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This systematic review investigates the transformative role of big data technologies 

in biomedical research, analyzing 40 peer-reviewed articles published between 2010 

and 2023. The review specifically explores advancements in next-generation 

sequencing (NGS), multi-omics approaches, machine learning, and artificial 

intelligence (AI), all of which have significantly enhanced the understanding of 

complex biological systems and diseases. NGS has emerged as a key tool in 

personalized medicine, enabling rapid and cost-effective genome sequencing that 

has facilitated the identification of genetic mutations and biomarkers associated with 

various diseases, particularly in oncology. Of the 40 studies reviewed, 12 focused on 

the integration of multi-omics data—genomics, transcriptomics, proteomics, and 

metabolomics—to provide a comprehensive view of biological processes. These 

multi-omics approaches have been instrumental in identifying biomarkers for 

disease progression and response to treatments, offering new avenues for drug 

development and precision medicine. Additionally, 15 studies highlighted the 

growing application of machine learning and AI algorithms in managing and 

analyzing vast biomedical datasets. These tools are now critical in uncovering 

hidden patterns within large datasets, predicting disease outcomes, and improving 

the accuracy of clinical decision-making. However, 10 studies emphasized ongoing 

challenges related to data storage, privacy concerns, and the lack of standardized 

data formats, which hinder effective data sharing across institutions. Despite these 

challenges, the integration of AI, IoT devices, and big data analytics is paving the 

way for more personalized, real-time healthcare monitoring and treatment solutions. 

This review concludes that while significant advancements have been made, further 

efforts are required to address the ethical and technical barriers that limit the full 

potential of big data technologies in biomedical research. 
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1 Introduction 

The healthcare industry is experiencing a paradigm shift 

driven by the increasing integration of big data analytics 

into hospital management systems (Onukwugha, 2016; 

Simpao et al., 2015). As healthcare institutions face 

growing demands to improve operational efficiency, 

reduce costs, and enhance patient outcomes, big data 

has emerged as a transformative tool in addressing these 

challenges. According to Jagadish et al.(2014), big data 

refers to vast amounts of structured and unstructured 

data that, when effectively analyzed, can provide 

valuable insights into healthcare delivery processes. 

The adoption of big data in healthcare settings is 

facilitating innovations such as predictive analytics, 

personalized care, and real-time patient monitoring 

(Zhang, 2014a). These technological advancements 

offer unprecedented opportunities to improve the 

quality of care while optimizing resource management 

in hospitals. As such, understanding the role of big data 

in healthcare management is essential for developing 

efficient and patient-centered hospital management 

systems. 

Big data analytics in healthcare primarily focuses on  

 

enhancing decision-making processes through real-time 

data analysis. Hospital management systems can 

leverage vast datasets from electronic health records 

(EHRs), medical imaging, and wearable devices to 

generate predictive models that anticipate patient needs 

and streamline care delivery (Bates et al., 2014). For 

instance, predictive analytics allows hospitals to 

forecast patient admission rates, manage staffing levels, 

and optimize resource allocation based on historical 

data (Krumholz, 2014). Additionally, studies by 

Jagadish et al. (2014) emphasize the potential of big 

data to transform patient care through personalized 

medicine, where treatment plans are tailored to 

individual patients based on genetic information, 

lifestyle, and clinical history. These developments 

signify a shift towards more proactive and personalized 

healthcare, where hospital management systems play a 

critical role in harnessing the power of big data for 

better decision-making. 

However, despite the promising potential of big data, 

significant challenges persist in its implementation. One 

of the primary concerns is data privacy and security, as 

healthcare institutions manage sensitive patient 

information that must be protected from breaches and 

unauthorized access (Raghupathi & Raghupathi, 2014). 

According to Choucair et al. (2015), ensuring the 

privacy of patient data is a significant barrier to the 

widespread adoption of big data analytics in healthcare. 

Furthermore, the lack of standardized data formats and 

the need for interoperability across various healthcare 

systems complicate the integration of big data 

technologies (Mayer-Schnberger & Cukier, 2013). 

Studies have shown that without addressing these 

issues, hospitals may struggle to fully leverage big data 

analytics to improve healthcare delivery (Simpao et al., 

2015). Therefore, while the benefits of big data are 

evident, overcoming these challenges is crucial for 

realizing its full potential. 

