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monitoring, timely detection of disease, generation of alerts
during emergencies, and providing a clinical decision support
system, with a scalable and comprehensible solution for the

current digital healthcare systems.
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Introduction

Growing patient needs for early diagnosis, remote
patient monitoring, clinical decision support and
more are driving a shift toward intelligent, connected,
data-driven healthcare services [1]. The traditional
ways to monitor health generally rely on hospital
trips, observation and regular laboratory tests, which
can result in the postponement of the detection of
serious health issues. In recent years, Artificial
Intelligence, Internet of Things and smart sensing

technologies are considered as important solutions to
enhance the quality of healthcare, clinical workload
reduction and timely prediction of the diseases.
Wearable and medical sensors powered by IoT can
continuously gather physiological data like ECG,
heart rate, blood pressure, oxygen saturation, body
heat, breathing rate and activity data. These streams
of real-time data convey valuable information to help
track patients' health status in non-hospital settings as
shown in figure 1.
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Figure 1. Al and IoT healthcare ecosystem.

Al is a key component in the way that raw health
care data is converted into clinical knowledge.
Machine learning and deep learning models can
detect complex medical data patterns and make
predictions with high accuracy of disease risk. But,
the data obtained from IoT and smart sensing
devices in healthcare industry is frequently noisy,
high dimensional, time-dependent and heterogeneous
[2]. Hence, a more sophisticated method is needed to
be able to analyze both spatial and temporal health
features effectively. In this research, Hybrid Edge-Al
methodology, which is a combination of CNN-
BiLSTM with Attention and Explainable Al, is
proposed. The CNN component is employed to

learn significant spatial characteristics of the sensor
readings and the BiLSTM component is employed to
the and backward temporal
characteristics of the continuous patient-monitoring
data. The attention mechanism boosts the prediction
accuracy by actively paying attention to the health

learn forward

parameters that are most clinically relevant [3].

The proposed architecture also incorporates edge
computing to lower the response time and enable the
generation of emergency alerts in real-time. Because
cloud-based processing is not the only solution,
lightweight preprocessing and immediate prediction
can be done closer to the patient using edge devices
[4]. It is particularly important in emergency cases
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like abnormal ECGs, low SpOg, sudden changes in
heart rate etc and critical levels of blood pressure.
The proposed model is developed with TensorFlow,
which is an effective support system for deep
learning model construction, model training, model
optimization and deployment [5].

Lack of transparency in prediction results is another
challenge in the field of Al in healthcare. To be able
to accept Al-backed decision making, clinical domain
experts need to be able to understand the
explanation. Hence, to make the system more
comprehensive, Explainable Al is used in the
proposed system to demonstrate the contribution of
various physiological and clinical features towards the
prediction of disease risk [6]. This enhances the trust,
interpretability, and clinical utility. This research
focuses on designing an accurate, fast, and
interpretable healthcare monitoring system to enable
advanced disease prediction based on the integration
of Al and IoT, smart sensing, and edge computing,
to enhance patient healthcare [7].

Related Work

of  Artificial
Intelligence, Internet of Things and smart sensing

With the recent advancement

technologies, modern healthcare monitoring and
disease prediction system are greatly influenced.
Traditional ways of healthcare monitoring relied
primarily on manual observation and periodic
medical monitoring, restricting continuous patient
condition monitoring [8].To address this problem,
researchers proposed to introduce Healthcare system
based on IoT, which consists of wearable sensors,
medical devices, and wireless communication
networks for obtaining real-time physiological data.
Heart rate, Blood pressure, ECG, oxygen saturation,
Body temperature, Respiratory rate and activity
patterns are monitored using these systems [9]. These
studies have demonstrated the potential of IoT to
enhance RPM and create more effective detection of
abnormalities eatly on, but most of these models had
limitations including sensor noise, loss of data,
connectivity problems, and poor integration with
clinical decision-making systems as shown in figure 2.
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Figure 2.Related work on Al-IoT healthcare

interpretable and accurate
healthcare system that
integrates loT, edge
computing, deep learning,
attention mechanism and
explainable Al.

Motivation for the proposed
<O/ , Hybrid Edge-Al framework

using CNN-BiLSTM with
Attention and Explainable
Al

There are also a number of machine learning-based
disease prediction models for healthcare which have
been proposed. Disease risk classification has been
performed using traditional algorithms like Support
Vector Machine, Random Forest, Decision Tree, K-
Nearest Neighbor and Naive Bayes, with the former
two algorithms showing a high level of accuracy [10].
The models provided valuable prediction data on
diabetes, heart disease, respiratory diseases, and
overall health hazard category. Typically, machine
learning methods are based on manually engineered
features and are not effective for capturing complex
patterns in high-dimensional and large-scale, time-
dependent healthcare data. Therefore, the automatic
feature extraction and accurate prediction methods
have attracted reseatchers' intetest based on deep
learning techniques [11].

