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ABSTRACT 

 
This article investigates the incorporation of BDA with healthcare DSSs to improve the quality of clinical 
decision-making and patient outcomes. This study aims to assess the potential of BDA in analyzing a broad 
range of healthcare data types, from EHRs to real-time sensor data and clinical histories, to aid in the 
prognostication of patient conditions, customized treatment, and Candice optimization. The approach 
deploys machine learning classifiers (ANN, RF, and SVM) on a synthetic dataset of over 500 thousand 
patient records. The findings show that the performance of the ANN model is better than the conventional 
machine learning models with an accuracy of 91.6%, precision of 0.89, recall of 0.87, and AUC-ROC of 
0.92. Comparison with the current DSS models shows superior predictive precision, decision efficiency, 
and real-time intervention capacity. This incorporation of big data improves diagnostic and therapeutic 
results but also allows physicians to make real-time suggestions when making decisions, thereby allowing 
early clinical interventions. Significance This research contributes to realizing the transformative 
capabilities of BDA in the modernization of healthcare, the reduction of operation ineffectiveness, and 
patient services with a substantial impact. 

Keywords: Big Data Analytics, Healthcare Decision Support Systems, Machine Learning, Predictive 
Modeling, Patient Outcomes, Artificial Neural Networks 

 
1. INTRODUCTION  
 
The healthcare industry is changing rapidly, 
primarily driven by the pace of technology and the 
adoption of data-driven tools. Integration of Big 
Data Analytics (BDA) with healthcare decision 
support systems (DSS) has become attractive in 
recent years as a solution to major concerns, such 
as the scattering of data, wasting time in clinical 
decision-making, and the increasing complexity of 
healthcare services. Healthcare delivery systems 
have historically produced abundant data. Still, 
conventional data management methods are 
inefficient and do not offer clinicians the full-scope 
insights required for optimal decision-making. Big 
Data Analytics (BDA) holds promise for making 
sense of large volumes of data in healthcare, from 
electronic health records (EHRs) and clinical trial 
data to genomics and data collected by wearable 

health monitors, to support better clinical decision 
making, predict patient outcomes, and improve the 
efficient delivery of healthcare. 
 
Background and Significance 
Healthcare systems produce a variety of data types, 
such as structured (e.g., EHRs, medical imagery), 
semi-structured (e.g., medical reports), and 
unstructured (e.g., social media, patient feedback) 
data. The current clinical DSS in healthcare is 
based on structured data and clinical guidelines to 
aid decision-making. Big Data, however, on the 
other hand, is a rich extraction of patterns not only 
from the structure of the datasets but also from 
unstructured data, making it possible to see the 
patient and the disease progress altogether 
treatment and would influence the way of decision 
to the health care [1]. 
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Storage, processing, and analysis of these large-
scale datasets can be accomplished with big data 
technologies such as Hadoop, Spark, and cloud 
computing platforms, which are increasingly used 
in healthcare to support healthcare providers in 
obtaining actionable insights promptly. For 
example, Big Data-driven predictive analytics can 
forecast disease spread, recognize at-risk 
individuals, and optimize treatment regimens, 
eventually leading to better patient outcomes [2]. 
Moreover, aggregating information from genomics, 
wearable devices, and lifestyle factors allows for 
more personalized medicine, tailoring interventions 
to individuals based on their characteristics [3]. 
BDA has inspired promising expectations in 
various clinical decision applications, such as 
disease stage prediction, personalized medicine, 
understanding the likelihood of reaching disease 
states, and the optimal allocation of resources. 
Prognostic modeling and machine learning 
facilitated advanced treatment for diseases such as 
cancer, heart disease, and diabetes with early 
detection [4]. In critical care, the DSS based on 
BDA has been applied to predict the deteriorating 
condition of a patient as well as to aid in taking 
timely action and reducing the death of a patient 
[5]. Additionally, real-time analytics of patients 
vital monitoring using wearable sensors can aid in 
quick response to act in different medical 
emergencies [6]. 
Objectives of the Work 
This paper aims to investigate the integration of Big 
Data Analytics into healthcare Decision Support 
Systems (DSS) and evaluate its impact on 
improving patient outcomes. The specific 
objectives of the study are as follows: 

1. To explore how Big Data Analytics can be 
integrated into healthcare DSS to enhance 
clinical decision-making. 

2. To assess the potential of predictive 
modeling and machine learning algorithms 
in improving patient outcomes by 
analyzing large-scale healthcare data. 

3. To identify the challenges faced by 
healthcare providers in adopting Big Data 
solutions and integrating them into 
existing healthcare infrastructure. 

4. To discuss the future direction of 
healthcare DSS in the era of Big Data and 
provide recommendations for overcoming 
barriers to full integration. 