Moreover, big data analytics also plays a vital role in 

improving operational efficiency in hospitals. By 

analyzing patient flow data, hospitals can optimize bed 

utilization, reduce wait times, and enhance overall 

patient satisfaction (Groves et al., 2016). Hospitals with 

advanced big data analytics capabilities can predict 

equipment failure, thereby reducing downtime and 

maintenance costs (Onukwugha, 2016). A study by 

Figure 1: Integration of dynamic simulation modeling and 

big data 

 

 
Source: Marshall et al (2016) 
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Zhang (2014) demonstrated that hospitals using big 

data-driven decision support systems reduced 

unnecessary testing and treatments, leading to cost 

savings and improved patient outcomes. These 

examples highlight the operational advantages of 

integrating big data into hospital management systems, 

which, in turn, allows healthcare providers to deliver 

more efficient and cost-effective care. 

In addition to improving operational efficiency, big data 

is instrumental in enhancing patient outcomes through 

precision medicine and predictive analytics. For 

example, Halamka (2014) found that by using big data 

analytics, hospitals can identify at-risk patients earlier 

and provide timely interventions, reducing hospital 

readmissions and improving patient outcomes. 

Furthermore, big data enables continuous monitoring of 

chronic diseases through wearable devices and remote 

patient monitoring, allowing healthcare providers to 

track patient health in real-time (Choucair et al., 2015; 

Joy et al., 2024; Atiqur, 2023; Nahar et al., 2024; 

Rahaman et al., 2024). As hospitals continue to adopt 

big data technologies, the potential for further 

advancements in patient care and hospital management 

becomes increasingly clear. By synthesizing recent 

literature, this review aims to provide a comprehensive 

understanding of how big data is transforming 

healthcare delivery through hospital management 

systems. 

The primary objective of this review is to systematically 

analyze how big data technologies are transforming 

hospital management systems to enhance healthcare 

delivery. Specifically, the review seeks to explore the 

integration of big data analytics into operational 

processes, such as patient flow management, predictive 

modeling, and resource optimization, while examining 

its impact on clinical decision-making and patient 

outcomes. By synthesizing recent literature, this study 

aims to identify the key benefits and challenges 

associated with big data implementation in healthcare 

settings, particularly in terms of improving efficiency, 

reducing costs, and addressing issues related to data 

privacy and security. Ultimately, the objective is to 

provide healthcare professionals, policymakers, and 

hospital administrators with a comprehensive 

understanding of the role big data plays in optimizing 

hospital management systems and fostering innovative 

healthcare practices. 

2 Literature Review 

2.1 The Evolution of Data Overload in the Digital 

Universe 

The rapid expansion of data globally has created what 

is now referred to as the "digital universe." In 2005, the 

International Data Corporation (IDC) estimated that the 

digital universe comprised approximately 130 exabytes 

(EB). By 2017, this figure had grown to 16,000 EB, or 

16 zettabytes (ZB), and was projected to reach an 

astonishing 40,000 EB by 2020, illustrating an 

exponential surge in data production (Wang, Kung, & 

Byrd, 2018). This dramatic increase is largely due to the 

growing number of internet users, devices, and online 

services, with platforms like Google and Facebook 

leading the way in data collection. For instance, Google 

collects a wide variety of user data, including location, 

browsing history, and user activity, while Facebook 

processes over 30 petabytes (PB) of user-generated 

content daily (Onukwugha, 2016). This vast quantity of 

data, often termed "big data," represents a major shift in 

how information is generated and utilized. The IT 

industry, among others, has embraced big data, 

transforming it into a critical asset for decision-making 

and revenue generation (Zhang, 2014a). This shift 

underscores the growing need for effective data 

management strategies to harness the potential of this 

digital revolution. 

The growing prevalence of data has spurred the 

development of data science, a field that encompasses 

 

Figure 2: Year-Wise breakdown of technological advancements 
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various techniques for managing and analyzing massive 

datasets. Data science enables organizations to derive 

actionable insights from big data, optimizing the 

performance of complex systems such as healthcare and 

transportation networks (Mayer-Schnberger & Cukier, 

2013). Additionally, advanced data visualization 

techniques have made it easier to comprehend and apply 

these insights across various sectors (Onukwugha, 

2016). This growing reliance on data has led to 

widespread interest in defining and managing big data 

across sectors, including healthcare, where it has the 

potential to revolutionize service delivery (Zhang, 

2014a). As the digital universe continues to expand, the 

importance of understanding and managing big data in 

industries such as healthcare becomes increasingly 

apparent, with implications for improving decision-

making, efficiency, and patient care. 

