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Abstract

Digital ecosystems are contributing to the evolution of smart health care through distributed intelligence and
integration of data from interconnected medical ecosystems. However, data heterogeneity, high dimensionality,
and inadequate integration pose major problems that hinder decision making at an appropriate level. In this
research work, we propose an architecture that facilitate data acquisition, processing, and analytics. The dataset
consists of 4000 records with 18 attributes collected from Internet of Things (IoT)-enabled healthcare
environments, including physiological signals, wearable device data, and electronic health indicators, with a
target variable representing patient health status. Min-max normalization is applied for uniform feature scaling,
and Principal Component Analysis (PCA) is used to reduce dimensionality while preserving essential variance.
An Intelligent Marine Predators Optimized Stacked Long Short-Term Memory (IntMP-SLSTM) model is
developed and implemented using Python. The IntMP optimization enhances hyperparameter tuning and
convergence, while the stacked LSTM captures long-term dependencies in sequential healthcare data.
Experimental results achieved 98.92% accuracy, 98.94% precision, 98.89% recall, 98.93% specificity, and
98.94% F1-score, confirming its effectiveness for advanced smart healthcare applications. The proposed IntMP-
SLSTM model has effectively addressed dimensionality and data heterogeneity, resulting in extremely accurate
predictions in the field of smart health care.

Keywords: Digital ecosystem, Internet of Things (I0T), Physiological patterns, Environments.

1. Introduction

A system that can produce distributed intelligence, integrate heterogeneous data, and enable continuous
learning, analysis, and safe interoperability through the integration of Artificial Intelligence (Al), IoT, and
decentralized technology is required for the digital ecosystem architecture in smart healthcare [1]. The
ability of technologies such as 5G, 10T, Al, and [oMT to foster distributed intelligence, integration, and
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scalable digital ecosystems to ensure the efficiency, sustainability, and secure administration of the
complex healthcare data system means that the creation of smart healthcare [2] is feasible. Intelligent
healthcare relies on Internet of Things (IoT), wearables, and cloud computing to achieve real-time
monitoring and data-based decision-making in healthcare systems. The shift towards patient-centered care
ensures efficiency and cost reductions [3]. To ensure efficiency and effective decision-making through a
scalable digital ecosystem that integrates intelligence and data-driven Al in smart healthcare systems
becomes necessary because of high demand and high costs of healthcare services [4]. Biological data
handling in large quantities, real-time integration, and distributed intelligence in healthcare systems pose
challenges [5]. While smart environments generate vast amounts of 10T data, there are challenges with
distributed intelligence, data integration, and data interoperability which hinder effective data
management, scalability, and decision-making in smart healthcare systems [6]. Poor data integration, lack
of up-to-date data, delays, and poor distributed decision-making in dynamic healthcare systems is an
outcome of the fact that current healthcare systems use batch data handling processes and separate data
infrastructures [7]. The static protocols and cloud computing models are applied in today’s healthcare
system where 10T is enabled, and these methods pose several problems of latency, bandwidth, excessive
energy use, scalability, and intelligence [8].

Research Aim: In this research, the objective is to develop an architectural model for digital ecosystem
modeling that would ensure the smooth integration and distribution of intelligence in intelligent healthcare
facilities. This can be achieved through the application of DL technologies to enhance predictive analysis
and decision-making process for the provision of quality health care service. The model utilize a DL model
called IntMP-SLSTM.

Research Organization: The structure of this research includes: 1. Introduction and problem statement.
2. Related Works and shortcomings of previous models. 3. Model description. 4. Experiment and metrics.
5. Conclusion and future research.

2. Related Works

The comparison between current health care models and digital health care models is illustrated in Table
1 below. The table identifies the aims, tactics, successes, and failures in both categories. In addition, Table
1 provides specific information on block chain technology, IoT-based health care systems, Al technologies,
and data-driven health care systems.