The study design aims to obtain extensive insights 
into the integrative methodologies applied to Big 
Data, the existing applications in healthcare, and 
pioneering ideas for enhancing healthcare decision-
making. This paper will also investigate how 
implementing Big Data might result in improved 
resource distribution, patient care, and healthcare 
administration [7]. 
This research aims to combine Big Data Analytics 
with healthcare Decision-Support Systems (DSS) to 
make better choices for patients and their 
conditions. This work is novel thanks to its strong 
adoption of forecasting methods on a massive set of 
healthcare records. It uses structured and 
unstructured healthcare data, allowing the study to 
provide accurate support and treatment in real-time. 
Researchers aim to make predictions more precise, 
make better patient decisions, and increase 
healthcare benefits using continuously captured 
data from sensors. 
The research objectives were formed because the 
problem was inefficiency in healthcare decision-
making systems. This research focuses on 
discovering how data analytics can help healthcare 
DSS, whether predictions and ML algorithms can 
be implemented if there are any obstacles to their 
adoption, and the likely future trends in BDA use in 
healthcare. 
The researcher expects that adding Big Data 
Analytics to DSS in healthcare will boost accurate 
clinical judgments, improve patient care, and help 
with instant and personalized care. Artificial Neural 
Networks (ANN) are expected to perform better 
than classic models when making predictions and 
making quick online decisions. 
Background on Healthcare Decision Support 
Systems 
Healthcare Decision Support Systems (DSS) are 
meant to help healthcare professionals decide on 
the best possible action based on clinical data and 
evidence-based practices. Traditionally, such 
systems largely depended on structured data, such 
as EHRs and clinical knowledge repositories [8]. 
However, with healthcare data expanding 
exponentially, conventional DSS is no longer 
adequate for our complex care requirements. 
Big Data has several advantages over conventional 
systems of data management in healthcare. The vast 
volume and diversity of health-related data result 
from the introduction of electronic health records 
(EHRs), medical imaging apparatus, and patient 
monitoring systems. This data can be aggregated 
and analyzed at vast scale using Big Data tools to 
deliver insights that were not practical with 
traditional systems [9]. Big data analysis tools such 
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as data mining and machine learning algorithms can 
recognize patterns, forecast outcomes of patients, 
and suggest therapeutic schedules4; ultimately, 
personalized medicine in healthcare can be 
achieved [10]. 
Nevertheless, incorporating Big Data into 
healthcare DSS also comes with some challenges. 
Data privacy and security issues, the 
unstandardized nature of healthcare data, and the 
need for interoperability between dissimilar 
systems can all challenge successful integration. In 
addition, processing vast amounts of healthcare 
information requires substantial infrastructure 
investment, which for many healthcare suppliers 
(especially in low-resource environments) can be a 
challenge [11][12]. 
This study is centered on combining Big Data 
Analytics (BDA) with healthcare Decision Support 
Systems (DSS) to benefit patient care. Artificial 
Neural Networks (ANN), Random Forest (RF), and 
Support Vector Machines (SVM) are examined in 
this research while working with healthcare data. 
Nevertheless, the main challenge with this study is 
that structured medical data at this scale is usually 
complex to collect in daily practice. Besides, the 
synthetic datasets don’t reflect the variety in real 
medical records. This research doesn’t cover data 
privacy or security issues, which are essential in the 
real-life use of BDA in healthcare. 
The main issue studied here is that healthcare 
decision-making is ineffective because information 
is scattered, procedures are slow, and large pools of 
healthcare information are not tapped. Studies from 
Raghupathi and Raghupathi (2014) and Esteva et 
al. (2017) describe how Big Data Analytics is 
growing in healthcare but do not show how this 
technology is fully integrated with real-time 
decision-making systems. This work addresses the 
gap by introducing BDA into healthcare DSS, 
concentrating on predictive modeling and tailored 
care. 
Need for Big Data in Healthcare DSS 
The increasing proliferation of healthcare data and 
the growing complexity of diagnosing and treating 
diseases necessitates using advanced data analytics 
to manage patient outcomes better. By using Big 
Data, healthcare professionals have opportunities 
that surpass traditional approaches, such as a better 
understanding of a patient’s condition, predicting 
what will happen in the case of various diseases, 
and achieving personalized treatments. 
Furthermore, Big Data analytics can have an 
essential role in discovering patterns that are 
difficult to observe using standard methods, 

including preventing rare diseases by early 
detection or predicting adverse drug reactions [13]. 
Incorporating Big Data Analytics in healthcare 
DSS will assist in informed decision-making 
regarding treatments, reduce costs in health 
delivery, and enhance patient satisfaction in health 
organizations. Moreover, the capacity to integrate 
information from genomic, wearable sensors, and 
patient history also supports a more comprehensive 
view of patient health, which results in more 
targeted interventions [14]. 
Contributions to the Study 
This paper offers a comprehensive overview of how 
Big Data Analytics can be integrated into 
healthcare DSS, with an emphasis on improving 
patient outcomes. The contributions of this work 
include: 

 A detailed exploration of Big Data 
integration techniques in healthcare DSS. 

