-RNN 6.223538 

AVOA-RNN 2.68541 
MVS-AVOA-RNN 1.343208 

Proposed 1.046318 
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making it more suitable for real-world healthcare 

environments. A major strength of the model lies 

in its robust EHR preprocessing, where KNN-

based imputation, Min-Max scaling, and sliding-

window segmentation collectively ensure high-

quality temporal data representation. This directly  

addresses issues identified in previous IoMT 

studies, where missing and irregular data 

significantly affected predictive performance. The 

segmentation further enables the model to capture 

short-term and long-term clinical trends,  

a capability rarely achieved in prior works that 

treated EHR entries as static records. The hybrid 

CNN – BiGRU – Multi - Head Self - Attention 

architecture is particularly effective in learning 

complex relationships within patient data. CNN 

layers capture local attribute - level patterns, 

BiGRU preserves bidirectional temporal 

dependencies, and multi - head attention 

emphasizes clinically significant features while 

suppressing irrelevant variations. This 

combination leads to improved generalization and 

more accurate risk estimation. Compared with 

existing models that rely solely on CNN or RNN, 

the DeepEHR-TANFlow network demonstrates 

higher predictive stability, superior handling of 

feature redundancy, and enhanced ability to learn 

global temporal dependencies. 

A noteworthy contribution is the Risk-Score 

Driven Clinical Interpretation module, which 

transforms model outputs into clinically 

interpretable risk tiers (low, moderate, high). This 

provides healthcare practitioners with actionable 

insights rather than a simple binary classification. 

The proportional distribution of risk categories 

obtained in the results section aligns with the class 

distribution of the dataset and real-world cardiac 

risk patterns, strengthening the model’s clinical 

reliability. Additionally, the risk-score mechanism 

helps detect borderline cases that may be 

overlooked by standard classifiers, thereby 

improving patient safety and enabling early 

intervention. The model’s high-performance 

metrics 98% accuracy, 98.12% precision, and 

98.08% F1-score, which validate its effectiveness. 

More importantly, these results illustrate that the 

architecture achieves strong predictive power even 

with low computational complexity, making it 

practical for IoMT-enabled environments where 

energy, storage, and processing capacities are 

limited. The lightweight nature of the CG-TAN 

network ensures compatibility with wearable 

sensors, mobile gateways, and cloud-based 

healthcare platforms. 

Overall, this research contributes an 

interpretable, scalable, and clinically aligned deep 

learning framework for disease risk prediction 

using EHR data. By bridging the gap between 

advanced deep learning techniques and clinical 

decision-making, DeepEHR-TANFlow has the 

potential to support remote patient monitoring, 

early disease detection, resource prioritization, and 

personalized healthcare in IoMT-based smart 

systems. Future work may extend this framework 

to multimodal data sources, real-time streaming 

applications, and explainable AI modules to 

further enhance transparency and clinical trust. 

Conclusions 

In this study, the CG-TAN model for IoMT-based 

smart healthcare monitoring with EHR data was 

presented, particularly focusing on heart disease 

detection. The proposed method leverages the 

strengths of CNN, BiGRU with attention 

mechanism, enabling it to capture both short term 

fluctuation and long term dependencies in 

sequential health data, which is crucial for accurate 

disease diagnosis and risk assessment. 

Experimental findings showed that the CG-TAN 

model performs better than other approaches, 

including PSO-RNN, WOA-RNN, SFO-RNN, 

AVOA-RNN, and MVS-AVOA-RNN, in terms of 

accuracy, precision, F1-score, sensitivity, 

specificity, and net present value. The model is 

highly dependable for predicting heart disease 

because it reached the greatest results of accuracy 

98%, precision 98.12%, F1 98.08%, sensitivity 

98.35%, specificity 98.21%, and NPV 98.35%. 

The comparative analysis further highlighted its 

effectiveness under different learning rates and 

demonstrated its capability in minimizing the cost 

function, emphasizing its robustness. The 

proposed model is a significant advancement in 

IoMT-based smart healthcare systems, allowing 

for the capture of contextual information from past 

and future time steps. This enhances the analysis of 

complex temporal dependencies in patient health 

data, enabling healthcare professionals to detect 

disease early, assess risks accurately, and provide 

timely interventions. However, while Bi-GRU 

improves efficiency, it may still struggle with 

extremely long-term dependencies, where 

transformer-based models could provide 

advantages. Future work will focus on optimizing 

computational efficiency and enhancing model 

scalability through explainable AI techniques, 

ensuring broader applicability in smart healthcare 

systems. 
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