Table 1: Comparative Analysis of Digital Health Care Ecosystem

Ref | Objective Method Result Limitations
[9] | Examine the Methodical narrative | Intelligent, Lack of a unified
convergence of synthesis of interoperable, and model, privacy
blockchain, IoT, Al, technology literature | scalable digital concerns, and
and 5G platforms across domains ecosystems are orchestration
enabled through complexity challenges
platform
convergence
[10] | Develop a secure and Blockchain, Inter Improved security, Client-server
scalable healthcare Planetary File System | scalability, and limitations and
system using IoT- (IPFS), smart processing efficiency | privacy risks prior to
blockchain integration | contracts, and proxy | in healthcare blockchain adoption
re-encryption systems
approach
[11] | Create an Metamodel Reduced transaction | Lack of
infrastructure for the development based costs and increased implementation
medical ecosystem to | on experiences from | stakeholder value in | details and limited
support digital international digital healthcare real-world validation
transformation platforms
strategies
[12] | Develop an Al- Integration of SAP Improved Challenges related to
powered digital enterprise systems, governance, interoperability, data
ecosystem framework | Al models, and cloud- | predictive analytics, | quality, and
for multi-sector native architectures and operational scalability
optimization
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agility across
connected platforms
[13] | Enhance patient data Integration of Al, Improved security, Dependence on
control, edge computing, reduced operational | blockchain
interoperability, and blockchain, and costs, and reliable infrastructure, system
Electronic Health Decentralized emergency detection | complexity, and
Record (EHR) security | Autonomous scalability limitations
Organization (DAO)
governance
[14] | Summarize Al Evolutionary analysis | Identified Al Lack of
integration using technological, readiness and implementation
procedures in the algorithmic, and aligned clinical analysis and
healthcare industry healthcare regulatory | requirements with insufficient empirical
models technological validation
methods
[15] | Address large-scale Utilization of big data, | Improved efficiency | Issues in real-time
data challenges in IoT, cloud computing, | and effectiveness in processing,
healthcare decision- and sensor healthcare service scalability, and data
making systems technologies delivery integration
[16] | Develop a proactive Bidirectional-LSTM Achieved high Requires high
IoT-enabled cardiac model for sequential | prediction accuracy computational power
disease prediction medical data analysis | for heart disease and large-scale
system detection datasets

Research gap: The development of intelligent healthcare systems utilizing blockchain, Al, cloud
computing, and the IoT for decision-making in the healthcare sector has advanced significantly in the
modern world. However, scalability and actual-time processing present difficulties for technologies such
as the big data-IoT solution [15]. Similar to this DL, BILSTM [16] are challenging to implement because they
demand a large amount of processing and data. Data heterogeneity, interoperability, latency, and lack of
adaptability are some of the issues that arise from the current systems' reliance on centralized or semi-
centralized approaches to health crises.

3. Methodology

The process of smart health care is shown in Figure 1. Dataset was gathered, then processed using min-
max normalization, and features were extracted using PCA to decrease the dimensionality of large, complex
datasets. The IntMP-SLSTM model, which is being optimized using the intelligent marine predator’s
algorithm, was then evaluated using accuracy, precision, recall, specificity, and F1-Score.
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Figure 1: Architecture for intelligent health care data processing and prediction models

3.1 Data collection

The 4,000 entries in the SHE dataset have 18 attributes that relate to loT-based healthcare solutions. This
dataset includes data from wearable sensors, physiological sensor readings, features of the healthcare
system, and electronic health record data used for predictive modeling and patient condition monitoring.
The dataset is structured for ML tasks, containing one goal feature for health condition classification, and
is used in timely decision-making in the healthcare setting. Kaggle Source:
https://www.kaggle.com/datasets/zara2099/smart-healthcare-ecosystem-dataset/data

Data feature exploration: The model for using correlation and time-series decomposition techniques to
analyze the data from the SHE and the correlations between physiological and system characteristics, such
as blood oxygenation levels, glucose levels, stress index, daily steps taken, hours slept, and cloud data
transfer speeds, are depicted in Figure 2(a) using a correlation, the elements of patient health data analysis
are displayed in Figure 2(b).
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Figure 2: Data Analysis Visualization of (a) Features in the Healthcare Ecosystem Correlation Matrix
(b) Decomposition Analysis of Time-Series Health Data
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3.2 Data preprocessing using min-max normalization
Under an architecture of a digital ecosystem for distributed intelligence and data integration in smart
healthcare environments, the Min-Max Normalization approach can be adopted to normalize diverse data
from the healthcare sector. This method ensures that all types of clinical parameters, such as blood
pressure, heart rate, oxygen saturation, electrocardiogram (ECG), and glucose, among others, are
normalized to the same interval range of [0,1]. The outcome of adopting the approach eliminates feature
dominance while training models, promotes data consistency, enhances integration efficiency, and
facilitates stable and reliable analysis in smart healthcare settings.