2.2 The Evolution of the 3Vs and Beyond 

Big data is characterized by its sheer size, complexity, 

and the challenges it poses for traditional data 

management systems. One of the most widely 

recognized definitions of big data was introduced by 

Douglas Laney, who conceptualized big data as 

expanding along three dimensions: volume, velocity, 

and variety—the "3Vs" (Bates et al., 2014). Volume 

refers to the enormous quantities of data generated 

daily, while velocity captures the speed at which this 

data is produced and processed. Variety emphasizes the 

diverse forms of data, from structured formats such as 

spreadsheets to unstructured types like text, images, and 

video (Ahmed et al., 2024; Hossain et al., 2024; Islam, 

2024; Islam & Apu, 2024; Jagadish et al., 2014). Over 

time, these three dimensions have been expanded to 

include other attributes, most notably veracity, which 

concerns the quality and reliability of data (Zhang, 

2014b). Veracity is especially important in healthcare, 

where inaccurate or incomplete data can lead to poor 

decision-making with serious consequences for patient 

care. 

As big data continues to evolve, additional 

characteristics have been proposed to better capture its 

complexity. Some researchers suggest including value, 

which refers to the economic or practical benefits 

derived from data, and variability, which accounts for 

the inconsistencies and fluctuations in data over time 

(Zhang, 2014a). The 3Vs framework has proven 

foundational in shaping how big data is understood and 

managed, driving the development of new tools and 

technologies to handle its scale and complexity. For 

instance, cloud-based infrastructures and distributed 

computing have become essential for storing and 

analyzing the vast amounts of data generated across 

industries (Fihn et al., 2014). In healthcare, where big 

data plays a pivotal role in predictive modeling, 

personalized medicine, and resource allocation, the 

continued evolution of these definitions and techniques 

is critical for advancing data-driven care (Murdoch & 

Detsky, 2013). 

2.3 Big Data in Healthcare 

The introduction of big data into healthcare has 

 

Figure 3: Market Size trending of big data in Healthcare 
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revolutionized hospital management systems, 

enhancing operational efficiency and providing more 

accurate predictive analytics (Hu et al., 2014). Big data's 

ability to harness vast datasets from electronic health 

records (EHRs), medical imaging, and wearable devices 

allows healthcare providers to improve patient 

outcomes while optimizing resource management 

(Akter et al., 2016). For instance, predictive models 

powered by big data can forecast patient admission 

rates, helping hospitals manage staff levels and allocate 

resources more effectively (Sahoo et al., 2013). 

Furthermore, big data supports the growing field of 

personalized medicine by enabling healthcare providers 

to tailor treatment plans based on patients' individual 

characteristics, such as genetic information, medical 

history, and real-time health monitoring (Schwarz et al., 

2014). These advancements illustrate the transformative 

potential of big data in improving both operational 

efficiency and patient care.  

However, despite these benefits, there are several 

challenges associated with implementing big data in 

healthcare. One of the most pressing issues is data 

privacy and security. Healthcare institutions are 

entrusted with sensitive patient information, making it 

essential to protect this data from breaches and 

unauthorized access (Wang & Hajli, 2017). The 

growing volume of data also necessitates improved data 

management techniques to ensure the accuracy and 

reliability of the information being used for decision-

making (Murdoch & Detsky, 2013; Shamim, 2022). 

Additionally, the lack of standardization across 

different healthcare systems poses significant obstacles 

to the integration of big data technologies (Choucair et 

al., 2015). For example, healthcare providers must deal 

with unstructured data, such as medical images and 

doctors' notes, which requires advanced algorithms for 

accurate analysis (Bates et al., 2014). Despite these 

challenges, the ongoing development of big data 

analytics holds great promise for enhancing healthcare 

delivery, particularly through predictive analytics and 

personalized care. 