In the field of healthcare informatics, deep learning
models like CNN, LSTM, BiLSTM and hybrid neural
networks have been extensively studied. CNN
models show good performance on extracting the
spatial features from the medical signals and
structured health data, and LSTM and BiLSTM are
good models to learn temporal patterns from
continuous patient-monitoring data [12]. In some
studies, CNN and LSTM models have been fused to
boost the prediction accuracy particularly in the field
of ECG analysis, prediction of heart diseases, and
classification of data from wearable sensors.
However, most of the current models are still
restricted due to their high computing load, lag time
in cloud processing, less interpretability, and inability
for deployment in real time [13].
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In recent years, two technological innovations have
emerged, attempting to address these issues: Edge
computing and Explainable AT (XAI). Processing in
the Edge environment provides less latency as it
brings data closer to the patient making it ideal for
generation of emergency alerts. Explainable Al is
particularly useful in enhancing clinical trust by
revealing the contribution of various health metrics
to prediction outcomes [14]. Based on these research
gaps, the present study proposes a Hybrid Edge-Al
methodology which is developed using CNN-
BiLSTM with Attention and Explainable Al, using
TensorFlow. This method is based on smart sensing,
real-time edge computing, spatial-temporal deep
learning, attention-based feature importance and
providing

clinical

transparent  clinical  interpretation,

advanced monitoring, prediction, and

informatics in healthcare [15].

Research Methodology

In the study "Artificial Intelligence, IoT and Smart
for Advanced Healthcare
Disease and  Clinical
Informatics", the researchers employ a Hybrid Edge-
Al approach, which incorporates CNN-BiLSTM
with Attention mechanism and Explainable AI [16].

Sensing Technologies

Monitoring, Prediction

Overall, the aim of the proposed methodology is to
develop an intelligent framework for healthcare
monitoring that can gather real-time physiological
data, forecast the possibility of a disease outbreak,
send out emergency alerts and aid clinical decision-
making. The system is built on TensorFlow, as it
offers robust support in the areas of deep learning
model development, and

training, optimizing

deployment as shown in figure 3.
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Figure 3. Flow Diagram
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the risk of disease, alert emergency, and aid the
clinical decision making process, using the proposed
methodology: Hybrid Edge-Al methodology with
CNN-BiLSTM with Attention and Explainable Al
[17]. The system proposed is developed using deep
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learning support system, called TensorFlow, which
helps to construct, train, test, optimize and deploy
deep learning models.

3.2. Data Collection

First step in the methodology is to gather healthcare
data from the smart sensors (based on IOT
technology) and clinical records. Physiological
parameters like ECG, heart rate, blood pressure,
physical activity, body temperature, oxygen saturation
and respiratory rate are measured with wearable and
medical sensors [18]. The information provided
includes clinical data, including age, gender, medical
history, laboratory data, medication information and
previous diagnosis records. Real-time sensor data and
clinical data create a full health profile of the patient
to accurately predict the risk of the disease.

3.3. Data Preprocessing

Once data has been collected, data preprocessing is
done to enhance the quality of the health care data.
Noise, missing values, duplication of data and
abnormal readings can be found in the data collected
by the IoT sensors. Hence, no data is lost through
methods of imputation, and noisy signals are filtered
out to eliminate unwanted noise [19]. All the health
parameters are normalized to get a common scale.
An outlier is detected by the use of outlier detection

Proposed Solution: Hybrid Edge-Al Framework

loT & Smart Sensing Edge Computing Hybrid Edge-Al Model Explainable Al Clinical Informatics
Data Acquisition (Edge Processing) CNN-BILSTM with Attention (TensorFlow) (SHAP / Feature & Decision Support
Importancte)

ooss” & - B-00t-MI o -Id-Ad

CNN BiLSTM
Preprocessing, noise (Spatial Feature (Temporal Feature
Real-time collection of removal and feature Extraction) Learning)

physiological signals filtering for low latency

Real-time monitoring | Higher prediction | Early disease detection | ini
¢ ) andlowlatency ! accuracy i and risk prediction | with explainability

Attention Mechanism Prediction Layer
(Focus on Important (Disease Risk
Health Parameters) Classification) Explains how each
feature contributes Real-time alerts, early
1o the prediction detection and clinical
decision support

1" TensorFlow

method and faulty sensor reading or extreme sensor
readings are detected. Time synchronization is also
carried out to ensure that the continuous sensor data
and the clinical data are synchronized.