P¥ = max; — min; " mn L[newmaxl - newminl] + newpin, (1)
In equation (1), P represents the patient data value that has been preprocessed and normalized. The raw
heterogeneous, the value of the raw input healthcare data is represented by u. [ stands for a specific
characteristic or variable of the medical data. max; — min,. It is the difference between a specific healthcare
feature's maximum and minimum value. 7aax; — mu,* ™" is an illustration of feature range scaling, which
modifies the difference between the maximum and minimum values in relation to the input data u's
deviation from its minimum value. L stands for the particular feature dimension from the medical data that
is being examined. [newmaxl - newml-nl] the range is the gap between the newly obtained highest and
lowest values through scaling, generally establishing the new range, for example, [0, 1], newy,;,, the lowest
value after scaling, which is normally set to 0 during Min-Max scaling.

3.3 Feature extraction using Principal Component Analysis (PCA)

PCA is used to reduce the dimensionality of heterogeneous healthcare data while preserving essential
variance, enabling efficient processing and accurate decision-making in smart healthcare systems. The
heterogeneity of data is extremely high in intelligent healthcare systems because the sources of information
include physiological signals, clinical data, and context-based information. Dimensionality reduction
techniques become necessary to tackle such a problem because they help transform high-dimensional data
into low-dimensional data. This helps to maintain consistency in healthcare data and makes it less
redundant. It increases the rate of computations because it speeds up the whole process of computing data.
The dimensionality of data becomes smaller without compromising the variance of the data.

T =13 (wj— W —)°  (2)
In Equation (2), T is the last transformed term of the feature set employed by the healthcare prediction
model. [ is the total number of instances of the data sample of patient features made by the healthcare
system and the IoT. } is responsible for the addition of each instance's contribution. j = 1 to [ is the index
of each instance of data in the healthcare dataset. w; Data point value in the jth instance, which could be
sensory data obtained by the smart medical devices. The measure of central tendency of the attributes of
healthcare data is represented by u. The variability in the features of the patients is described by (w; — p),
representing the difference between the data points and their average. (w; — u)® is the power of the
exponential used to describe the sensitivity of deviations.

z; = bywr + bawz + -+ + by (3)
In Equation (3), z; is calculated and output the feature transformation signal I-th neuron/node that
corresponds to the aggregated medical data used to make predictions. b;;,,; weights for each input or
feature that indicate the importance or contribution of the medical characteristics to the result, b;,,,, is the
second feature contribution with weightage depicting how much it contributes to the final output z;. by,
is healthcare data inputs or attributes collected by means of the IoT.

Ay +Aptethy
= > 800 4'
Vo= Aty — % (4)

In Equation (4), y, is the percentage of significant data collected after feature selection, as displayed by the
cumulative variance explanation ratio. 4, + A, + --- + 4, are the levels of variance of significant component
extracts from healthcare data, which are eigenvalues of the chosen top principal components. 4, is the
eigenvalue of all the major components, including significant and insignificant differences in the data. >
80% refers to ensuring the dimensionality reduction approach captures at least 80% of the original data.

3.4 Smart Healthcare Systems using IntMP-SLSTM

The adaptive optimization and deep temporal learning are integrated into the proposed IntMP-SLSTM
model to improve predictive performance for intelligent healthcare applications. The IntMP optimization
algorithm enhances hyperparameter tuning in the SLSTM architecture by improving convergence
efficiency, avoiding local minima, and enabling effective global search. The SLSTM, composed of sequential
LSTM layers, captures long-term dependencies in healthcare time-series data such as patient vitals and
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sensor signals, thereby improving prediction stability, accuracy, and overall performance in smart
healthcare applications.
e SLSTM for Temporal Prediction of Healthcare Data
SLSTM is a DL method involving multiple layers of LSTMs arranged one after another. Stacked LSTM helps
in learning temporal sequences in healthcare data. The stacking process helps in extracting high-level
features required for analyzing sequential physiological and clinical data of patients in smart health care
systems. Stacked LSTM architecture involves stacked LSTM layers and fully connected layers to extract
features and make predictions. To avoid overfitting, methods such as regularization and dropout are
employed. Moreover, adaptive learning rates are adopted to update the parameters of the model efficiently.
f 2x(W—-mix(W
wi=-1+ max((w)—misz(rfv) )
In Equation (5), W' is the value of the original feature W following transformation or normalization, used
as the input for ML models to forecast healthcare outcomes. —1 the normalized values are mapped inside
the [-1, 1] range in the last scaling step. mix (W) is the average or reference value of W used to center the
data before scaling. 2 * (W — mix(W) the feature is scaled and shifted to preserve symmetry around 0.
max (W) the dataset's feature's maximum value, indicating its upper bound. min(W) the dataset's feature's
minimum value, indicating its lower bound.
e IntMP for Hyperparameter tuning
The IntMP method has been implemented in the Healthcare Ecosystem to enhance system performance.
With the use of a dynamic weight adjustment technique, IntMP optimizes many parameters through both
local exploitation and global exploration. In the early iterations, it conducts a comprehensive search that
aids in identifying the ideal zones; in the subsequent rounds, it focuses on improving the solutions. The
optimization process is made more efficient by this dynamic method, which also helps preventlocal optima.
prey; = w.prey; + 0.Q Q stepsize; (6)
In this Equation (6), prey; denotes the present iteration j candidate solution, which depends upon
healthcare model parameters that have been optimized, w. prey; is a weighted solution for healthcare that
manages the current candidate's influence to optimize stability. O is directional movement controller in
IntMP that facilitates exploration of the healthcare solution space. @ defines the controlling step effect for
solution correctness as a quality criterion in the SHE. @ uses an operator for element-wise multiplication
to factorize during optimization cycles. stepsize; is the j — th solution's movement size during the SHE
optimization process.