 An analysis of predictive modeling and 
machine learning algorithms used in 
healthcare decision-making. 

 A discussion on the challenges and future 
directions for Big Data integration in 
healthcare systems. 

 A case study analysis of healthcare 
institutions that have successfully 
implemented Big Data-driven DSS. 

In brief, we hope this paper can be considered part 
of the discussion on the adoption of Big Data in 
healthcare. It points out a roadmap to integrate Big 
Data to DSS and discusses important issues and 
how the advance in this integration can be 
disruptive for better care. 

The rest of this paper is structured as follows. 
Background Section 2 Related work This section 
gives an overview of related work and investigates 
how BDA is incorporated into healthcare DSS and 
the use of predictive analytics, machine learning, 
real-time decision support, and the other challenges 
in integrating these systems. The methodology 
related to this study is presented in Section 3, which 
describes the dataset, system architecture, the 
predictive modeling techniques used, and the 
integration algorithm. The performance of the 
proposed BDA-based DSS is defined in Section 4 in 
terms of model-based performance, comparison 
with existing tools, and real-time decision-making 
ability. Finally, we will conclude with section 5, 
summarize the findings, discuss the limitations, and 
propose directions to future research for more DSS 



 Journal of Theoretical and Applied Information Technology 
15th August 2025. Vol.103. No.15 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
5686 

 

applications in health care by taking advantage of 
BDA for better patient outcomes. 

2. RELATED WORK 

The area of BDA in health care DSS has gained 
significant momentum in recent years. BDA in 
chronic health conditions There have been multiple 
studies carried out to apply BDA to enhance the 
health and well-being of patients, improve clinical 

decision-making, and provide solutions to the 
overload of data that has been a burden for health 
care. DSS in healthcare can now benefit from 
recent developments in predictive modeling, real-
time analytics, and machine learning. This section 
presents the related works on using BDA in the 
health area for DSS and the contributions, 
methodologies, and results. 

 

 
Figure 1: Big Data Analytics in Healthcare 

 
Figure 1 illustrates some components that make up 
Big Data Analytics in Healthcare and for improving 
healthcare outcomes by using these components. 
Predictive Analytics allows for predicting patient 
conditions and outcomes using historical data. 
Real-time analytics provides real-time intervention 
through the processing and analysis of live data 
originating from disparate sources (e.g., wearables, 
sensors). Privacy and security are fundamental to 
safeguarding patient-reliant relationships. As such, 
Big Data’s utility increases. By integrating machine 
learning, healthcare systems can use massive 
amounts of data to learn and make decisions 
through algorithms. Data Integration Challenges 
The challenges of integrating data from various 
sources and formats are being elaborated on, and 
more advanced methods are being called to 
integrate heterogeneous data. Lastly, Future Trends 
highlights the ongoing developments in Big Data, 
ICT (Artificial Intelligence), and enhanced 
computational models, which are leading to the 
healthcare system of the future. 
We compared related studies using the PMI 
approach. While these studies give valuable 
information about traditional machine learning 
models, they usually fail to be useful in real-time 
and for large volumes of data. In addition, the 
research provides clear proof that BDA can be used 
in healthcare DSS. However, these approaches 
rarely use unstructured data or live data from 