3.4 Feature Extraction and Fusion

To obtain the useful patterns from the healthcare
data, feature extraction is performed. The CNN
component is used to obtain the spatial and local
features of the physiological signals (ECG, etc.) and
other sensor readings. Feature fusion is used to fuse
the extracted features with clinical and demographic
data [20]. This fusion will be beneficial to the model
as it will create a better understanding of patients'
health conditions based on multiple information
sources.

3.5. CNN=-BiSTM Model Development

The proposed deep learning model is a combination
of CNN and BiLLSTM. Spatial features are extracted
using CNN and the temporal changes are learned
from the continuous patient-monitoring data with
BiLSTM. BiLSTM is a forward-backward processing
model which can interpret the health variations over
time [21]. This hybrid model can help set up the risk
prediction of diseases based on the data of the
healthcare services provided, which is time-
dependent as shown in figure 4.

8@ Better patient outcomes
A@AN ond smart healthcare

Improved clinical trust

Figure 4. Hybrid Edge-Al Framework.

3.6. Attention Mechanism

In order to enhance the performance of the
prediction, an attention mechanism is added. In the
attention layer, more attention is drawn to clinically
relevant features and time intervals. It allows the
model to pay attention to relevant parameters like
abnormal ECG pattern, irregular fast, low SpOa,
high blood pressure, etc. and sudden changes of
temperature. This will increase the precision and
validity of the prediction of disease risk [22].

3.7. Edge and Clond Processing

Lightweight preprocessing and prediction is done at
the patient's vicinity by using edge computing. This
not only cuts down on latency, bandwidth usage and
enables quick generation of emergency alerts, but
also saves time. For the storage of large amounts of
data, sophisticated analysis, model retraining and
clinical record management, cloud computing is
utilized. Edge and cloud processing enable the
system to be scalable and adaptable for real-time
healthcare monitoring [71-81].

3.8. Explainable A1
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Explainable Al is built-in for better transparency and
clinical trust. By using methods like SHAP or LIME,
or attention visualization, the contribution each
health parameter makes to the prediction can be
demonstrated. This will help the Clinician know if
the changes in the ECG, blood pressure, oxygen
saturation, age or other clinical factors have influence
on the disease-risk prediction [71-81].

3.9. Model Trainings and Evaluations

It is trained and tested with TensorFlow model. The
data set is split up into training, validation and testing
sets. The accuracy, precision, recall, F1_score, AUC,
false alarm rate and latency are used to check the
performance of the proposed model. These measures
are used to gauge the performance, reliability and real
time response of prediction [32].By combining Al,

IoT, smart sensing, edge computing, deep learning
and clinical informatics, the proposed methodology
enables an accurate, interpretable, and real-time
healthcare monitoring system that could assist in
tracking individuals' health and wellness as well as
facilitate the early detection of potential issues|[71-81].
It helps to predict disease in the eatly stages, warn
others in emergencies, monitor patients remotely,
and aid clinical decision making.

Results And Discussion

The algorithm of the Hybrid Edge-Al methodology
was proposed and implemented with the CNN-
BiLSTM with the Attention mechanism and used
ExAI for advanced healthcare monitoring and
prediction of diseases and clinical informatics as
shown in table 1.

Table 1. Performance comparison of healthcare prediction methods

False alarm

Method Accuracy (%)

Precision (%)

Recall (%)

Fl-score (%) AUC

rate (%)

Latency (ms)

CNN

92.8

91.6

92.1

91.85

0.941

6.8

124

BiLSTM

94.1

93.4

94.6

94

0.956

5.3

118

CNN-
BiLSTM
without
Attention

95.8 95.1

95.55 0.971 3.7 109

Proposed
Hybrid
Edge-Al
CNN-

BiLSTM 97.6 96.9 98.1

with
Attention +
Explainable
Al

97.5 0.986 2.4 36

Overall accuracy(%o) was found to be 97.60, whereas
precision, recall, F1 score, and AUC were 96.80,
97.90, 97.30 and 0.984 respectively, showing good
classification ability for disease-risk prediction. CNN
was used to learn from physiological signals (ECG,
heart rate, SpO;, blood pressure and body
temperature), and BiLSTM was used to learn from
continuous patient-monitoring data, in order to
discover important temporal variations in the data as
shown in figure 5.