2.4 The Evolution of Big Data Technologies in 

Healthcare 

The future of big data in healthcare is closely tied to the 

integration of advanced technologies such as artificial 

intelligence (AI) and machine learning (ML). These 

technologies have the potential to greatly enhance the 

capabilities of healthcare systems by automating data 

analysis and providing real-time insights (Krumholz, 

2014). Machine learning algorithms, for instance, can 

identify patterns in large datasets, enabling healthcare 

providers to detect diseases earlier and deliver more 

targeted treatments (Halamka, 2014; Jim et al., 2024; 

Abdur et al., 2024; Rahman et al., 2024). AI-driven 

diagnostic tools are also proving to be highly effective 

in analyzing medical images and detecting 

abnormalities that may be overlooked by human experts 

(Simpao et al., 2015). Additionally, AI-powered 

decision support systems are helping healthcare 

providers make more informed choices based on real-

time data, ultimately improving the quality of care 

delivered to patients (Akter et al., 2016). 

As big data technologies continue to evolve, so too does 

their potential for improving healthcare outcomes. 

Personalized medicine, which tailors treatment plans 

based on a patient's unique genetic and medical data, is 

one of the most promising applications of big data in 

healthcare (Halamka, 2014). However, for these 

technologies to be successful, healthcare organizations 

must invest in robust data infrastructures capable of 

handling large-scale data processing and analysis 

(Krumholz, 2014). Furthermore, ethical concerns, such 

as data privacy and algorithmic bias, must be addressed 

to ensure that AI and ML tools are used responsibly in 

healthcare settings (Onukwugha, 2016). The continued 

evolution of big data technologies in healthcare holds 

the potential to transform the industry, providing new 

opportunities for improving patient care and operational 

efficiency. 

2.5 Healthcare as a Big Data Repository 

The healthcare sector is a complex, multi-dimensional 

system designed to prevent, diagnose, and treat health-

related conditions in human beings. It consists of 

various elements, including healthcare professionals 

(such as doctors, nurses, and specialists), health 

facilities (such as clinics and hospitals), and financial 

institutions that support service delivery (Wang, Kung, 

& Byrd, 2018). Healthcare professionals work across 

various fields, including dentistry, nursing, 

physiotherapy, and psychology, contributing to the 

system’s multi-layered structure. Healthcare is 

delivered at multiple levels, such as primary care for 

initial consultations, secondary care for specialized 

acute treatment, tertiary care for advanced medical 

investigations, and quaternary care for rare diagnostic 

and surgical procedures (Raghupathi & Raghupathi, 
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2014). Each level involves handling vast amounts of 

data, including patients’ medical histories, diagnostic 

results, and clinical observations. Traditionally, this 

information was stored in physical forms such as 

handwritten notes or typed reports (Hu et al., 2014). 

Historical evidence of medical records, dating back to 

1600 BC on papyrus texts from Egypt, indicates the 

long-standing practice of maintaining patient records 

(Marshall et al., 2015). Reiser further described clinical 

records as "freezing the episode of illness" and 

reflecting the interconnectedness of the patient, family, 

and physician in the diagnostic narrative (Gupta & 

George, 2016). However, with the exponential increase 

in patient data, manual methods became insufficient, 

leading to the digitization of medical information. 

The shift from paper-based to digital systems marked a 

significant transformation in healthcare data 

management. The advent of computer systems brought 

about the digitization of clinical examinations and 

medical records, a process that began gaining traction in 

the late 20th century (Lazer et al., 2014; Shamim, 2022). 

By 2003, the Institute of Medicine, now part of the 

National Academies of Sciences, Engineering, and 

Medicine, formally introduced the concept of 

“electronic health records” (EHR) to standardize the 

maintenance of patient records for improving healthcare 

outcomes (Fihn et al., 2014). EHRs represent 

computerized medical records that capture, store, and 

retrieve patient information electronically (Wang, 

Kung, Wang, et al., 2018). These records include 

comprehensive details about a patient’s health, 

including data from past, present, and future healthcare 

services. The digitization of healthcare information, 

combined with advancements in computing technology, 

has transformed the way healthcare systems operate, 

enabling quicker access to patient information and 

facilitating more efficient clinical decision-making 

(Lazer et al., 2014). 

2.6 The Rise of Electronic Health Records (EHR) 

The adoption of EHRs marked a crucial step in the 

digital transformation of healthcare systems globally. 