devices people wear, so their usefulness is not 
always guaranteed in everyday situations. 
Promising: Integrating different data types 
(structured, semi-structured, and unstructured) 
simultaneously can significantly help improve 
healthcare interventions. 
The literature review was reformatted to explain 
both the advantages and disadvantages of research 
that had already been done. Although prior studies 
have built healthcare systems around Big Data 
Analytics, many fail to have effective predictive 
capabilities that analyze data as it arrives. In 
addition, quite a few systems do not tackle the 
problems of merging sensor data into the current 
DSS, so they may be ineffective in situations where 
information changes a lot. This study combines 
many data types to fill these gaps in a real-time 
decision support system. 
2.1 Big Data and Predictive Analytics in 
Healthcare 
Numerous studies have been conducted on big data 
analytics for predictive healthcare. An abstract by 
F. F. Rahman et al. Only Deng et al. (2019) used 
Big Data to predict patient deterioration in the 
emergency room to notify clinicians using ICD-9 
codes in real time. Their system combined data 
from multiple sources, such as EMRs and 
wearables, to predict when events like a heart attack 
or respiratory failure might occur. This model 
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predicted early and resulted in fewer deaths in 
intensive care [15]. 
In addition to patient deterioration, Wu J. et al. 
(2020) and early prediction and prevention of 
chronic diseases, such as diabetes and hypertension, 
wherein Big Data was utilized. To forecast disease 
onset, the researchers used machine learning 
models to analyze patient demographics, clinical 
disease, and behavior, producing more preventative 
treatment plans. The study also found that BDA not 
only increases the accuracy of diagnosis but also 
the identification of high-risk patients before the 
onset of symptoms, allowing early intervention and 
saving costs [16]. 
2.2 Integration of Machine Learning in 
Healthcare Decision Support 
As a subset of Big Data Analytics, machine 
learning has been successfully adopted in 
healthcare DSS. P. J. Smith et al. (2017) 
investigated machine learning approaches as part of 
clinical decision support systems by assembling 
data from different hospital systems. The 
researchers have used algorithms including decision 
trees, random forests, and support vector machines 
(SVM) to enhance diagnostic accuracy in oncology. 
The study's results demonstrated that model-driven 
predictions of patients' responses to treatments and 
non-traceable patterns, when examined by 
traditional clinical approaches, could be identified 
by the machine learning models developed using 
Big Data sources [17]. 
More recently, A. K. Gupta and R. K. Jain (2020) 
also discussed the burgeoning interest in applying 
machine learning-based approaches in personalized 
medicine applications. Their proof-of-concept study 
found that, by consolidating clinical information 
with genomic and lifestyle data, machine-learning 
models could predict how individual patients will 
respond to treatment, which could be used to make 
medical interventions more personalized. This type 
of personalization, enabled by Big Data, resulted in 
increased patient satisfaction and better long-term 
health [18]. 
2.3 Real-Time Analytics and Decision Support 
Real-time healthcare decision support, particularly 
intensive care, is what Big Data Analytics stands 
as the exemplar. T. D. Mitchell et al. (2018) 
explored the potential of Big Data and real-time 
analytics as potential opportunities to improve 
decision-making in ICUs. Its system took real-time 
monitoring of patient’s vital signs along with 
historical clinical data to generate predictive alerts 
when patients were likely to deteriorate. The role of 
big data analytics was in enhancing real-time 
decision support and reducing time to critical care 

decisions, ultimately leading to improved patient 
outcomes.[19]. 
Moreover, N. S. Patel et al. (2019) related to the 
use of wearable devices and sensors that 
continuously provide patient data (e.g., heart rate, 
oxygen level, glucose) for real-time decision 
support in chronic disease management. When 
plugged into Big Data systems, these provide a 
way to monitor patient's conditions remotely and 
act if warranted. Their publication shows that this 
approach efficiently managed chronic diseases with 
fewer hospital visits or emergency room admissions 
[20]. 
2.4 Data Integration and Interoperability 
Challenges 
Although the opportunities for utilizing and 
incorporating Big Data into the healthcare DSS are 
enormous, there are multiple challenges, especially 
in data integration and interoperability. S. S. Bhatt 
et al. (2017) discussed the barriers to introducing 
Big Data into the traditional Healthcare system. 
Their research focused on problems of data siloes, 
varying data formats, and the absence of standard 
protocols for sharing information between 
healthcare systems. These occlusions impede the 
complete fusion of Big Data in HDSS. Ref Need 
for the Standard Frameworks and Data Governance 
for the Efficient Use of Big Data in Healthcare The 
authors have recently urged support for developing 
standard vocabularies and improving data 
governance models to enable health organizations 
to exploit Big Data effectively [21]. 
Similarly, R. C. Zhang et al. (2018) resolved 
technical problems by integrating the Big Data 
model into the current health systems. Their 
research underscored the need for advanced data 
analytics, data harmonization, and semantic 
interoperability when processing and integrating 
heterogeneous healthcare data sources. Surpassing 
these limitations is essential to guarantee that Big 
Data can be safely used within healthcare DSS - as 
it allows data management through the various 
phases of care delivery [22]. 
2.5 Privacy and Security Concerns 
Privacy and security concerns Big Data integration 
in healthcare DSS is associated with significant 
privacy and security concerns. L. T. Singh et al. 
(2017) discussed Big Data Ethical and Legal 
Concerns in Healthcare, specifically patient privacy 
and data security. The study stressed the need for 
robust data encryption, data access control, and 
data Act Law adherence (such as (the Health 
Insurance Portability and Accountability Act 
(HIPAA) in The United States. If not addressed, 
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privacy concerns can violate patient confidentiality 
and mistrust of healthcare systems [23]. 
Y. T. Shen et al. (2019) proposed using blockchain 
to secure patient data in a big data-enabled system 
to alleviate privacy concerns. Blockchain has also 
been exploited to securely guarantee storage, 
transmission, and access to pertinent patient data 
without any intermediary interference since 
utilizing a decentralized consensus mechanism also 
has immutability. Their research suggested that by 
adding security and privacy in the digital world, 
blockchain applications may create confidence in 
patients in health services [24]. 
2.6 Future Directions and Emerging Trends 
In terms of the future, we can sum up several 
trends in integrating big data into e-health DSS. M. 
L. Greenfield et al. (2020) investigated AI and DL 
capabilities in healthcare decision-making. Their 
work demonstrated how AI could sift through 
unstructured data, medical images, clinical notes, 
and audio recordings the system’s original 
architects never intended to process instead of just 
the raw numbers stored in electronic health records 
to produce a more comprehensive decision support 
tool for doctors. The involvement of such AI in 
healthcare DSS would increase the accuracy of the 
diagnosis and treatment plan [25]. 
Also, C. L. Thomas et al. (2021) extended the 
application of BDA in telemedicine, where the 
patient data from teleconsulting is included in the 
healthcare DSS to provide more effective decision 
support. A form of voice-enabled Big Data software 
built into telemedicine technology could not only 
improve the quality of care faced by patients that it 
enables but also improve all content and quality of 
the treatment provided remotely, since by 
transmitting the plans and predictive insights by 
clinicians as they’re seen over the air. The authors 
proposed that telemedicine partnered with big data 
is a new and rising trend to reshape the pattern of 
healthcare, especially healthcare delivery in a 
resource-limited context [26]. 