w = (wjmjs - wend) X Q X
Equation (7), w is the balance between exploitation and exploration, which is the adaptive weight
parameter. m refered maximum number of iterations. indicates the quantity of optimization iterations.
wjmjs the system first investigates different kinds of patient data aspects; the influence value is high. wepg4
the adaption weights' final iteration minimum value (). regulates the dynamics of the final state. (m — j)
represents the number of iterations remaining, mElite; is the best solution (elite) found up to iteration j, a
reference or guiding solution to all other candidates. Algorithm 1 presents the proposed IntMP-SLSTM
model that makes correct predictions in the context of smart healthcare. The algorithm starts with
preprocessing of heterogeneous healthcare data by applying Min-Max normalization. PCA is utilized to
identify important characteristics and reduce the dimensions. SLSTM learns the temporal relationship from
healthcare time series data. IntMP helps tune the hyperparameters of the SLSTM using adaptive exploration
and exploitation.

(m-j)prey;
mElitei

'wjmjs = 09, Wend = 0.4 (7)

Algorithm 1: IntMP-SLSTM for Smart Healthcare Prediction

1 Input: Healthcare dataset D = {ECG, heart rate, blood pressure, glucose, Sp02, clinical data}
Output: Optimized healthcare prediction model with high accuracy
Load heterogeneous healthcare dataset D
Preprocess data using Min-Max normalization
pu — (u—min;)
(max;-miny)
Apply PCA for feature extraction
Compute the covariance matrix
Extract principal components

1 ol
9 T=- ijl(Wj —w(w; — u)®

10 Select components using a variance threshold (= 80%) and transform features
11 Zl = bllwl + b12W2 + -+ b”Wl

OO0 U1 AWN
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12 Split the dataset into training and testing sets, and initialize the SLSTM model
13 Define the number of layers and neurons
14 Initialize weights and biases , normalize features for SLSTM input

15 W' = -1+ 2(W—mean‘(W))
max(W)—-min(W)

16 Train the initial SLSTM model using the training data
17 IntMP Optimization Phase
18 Initialize IntMP parameters
19 Population (prey solutions) prey;
20 Maximum iterations m
21 Adaptive weights wjp,js = 0.9, wenq = 0.4
22 Update prey positions
23 prey; = w -prey; + 0 - Q @ stepsize;
24 Compute adaptive weight
(m—j)-prey;
mElitej
26 Evaluate fitness function (prediction performance), Accuracy, Precision, Recall, F1-score.
27 Compare new and previous fitness values
28 Update elite solution mElite;
29 Repeat Steps 10-14 until maximum iterations reached
30 Final Model Training
31 Select optimal hyperparameters from IntMP
32 Retrain the SLSTM model using optimized parameters
33 Perform prediction on the test dataset
34 Return: Accurate and optimized smart healthcare prediction results using IntMP-SLSTM

25 w= (wjm]’s - wend) X Q X

4. Result and Discussion

The proposed method presents an effective approach that can be used to integrate various types of
healthcare information, which can then be analyzed effectively and efficiently, leading to better decision-
making, faster responses, and accurate predictions in smart healthcare settings. The algorithm is developed
using Python and runs on the Windows environment on an Intel® core™ i7 processor.