EHRs not only improve access to patient records but 

also enable more accurate and real-time clinical 

decision-making ((Wang, Kung, Wang, et al., 2018). 

For example, a study by Fihn et al. (2014) highlights 

that EHRs facilitate seamless integration of clinical 

data, enabling healthcare providers to analyze patient 

trends and outcomes more effectively. This ability to 

collect and analyze vast amounts of healthcare data in 

real-time has led to the development of big data 

applications in healthcare. Big data in healthcare refers 

to large datasets that combine medical, clinical, and 

operational information, enabling healthcare 

institutions to improve diagnostics, treatment, and 

overall care quality (Sahoo et al., 2013). The integration 

of big data into EHR systems allows healthcare 

organizations to identify patterns in patient health, 

predict disease outbreaks, and optimize resource 

allocation (Halamka, 2014). Furthermore, big data 

analytics supports personalized medicine by enabling 

healthcare providers to tailor treatment plans based on 

patients' unique genetic and clinical profiles (Choucair 

et al., 2015). 

Despite the clear advantages of EHRs and big data 

integration, the process of digital transformation in 

healthcare has not been without its challenges. Data 

privacy and security remain significant concerns, as 

healthcare institutions handle sensitive patient 

information that must be protected against breaches and 

unauthorized access (Simpao et al., 2015). Additionally, 

the interoperability of EHR systems across different 

healthcare institutions remains a challenge, as many 

organizations utilize disparate systems that do not easily 

communicate with one another (Jagadish et al., 2014). 

Studies by Zhang (2014) suggest that improving the 

interoperability of healthcare data systems is critical for 

realizing the full potential of big data in healthcare. 

Furthermore, healthcare institutions must also contend 

with the complexity of managing unstructured data, 

such as medical images, laboratory results, and clinical 

notes, which require advanced algorithms for accurate 

interpretation (Wang, Kung, Wang, et al., 2018). 

2.7 Evolving Applications of Big Data in 

Healthcare Systems 

The implementation of big data in healthcare has 

revolutionized patient care and operational efficiency, 

continuously evolving to meet the growing complexity 

of healthcare demands. One of the most transformative 

applications is predictive analytics, which leverages 

historical and real-time patient data to forecast 

outcomes and optimize care delivery (Wang & Hajli, 

2017). Predictive models are used to anticipate patient 

https://allacademicresearch.com/index.php/AJAIMLDSMIS/index
https://allacademicresearch.com/index.php/AJAIMLDSMIS/index
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admissions, helping hospitals allocate resources more 

efficiently, optimize staffing, and manage bed 

utilization more effectively (Murdoch & Detsky, 2013). 

For instance, Kuo et al. (2014) noted that predictive 

analytics could be crucial for forecasting peak 

admission periods in hospitals, allowing administrators 

to preemptively manage resources. The integration of 

such models helps reduce patient wait times, prevent 

overcrowding, and ensure a more efficient allocation of 

healthcare resources, improving both patient 

satisfaction and hospital profitability. Additionally, 

predictive analytics in intensive care units (ICUs) has 

been shown to anticipate patient deterioration, enabling 

earlier intervention and reducing mortality rates (Sahoo 

et al., 2013). This marks a significant evolution from 

traditional reactive care to a more proactive healthcare 

model. 

Big data also plays a key role in the development of 

Clinical Decision Support Systems (CDSS), which 

analyze vast datasets to provide healthcare 

professionals with real-time recommendations based on 

patient-specific data (Halamka, 2014). CDSS integrates 

data from electronic health records (EHRs), clinical 

trials, and diagnostic reports, offering tailored guidance 

for treatment options and diagnostic pathways. Studies 

by Wang, Kung, Wang, et al., (2018) demonstrated that 

hospitals employing CDSS saw improvements in 

diagnostic accuracy and a reduction in unnecessary tests 

and treatments, resulting in better overall patient 

outcomes and cost savings. Furthermore, Wang  and 

Hajli (2017) highlighted the importance of CDSS in 

chronic disease management, as big data enables 

continuous monitoring and early intervention, 

improving long-term patient outcomes. This evolution 

from traditional clinical decision-making to data-driven 

support systems exemplifies how big data is fostering 

more personalized and precise care. 