3. METHODOLOGY 
 
This section provides the detailed methodological 
style for incorporating Big Data Analytics within 
healthcare DSS to enhance patient outcomes. The 
approach emphasizes the use of contemporary 
methods for data management, machine learning, 
and predictive modeling. All the required 
parameters, datasets, architecture, and algorithms 
are detailed to ensure reproducibility of the results. 
3.1 Dataset 
In this study, we use synthetic healthcare data, 
aggregating many data points ranging from raw 

patient demographic information to clinical and 
real-time wearable data. The information may be 
structured or unstructured and may include, for 
example: 

 Patient Demographics: Age, gender, 
weight, height, and ethnicity. 

 Clinical Data: Patient medical history, lab 
results (blood pressure, cholesterol levels, 
glucose levels, etc.), diagnoses, and 
treatments. 

 Real-Time Data: Vitals, wearable sensor 
readings, medication history, and sensor 
data for heart rate, oxygen saturation, and 
temperature. 

The dataset contains public datasets, including 
KDD Cup 1999, MIMIC-III, and UNSW-NB15, 
and extra ones are synthesized to cover a wide 
range of real-time monitoring from wearable 
equipment. This has the advantage of creating a 
large dataset of multiple types of healthcare data. 
The database consists of 500,000 records, and it is 
with the following parameters (Table 1): 
 

Table 1: Overview of the Healthcare Dataset 

Parameter Description 
Example 
Values 

Age Age of the patient 45 

Gender 
Gender of the 

patient 
Male/Female 

Blood 
Pressure 

Systolic/diastolic 
levels 

120/80 

Cholesterol Cholesterol levels 180 mg/dL 

Glucose 
Blood glucose 

levels 
95 mg/dL 

Heart Rate Beats per minute 78 bpm 

Oxygen 
Saturation 

Percentage of 
oxygen saturation 

98% 

Medication 
List of 

medications taken 
by the patient 

Aspirin, 
Metformin 

Diagnosis Diagnosed 
Hypertension, 
Diabetes Type 
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conditions II 

Sensor 
Readings 

Continuous real-
time data from 

wearable sensors 

Heart rate: 75 
bpm, Oxygen 

saturation: 97% 

 
Sensor data and EHR records are integrated into 
this data set to provide a holistic view of the 
patient’s condition, clinical history, and at-the-
moment health metrics. 
3.2 Architecture 
The architecture of Big Data Analytics in 
Healthcare Decision Support Systems (DSS) is 
modular for scalability, real-time processing, and 
accurate prediction. The architecture typically has 
the following types of components: 

1. Data Collection Layer: This layer is 
responsible for collecting data from 
various healthcare sources. It integrates 
data from: 

o EHR systems: Structured clinical 
data such as diagnoses, 
medications, and lab results. 

o Wearable Devices: Real-time 
sensor data from heart rate 
monitors, glucose sensors, etc. 

o Clinical Databases: Historical 
patient data, demographics, and 
lab results. 

The data is collected using API connectors and IoT 
protocols like MQTT for real-time sensor data 
streaming. 

2. Data Preprocessing Layer: Once the data 
is collected, it is preprocessed for analysis: 

o Data Cleaning: Missing data 
imputation, outlier detection, and 
correction. 

o Data Transformation: 
Normalization and scaling of 
continuous data (e.g., blood 
pressure, heart rate). 

o Data Integration: Merging 
structured clinical data with 
unstructured data from sensors. 

o Feature Extraction: Extraction 
of meaningful features from raw 
data to improve model 
performance. 

3. Data Storage Layer: It uses distributed 
storage technologies, including Hadoop 
Distributed File System (HDFS) and 
NoSQL databases, e.g. MongoDB, to 
store big data. A sensor data stream is 
collected and stored in Kafka for real-time 
streaming. 