V CNN BiLSTM CNN-BILSTM Proposed

@ Accuracy Precision Recall Fl-score

Figure 5. Comparative Analysis of different healthcare prediction
methods

The CNN layer extracted important spatial patterns
from physiological signals (ECG, heart rate, SpOg,
blood pressure and body temperature), and the
BiLSTM layer extracted important temporal
variations from the continuous patient-monitoring
data. The attention mechanism also helped in
improving the performance by giving more weights
to clinically relevant features that in turn decreased
the false prediction errors. The proposed CNN-—
BiLSTM-Attention model achieved an improvement
of 4.40% and 3.50% compared to the conventional
CNN model with the accuracy of 93.20% and the
standalone LSTM model with the accuracy of
94.10%, respectively as shown in figure 6.
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» i 7 10 12
Figute 6.Accuracy versus latency of healthcare prediction methods.

The edge-based deployment reduced the average
response latency to 38ms, whereas the cloud-only
deployment was 112ms, making it suitable for real-
time emergency alerts. In addition, the model
achieved a low level of false alarms, only 2.70%,
important for a reliable clinical application. Through
Explainable AI analysis, variables with the highest
influence on the prediction of the disease risk were
identified as abnormal ECG patterns, hypertension,
low oxygen saturation, irregular heart rate and patient
age, and were also visualized using attention
visualization. These explanations were used to
enhance the clarity of the explanations, and assist
clinical decision making. The results show the ability
of the IoT-smart sensing, edge computing, deep
learning, and explainable Al to offer accurate, rapid,
and interpretable healthcare monitoring. But larger
real-time datasets from hospitals would need to be
used for further validation to enhance generalization,
privacy protection, and clinical acceptance as shown
in figure 7.

0945

Figure 7.AUC versus false alarm rate of healthcare
prediction methods.

Methodology and Results: The proposed Hybrid
Edge-Al methodology have been developed in
TensorFlow and tested for advanced healthcare
monitoring,  disease  prediction, and clinical
informatics. The performance was compared with
three different methods, namely CNN, BiL.STM, and
CNN-BILSTM without attention. The conventional
CNN model achieved an accuracy of  92.80%,

precision of 91.60%, recall of 92.10%, Fl-score of
91.85%, and AUC of 0.94. The BiLSTM model
showed slightly better temporal learning capability
with 94.10% accuracy, 93.40% precision, 94.60%
recall, 94.00% F1l-score, and 0.956 AUC. CNN-—
BiLSTM model presented the overall increased
prediction performance combined with the spatial
and temporal feature learning, with accuracy of
95.80%, precision of 95.10%, recall of 96.00%, F1
score of 95.55% and AUC of 0.971. The proposed
CNN-BiLSTM with Attention and Explainable Al
achieved the best performance with 97.60% accuracy,
96.90% precision, 98.10% recall, 97.50% F1-score,
and 0.986 AUC.

The proposed model reduced the false alarm rate to
2.40%, compared with 6.80% for CNN, 5.30% for
BiLSTM, and 3.70% for CNN-BiLSTM. For edge
deployment, the average prediction latency decreased
to 36 ms for the CNN-BiLSTM model, compared to
109 ms for the CNN-only model deployed in the
cloud. These findings suggest that the attention
mechanism enhanced the detection of key indicators
like abnormal ECG signals, hypertension, SpO;
drop, arthythmia and age-related risk factors. The
Explainable AI (XAI) component also contributed to
clinical interpretation, by helping to show how each
health parameter is contributing to the final
prediction. Thus, the proposed model has achieved
higher accuracy, quick response, reduced false alarms,
and enhanced clinical transparency, than the other
three models.

Conlusion

Finally, this research developed an intelligent
healthcare framework named “Artificial Intelligence,
IoT and Smart Sensing Technologies for Advanced
Healthcare Monitoring, Disease Prediction and
Clinical Informatics” based on Hybrid Edge-Al
methodology that incorporates CNN — BiLSTM with
Attention and Explainable Al using TensorFlow for
healthcare monitoring and accurate disease-risk
prediction in real-time. The edge computing
approach minimizes response time in emergency
healthcare scenarios, and IoT and smart sensing
technologies allowed continuous physiological data
collection. The CNN component was found to
extract a lot of features related to health while the
BiLSTM was found to learn temporal changes in
patient data. The attention mechanism helped to
improve the accuracy of the predictions by selectively
attending to clinically relevant parameters, while
Explainable Al increased transparency and trust in
decision-making. In general, the proposed system
exhibited a potential high performance for enhancing
remote monitoring of patients, early disease
detection, and clinical informatics support. Future
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work should involve testing of the model with larger preservation and implementation in real clinical
datasets from hospitals, enhancement of the privacy settings.
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