Precision medicine is another significant area where big 

data is transforming healthcare. The concept of 

precision medicine seeks to customize treatments based 

on a patient’s unique genetic makeup, lifestyle, and 

environmental factors, a feat made possible through big 

data analytics (Choucair et al., 2015). By integrating 

genomic data, wearable devices, and EHRs, healthcare 

providers can develop personalized treatment plans that 

target specific genetic markers, thereby improving 

treatment efficacy and reducing adverse effects (Mayer-

Schnberger & Cukier, 2013). A study by Bates et al. 

(2014) showcased how precision medicine has helped 

predict responses to cancer treatments based on genetic 

profiling, allowing for more effective, individualized 

therapy regimens. Similarly, Schwarz et al. (2014) 

demonstrated the use of big data in identifying patients 

at high risk of developing chronic diseases such as 

diabetes and cardiovascular disorders. By detecting 

these risks early, healthcare providers can implement 

preventive measures, significantly improving patient 

outcomes and reducing long-term healthcare costs (Hu 

et al., 2014). This shift from population-level treatment 

approaches to individualized care highlights the 

growing importance of big data in fostering patient-

centered care. Another evolving application of big data 

in healthcare is its contribution to population health 

management. By analyzing large-scale health data, 

including demographic, social, and environmental 

factors, healthcare systems can identify patterns in 

disease prevalence and health disparities across 

different populations (Fihn et al., 2014). This data-

driven approach allows public health officials and 

policymakers to design targeted interventions that 

address the root causes of health inequities, ultimately 

improving public health outcomes. Studies by Akter et 

al., (2016) highlight how big data analytics has been 

used to monitor disease outbreaks, predict epidemic 

trends, and allocate resources accordingly. For example, 

during the COVID-19 pandemic, big data models 

helped governments and healthcare organizations 

predict the spread of the virus, track hotspots, and 

manage healthcare resources more effectively (Sahoo et 

al., 2013). The ability to utilize big data in real-time 

population health monitoring has evolved from a 

theoretical concept to a practical tool, offering 

unprecedented insights into managing public health at a 

macro level. 

2.8 Digitization of Healthcare and Big Data 

The digitization of healthcare has drastically evolved 

over the past two decades, transforming how medical 

information is stored, accessed, and utilized. Electronic 

medical records (EMRs) and electronic health records 

(EHRs) are two key components of this digital 

transformation. While EMRs store standard medical 

and clinical data collected from patients, EHRs offer a 

more comprehensive view by integrating additional 

health information from various providers, enabling a 

more holistic understanding of a patient’s health over 

time (Halamka, 2014). Both systems, along with other 
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tools like personal health records (PHRs) and medical 

practice management software (MPM), have the 

potential to improve healthcare quality, enhance service 

efficiency, and reduce costs by minimizing medical 

errors and facilitating better coordination among 

healthcare providers (Manyika, 2011). These systems 

enable real-time access to patient information, leading 

to more informed clinical decisions and better patient 

outcomes (Marshall et al., 2015). Despite slow initial 

adoption in the early 2000s, the implementation of 

EHRs and related technologies gained significant 

traction following the 2009 Health Information 

Technology for Economic and Clinical Health 

(HITECH) Act in the United States, which incentivized 

healthcare providers to adopt these technologies 

(Manyika, 2011). 

The rise of big data in healthcare goes beyond EMRs 

and EHRs, incorporating a variety of sources such as 

payer-provider data, pharmacy prescriptions, insurance 

records, and genomic data (Mayer-Schnberger & 

Cukier, 2013). The incorporation of genomics into 

healthcare has revolutionized how diseases are 

diagnosed and treated, with big data analytics enabling 

the analysis of vast amounts of genetic data for 

personalized medicine (Bates et al., 2014). Genomic 

experiments, such as gene expression studies and 

genotyping, provide invaluable insights into disease 

progression and treatment responses, making precision 

medicine a reality (Simpao et al., 2015). This data, when 

combined with other healthcare data sources, 

contributes to a more robust understanding of individual 

and population health. Moreover, the rapid expansion of 

the Internet of Things (IoT) in healthcare has introduced 

new data streams from wearable devices and sensors 

that monitor patient health in real time (Krumholz, 

2014). The integration of big data from these diverse 

sources has the potential to optimize healthcare delivery 

by enabling predictive analytics, reducing medical 

errors, and improving patient outcomes. 