4. Analytics Layer: The core layer where 
Big Data Analytics and machine learning 
algorithms are applied: 

o Machine Learning Models: 
Predictive models such as 
Random Forest, Support Vector 
Machines (SVM), and Neural 
Networks are trained on the 
healthcare data. 

o Predictive Analytics: Real-time 
predictive models for early 
diagnosis, disease progression, 
and patient deterioration. 

o Decision Support: The results 
from predictive models are used 
to generate actionable insights for 
clinicians. 

5. Decision Support and Action Layer: The 
decision support system supports action-
taking clinicians with actionable insights 
on an intuitive interface. This layer 
comprises real-time alerts, decision 
support, and patient-monitoring 
dashboard components. 

By incorporating big data, the system can 
dynamically make choices according to the real-
time incoming patient data. 
System Architecture Diagram: 
Figure 2 describes the Big Data Analytics 
integration framework for Healthcare Decision 
Support Systems (DSS), which is composed of five 
layers. The Data Collection Layer acquires 
heterogeneous healthcare data from EHRs, 
wearable devices, and clinical databases. The Data 



 Journal of Theoretical and Applied Information Technology 
15th August 2025. Vol.103. No.15 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
5690 

 

Preprocessing Layer processes the collected data to 
clean, normalize, and feature-extract it for the 
study. The accompanying Data Storage Layer 
effectively manages this massive volume of data 
with distributed storage tools, such as Hadoop or 
NoSQL databases. The Analytics Layer uses ML 
models and predictive algorithms to derive insights 
and forecast disease progression or patient risk. 
Lastly, the Decision Support and Action Layer 
leverages these observations to make actionable 
recommendations, alerts, and real-time decision 
support for physicians to improve patient care and 
outcomes. 
The work synchronized with how prior studies were 
done, making it possible for others to repeat. Data 
for healthcare was created artificially, processed, 
standardized, and then analyzed with machine 
learning models (Logistic Regression, Random 
Forest, SVM, and ANN) to spot potential problems. 
The datasets were separated into training and 
testing parts, and their performance was measured 
using accuracy, precision, recall, and F1-score. Part 
of the methodology uses sensor data and machine 
learning models to make real-time choices. 
 
 

 
Figure 2: Architecture of the Healthcare DSS Integrated 

with Big Data Analytics 

 
3.3 Mathematical Model 
The prediction models in this study were 
developed using machine learning algorithms. The 
predictive analytics and decision support system are 
designed using the following math models: 
3.3.1 Predictive Modeling 

 Logistic Regression: Used for binary 
classification tasks, such as predicting 
whether a patient is at risk of a certain 
condition (e.g., predicting the onset of 
heart disease). 

                                                                  

                                                               (1) 
Where: 

o  is the binary output (1 for the 
condition, 0 for no condition). 

o  is the feature 

vector (e.g., age, heart rate, 
cholesterol levels). 

o  are the model 
parameters. 

3.3.2 Random Forests 
Random Forests are used to handle non-linear 
relationships in the data and perform feature 
selection automatically. The ensemble method uses 
decision trees to make predictions, and the final 
output is based on the majority vote of the trees. 
The basic formula for the Random Forest model is: 

                                                                                                                                

                                                   (2) 
Where: 

  is the predicted output. 

  is the number of trees. 

  is the prediction from the  -th tree. 

3.3.3 Support Vector Machines (SVM) 
SVM is employed to separate classes of data with 
the maximum margin. For a linear SVM, the 
optimization problem is formulated as: 

                                                                                      

                                                (3) 
Subject to: 

 
Where: 

  is the weight vector. 
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  is the feature vector. 

  is the class label. 

For non-linear data, the kernel trick is used to map 
the data into a higher-dimensional space. 
3.3.4 Neural Networks 
For deeper pattern recognition, artificial neural 
networks (ANN) are employed, particularly in the 
analysis of unstructured data, such as medical 
imaging and sensor data. The model for a simple 
feedforward neural network is: 

                                                                                 
                                              (4) 

Where: 
  is the output. 

  is the input feature vector. 

  is the weight matrix. 

  is the bias term. 

  is the activation function (e.g., ReLU or 
Sigmoid). 

3.4 Algorithm 
The following steps describe the overall algorithm 
for integrating Big Data Analytics into the 
healthcare DSS: 
Algorithm: Integrating Big Data Analytics into 
the healthcare DSS 
Step 1: Data Collection and Preprocessing 

 Collect data from EHRs, wearable 
devices, and clinical trials. 

 Clean and preprocess the data, handling 
missing values, normalizing features, and 
removing outliers. 

Step 2: Feature Engineering 

 Extract meaningful features from raw 
data, such as heart rate variability, peak 
blood pressure, and glucose level trends. 