Accuracy (%): The accuracy of predicting patient situations based on heterogeneous information flows in
the medical business is the criterion for evaluating accuracy, which enables the determination of the degree
of correctness of the work of a smart healthcare system. Precision (%): The precision criterion ensures
reliable classification of people in need of support and equals the share of the forecast for the occurrence
of positive states among all the predicted states. Recall (%): In order not to make mistakes in the analysis
of patient data at first sight, recall equals the share of positive states found by the system among all the
positive states. Specificity (%): Specificity reflects the ability of the system to reliably detect healthy
people and save resources. F1 Score (%): F1 score combines both precision and recall coefficients into one
metric and characterizes the results of forecasting most adequately.

Performance evaluation using existing dataset [16]: The suggested model IntMP-SLSTM has been
trained and tested using the Heart disease dataset [16], considering heterogeneous data sources along with
patient records and monitor parameters. The comparison of results shows better prediction ability than
LSTM, FLSTM, and LSTM-FLSTM models. This is supported by the increased performance indices shown in
Table 2 and values for accuracy, precision, recall, specificity, and F1-score for the proposed IntMP SLSTM
model, which is superior to LSTM-FLSTM and hybrid models shown in Figure 3.

Table 2: Comparison of Performance Metrics of Classification Models

Performance Metrics LSTM [16] FLSTM [16] LSTM- FLSTM [16] IntMP-SLSTM [proposed]
Accuracy (%) 95.07 98.04 98.86 98.90
Precision (%) 95.07 98.03 98.90 98.93
Recall (%) 95.06 98.04 98.81 98.85
Specificity (%) 95.07 98.03 98.90 98.92
F1 Score (%) 95.07 98.03 98.86 98.91
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Figure 3: Performance Comparison of DL healthcare models

Performance evaluation using the proposed dataset: The existing models, including LSTM, FLSTM, and
LSTM-FLSTM [16], were trained using the proposed smart healthcare dataset, which consists of
heterogeneous clinical records, temporal patient data, and current time monitoring features. The proposed
IntMP-SLSTM model achieves superior performance in terms of accuracy, precision, recall, specificity, and
F1 score, demonstrating its enhanced prediction capability and computational efficiency. Table 3 shows
that the proposed IntMP-SLSTM algorithm is more efficient than the other algorithms with an accuracy of
98.92, a precision of 98.94, a recall of 98.89, a specificity of 98.93, and an F1 score of 98.94. A performance
comparison involving the accuracy, precision, recall, specificity, and F1 score values is provided in Figure
4.

Table 3: Comparison of Learning Algorithms Based on Metrics

Performance Metrics LSTM FLSTM | LSTM-FLSTM | IntMP-SLSTM (Proposed)
Accuracy (%) 96.12 98.12 98.89 98.92
Precision (%) 97.12 98.54 98.92 98.94
Recall (%) 98.54 98.45 98.83 98.89
Specificity (%) 96.34 98.15 98.93 98.93
F1 Score (%) 98.14 98.34 98.89 98.94

100
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Figure 4: Assessment of ML Models for Predicting Healthcare Outcomes
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For the cases where data involved is of high dimensionality and heterogeneity, the current methods like
LSTM, FLSTM, and LSTM-FLSTM have inefficiencies and cannot model uncertainties and temporal
dependencies at once. However, by including enhancements in feature interaction, adaptive learning
procedures, and temporal analysis, the IntMP-SLSTM model overcomes all of these shortcomings and
achieves higher accuracy.

5. Conclusion

The use of an integrated multi-phase feature extraction technique ensures that IntMP-SLSTM is able to
mitigate the limits of both LSTM and FLSTM models. To begin with, Min-Max normalization is used for data
preprocessing to ensure consistency in the scaling of data. The use of PCA to reduce dimensionality ensures
that redundant data are excluded from the model so as to establish the most significant features. The LSTM
network helps to stabilize the process of backpropagation and learn the temporal dependencies. Therefore,
it achieves impressive accuracy when working on complicated medical datasets. The proposed algorithm
achieves 98.92% accuracy, 98.94% precision, 98.89% recall, 98.93% specificity, and 98.94% F1-score
across all performance metrics used in the experiments. Future research should focus on developing IoT-
based intelligent health care apps employing continuous data streams and lightweight deep learning
models that yield quicker insights. To reduce latency and expenses while maintaining accuracy, these
solutions can be implemented on-device or on the edge.
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