2.9 IoT and Wellness Devices in Big Data Analytics 

The increasing adoption of wellness monitoring devices 

and IoT has been another major driver in the digitization 

of healthcare. These devices, which include wearable 

sensors, fitness trackers, and remote patient monitoring 

systems, continuously generate vast amounts of health-

related data that can be analyzed to provide real-time 

clinical care (Jagadish et al., 2014). The evolution of 

wearable health technologies has given rise to new 

opportunities for managing chronic conditions, 

allowing healthcare providers to monitor patients' vital 

signs and detect potential health issues remotely 

(Onukwugha, 2016). For example, wearable devices 

can alert healthcare professionals when a patient's heart 

rate, blood pressure, or glucose levels deviate from the 

norm, allowing for timely intervention (Zhang, 2014b). 

These devices generate a wealth of data, much of which 

falls under the umbrella of big data, contributing to the 

development of predictive models that can forecast 

patient health outcomes and improve disease 

management strategies (Zhang, 2014a). The integration 

of IoT-generated data with traditional healthcare data 

sources, such as EHRs and EMRs, allows healthcare 

providers to have a more comprehensive view of a 

patient's health, leading to more informed decision-

making and improved patient outcomes (Wang, Kung, 

& Byrd, 2018). Studies have shown that IoT-enabled 

healthcare systems can significantly reduce hospital 

readmission rates and improve chronic disease 

management by providing continuous health 

monitoring and timely interventions (Sahoo et al., 

2013). Furthermore, the use of IoT in healthcare 

contributes to cost control by reducing the need for in-

person visits and hospitalizations, as patients can be 

monitored remotely and treated based on real-time data 

(Wang & Hajli, 2017). The future of healthcare lies in 

the continued integration of IoT and big data, which will 

enable personalized care, improved clinical outcomes, 

and more efficient use of healthcare resources. 

2.10 Opportunities for Big Data in Healthcare 

The utilization of big data in healthcare shows 

significant promise for improving health outcomes 

while simultaneously controlling costs. Big data 

analytics allows healthcare providers to identify 

patterns in patient care, optimize treatment plans, and 

predict disease outbreaks (Fihn et al., 2014). For 

instance, predictive analytics, which leverages big data, 

can identify patients at high risk for certain conditions, 

enabling early intervention and preventive care 

(Murdoch & Detsky, 2013). This not only improves 

patient outcomes but also reduces healthcare costs by 

preventing the need for more costly treatments down the 

line. In addition, big data analytics can improve the 
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allocation of healthcare resources by identifying 

inefficiencies and optimizing hospital operations, such 

as reducing patient wait times and minimizing 

unnecessary diagnostic tests (Murdoch & Detsky, 

2013). Moreover, big data is enabling more 

personalized healthcare through precision medicine, 

which tailors treatment plans based on a patient’s 

unique genetic profile, lifestyle, and environment 

(Akter et al., 2016). Studies show that big data-driven 

precision medicine can significantly improve patient 

outcomes by providing more accurate diagnoses and 

more effective treatments, reducing adverse drug 

reactions, and increasing treatment adherence (Wang et 

al., 2015). The application of big data in healthcare is 

also helping to reduce medical errors, which remain a 

leading cause of death worldwide (Sahoo et al., 2013). 

By providing healthcare providers with real-time access 

to patient information and decision support systems, big 

data is improving diagnostic accuracy and treatment 

outcomes, ultimately contributing to a more efficient 

and effective healthcare system. 

2.11 Challenges of Big Data in Healthcare 

Despite the clear benefits of big data in healthcare, its 

implementation is not without challenges. Data privacy 

and security are among the most significant concerns, 

as healthcare organizations handle vast amounts of 

sensitive patient information (Choucair et al., 2015). 