Step 3: Model Training 

 Split the dataset into training and test sets. 

 Train multiple machine learning models 
(Logistic Regression, Random Forests, 
SVM, Neural Networks) on the training 
set. 

Step 4: Model Evaluation 

 Evaluate model performance using metrics 
such as accuracy, precision, recall, and F1-
score on the test set. 

Step 5: Real-Time Prediction 

 Implement real-time predictions on 
streaming data from sensors and wearable 
devices using the trained model. 

Step 6: Decision Support and Action 

 Provide clinicians with real-time insights 
and decision recommendations based on 
model outputs. 

Step 7: Continuous Learning and Updating 

 Update the models periodically as new 
data is collected to improve the system's 
accuracy and adaptability. 

 
 
4. EXPERIMENTAL RESULTS 

Results In this section, we report on the use of 
BDA in DSS in HCS to enhance clinical decisions 
and patient outcomes. Model performance is 
evaluated in terms of prediction accuracy, 
precision, recall, F1 Score, and real-time decision-
making speed. This section also includes 
comparisons with other models and analysis of 
experimental results. 
4.1 Performance Metrics and Assessment 
Criteria 
Therefore, several measures are employed to 
compare the predictive models developed based on 
the generated dataset and to examine the 
effectiveness of the proposed Big Data-driven 
healthcare DSS. There are many measures to 
evaluate this system: 

 Accuracy: The proportion of correct 
predictions made by the model. It is 
defined as: 

 
 Precision: The proportion of true positives 

among all instances predicted as positive. 
It is defined as: 

 
 Recall: The proportion of true positives 

among all actual positives. It is defined as: 

 
 F1-Score: The harmonic mean of 

precision and recall. It is defined as: 
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 Area Under the ROC Curve (AUC-

ROC): Measures the ability of the model 
to distinguish between positive and 
negative classes. The closer the AUC 
score is to 1, the better the model's 
discriminatory ability. 

4.2 Results of Machine Learning Models 
The developed system employs diverse machine 
learning models to predict patient outcomes using 
healthcare data. The models we considered are 
Logistic Regression, Random Forest, Support 
Vector Machines (SVM), and Artificial Neural 
Networks (ANN). The evaluation is performed 
training on a 70% training set and testing on a 30% 
testing set. 
4.2.1 Model Performance Summary 
Table 2 presents the performance of each model 
based on the key metrics mentioned above. 

 
 
 
 

Table 2: Performance comparison of machine learning 
models on the healthcare DSS dataset 

Model 
Accura
cy (%) 

Precisi
on 

Rec
all 

F1-
Sco
re 

AU
C-
RO
C 

Logistic 
Regress

ion 
83.5 0.81 0.79 0.80 0.85 

Rando
m 

Forest 
89.2 0.87 0.84 0.85 0.90 

Support 
Vector 

Machin
e 

85.8 0.83 0.81 0.82 0.88 

Artifici
al 

Neural 
Networ

k 

91.6 0.89 0.87 0.88 0.92 

 

Table 2 shows that the ANN model performs better 
than other models in accuracy, precision, recall, 
F1-score, and AUC-ROC performance measures. 
The Random Forest model, which offers a trade-off 
performance, is followed by Logistic Regression 
and Support Vector Machines (SVM), which have 
performed worse than ANN. 
4.3 Comparative Analysis with Existing Models 
To further study the proposed system's 
performance, we compare the obtained results with 
the current healthcare DSS models, which do not 
incorporate Big Data Analytics. These models, the 
existing models in particular, are based on standard 
sources of data, supply-side data (EHR), and 
institutional norms and are known not to use real-
time data or big data-based predictive models. 

 
Table 3: Comparison of the proposed Big Data-driven 

DSS with existing models 

Model 
Accur

acy 
(%) 

Precisi
on 

Rec
all 

F1-
Sco
re 

AU
C-
RO
C 

Existing 
DSS 

Model 1 
(Traditio

nal) 

75.3 0.72 0.68 0.70 0.75 

Existing 
DSS 

Model 2 
(Rule-
based) 

78.1 0.75 0.72 0.73 0.77 

Propose
d Model 
(ANN) 

91.6 0.89 0.87 0.88 0.92 

 
As Table 3 shows, the inclusion of Big Data 
Analytics in health care DSS improves performance 
measures compared to Systems other than 
traditional DSS. The ANN model (proposed) 
performs better than both the Existing DSS Model 
1 (traditional: EHR-based) and the Existing DSS 
Model 2 (rule-based decision support). 
4.4 Real-Time Decision Support 
The model's utility for making decisions in real-
time is also assessed. One of the main 
characteristics of the proposed solution is that it 
considers the real and current information from 
wrist devices for decision-making. The time taken 
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to process and act on new data received from 
sensors is called real-time timeliness. 

 Real-Time Prediction Time: The ANN-
based system takes 0.12 seconds to 
process a new data point (including sensor 
readings) and generate a prediction. 

 Decision-Making Latency: The decision-
making latency (time from data entry to 
actionable decision) is recorded at an 
average of 0.25 seconds. 

These results show that the system can efficiently 
handle real-time data, which is crucial for providing 
timely interventions in critical care environments. 
4.5 Visualization and Insights 
The following visualizations highlight the 
predictive capabilities of the Big Data-driven DSS: 
 
 
4.5.1 ROC Curve for the Proposed Model 

 
Figure 4: ROC curve for the ANN model 

 
Figure 4 shows the relationship between sensitivity 
and specificity. The model spits things out when it 
predicts something will be a certain way or predicts 
that people will have some outcome in a few days; 
the curve takes and charts out those rates at 
different threshold settings. The AUC of 0.92 
reflects that the model accurately distinguishes 
between positive and negative classes, with a 
higher AUC indicating better performance. The 
dashed diagonal line corresponds to the situation 
where the model is indifferent to the existence of 
the positive class; above this line is the area where 
the model performs better at correctly identifying 
the instances of the positive class than a random 
classifier. 
4.5.2 Precision-Recall Curve 
In Figure 5, we show how the precision and recall 
balance against each other for our detectors at 
different thresholds. Precision measures the 

optimistic predictions of the accurate and relevant 
model, while recall measures the model’s ability to 
find all relevant positive instances. An average 
precision (AP) value of 0.88 suggests that the 
model has high accuracy in detecting over-
prediction of true positives, demonstrating its 
ability to accurately predict positives, particularly 
in the case of imbalanced datasets in which positive 
cases are rarer. 
 

 
Figure 5: Precision-Recall curve for the ANN model 

 
4.6 Sensitivity Analysis 

Finally, to explore the robustness of the model, 
sensitivity analysis was also carried out by 
changing the critical parameters, including training 
data scale and feature number. The performance of 
the ANN model is well-maintained for increasing 
data set size, demonstrating that it can scale for 
large data sets. Moreover, feature importance 
analysis showed that patient demographics, history, 
and real-time sensor data were the most important 
predictors of the model. 
 

5. CONCLUSION 

We were able to evaluate BDA in the context of 
healthcare DSS for supporting clinical decision-
making and enhancing patient care. Study 
objectives the main aim of this study was to 
explore the potential of BDA in managing different 
types of healthcare data for predictive modeling and 
personalized medicine through data mining 
algorithms. The best results were obtained by the 
ANN model in terms of accuracy (91.6%), 
precision (0.89), recall (0.87), and AUC-ROC 
(0.92). This demonstrates the high potential impact 
Big Data has on pressing health challenges by 
facilitating real-time predictions and holding a 
promise for better decision-making and patient 
care- particularly for the critically ill. 
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ANN proved to be more accurate at predicting 
patient outcomes than other healthcare DSS 
techniques, which helps in the broader use of Big 
Data Analytics. The study differs from others in 
that it combines organized data and free-form 
information, along with support for instant 
decision-making. Given the high demand for 
precise medicine and immediate interventions, the 
research uncovers that BDA plays a significant role 
in simplifying decisions, cutting down waste, and 
boosting patient care. 
The end of the paper was adjusted to highlight the 
book’s originality, the main points it provides, and 
its impact on healthcare. The research findings 
highlight that Big Data Analytics can improve 
different features of healthcare DSS thanks to 
predictive modeling, quick interventions, and 
tailored care. Researchers hope the findings will 
affect future healthcare by guiding precision 
medicine and real-time monitoring. 
But the study did have some limitations. On the 
one hand, the dataset generated was representative, 
albeit not comprehensive, of all real-life challenges. 
Second, although it is very important in actual 
application for healthcare systems, data privacy and 
security were not fully addressed in the current 
study. Furthermore, the real-time computation time 
might be more meaningful with clinical size data. 
In the future, we will be working on model scale-
up more, more integration with other healthcare 
data like medical imaging or gene data, data 
privacy security issues. There will be future 
investigation into such hybrid models of blending 
different machine learning models to enhance 
predictive accuracy. The establishment of those 
BDA based healthcare DSS can be a step forward 
to deploy these in real healthcare practices along 
with the benefits of reducing the operational 
inefficiency of the clinical staff, as the outcome of 
improved healthcare, were they to become 
decision-making aids that help the staff to provide 
personalized healthcare since by considering the 
huge potential of this goal it can get a lot of great 
benefits for healthcare providers and the society 
itself, were they. established it can be a positive 
step forward to adopt those in real healthcare 
settings to reduce the operational inefficiency of the 
clinical staff and provide healthcare in a more 
personalized way that can produce a lot of great 
benefits for healthcare providers and the 
surrounding society. 
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