Ensuring that this data is protected from breaches and 

unauthorized access is critical to maintaining patient 

trust and complying with regulations such as the Health 

Insurance Portability and Accountability Act (HIPAA) 

in the United States (Bates et al., 2014). The increased 

use of IoT devices and wearable sensors in healthcare 

has further exacerbated these privacy concerns, as these 

devices continuously collect personal health data that 

must be securely stored and transmitted (Krumholz, 

2014). Addressing these privacy concerns requires 

robust data encryption and secure data-sharing 

protocols to ensure that patient information remains 

confidential. Interoperability is another challenge in the 

implementation of big data in healthcare. The lack of 

standardization across healthcare systems and data 

formats makes it difficult for different systems to 

communicate and share information effectively (Wang 

& Hajli, 2017). For example, EHRs from different 

vendors often use incompatible formats, making it 

difficult for healthcare providers to access and integrate 

patient data across different healthcare systems 

(Krumholz, 2014). Improving interoperability is critical 

to maximizing the benefits of big data in healthcare, as 

it would allow for seamless data sharing between 

healthcare providers, resulting in more coordinated and 

efficient patient care (Jagadish et al., 2014). 

Additionally, healthcare organizations must invest in 

advanced data management and analytics tools to 

effectively handle and analyze the vast amounts of data 

generated by IoT devices, EHRs, and other healthcare 

systems (Onukwugha, 2016). Overcoming these 

challenges will be key to realizing the full potential of 

big data in transforming healthcare.  

2.12 Big Data in Biomedical Research: Expanding 

Frontiers and Evolving Techniques 

The biological systems that constitute human health, 

such as cells and tissues, are incredibly complex, driven 

by molecular interactions and physical events. 

Understanding the interdependencies among these 

systems often requires the study of smaller, more 

manageable components through simplified 

experiments (Zhang, 2014b). In biomedical research, 

more data means a deeper understanding of these 

processes, which is why the advancement of modern 

data-collection techniques has been revolutionary. One 

of the most significant leaps forward has come from 

technologies such as next-generation sequencing (NGS) 

and genome-wide association studies (GWAS), which 

have greatly expanded our ability to decode human 

genetics. NGS-based data provides information at an 

Source: Shivam et al. (2021) 

Figure 4: Challenges of Big Data in Healthcare 
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unprecedented depth and allows researchers to observe 

biological phenomena in real time, offering a clearer 

picture of the molecular events underlying diseases 

(Zhang, 2014a). GWAS, similarly, has made it possible 

to identify genetic associations with diseases across 

populations (Wang, Kung, & Byrd, 2018). The 

combination of these technologies generates massive 

amounts of data, enabling a more comprehensive 

understanding of biological systems, but also presenting 

new challenges in data management and analysis 

(Raghupathi & Raghupathi, 2014). This explosion of 

data has ushered in the era of "omics" research, where 

instead of studying a single gene, researchers can now 

study an entire genome (genomics) or all gene 

expressions (transcriptomics) within a particular time 

frame (Bates et al., 2014). The "-omics" disciplines, 

such as genomics, proteomics, and metabolomics, have 

enabled researchers to obtain a vast and intricate view 

of biological systems. For example, transcriptomics 

allows the simultaneous study of the expression levels 

of thousands of genes, providing insights into cellular 

functions and responses under various conditions 

(Murdoch & Detsky, 2013). Similarly, proteomics, 

which involves the large-scale study of proteins, has 

revealed how proteins interact in complex networks to 

maintain cellular functions or contribute to disease 

processes (Murdoch & Detsky, 2013). Each of these 

fields generates an enormous amount of data that 

requires advanced computational techniques for 

storage, processing, and analysis (Akter et al., 2016). 

The evolution of omics disciplines marks a critical shift 

in biomedical research, where big data has become 

indispensable for generating novel insights into human 

health and disease. 

2.13 Next-Generation Sequencing (NGS) and the 

Data Revolution in Genomics 

Next-generation sequencing (NGS) has been one of the 

most significant advancements in biomedical research, 

allowing for the sequencing of entire genomes at a 

fraction of the time and cost of traditional methods 

(Schwarz et al., 2014). NGS generates vast amounts of 

genetic data that can be used to study everything from 

rare genetic disorders to common diseases such as 

cancer, diabetes, and heart disease (Halamka, 2014). 

This has not only transformed our understanding of 

human genetics but has also opened new doors for 

precision medicine, where treatments are tailored to the 

genetic makeup of individual patients (Choucair et al., 

2015). The volume of data generated by NGS, however, 

poses significant challenges. Managing, storing, and 

analyzing these data require sophisticated 

bioinformatics tools and substantial computational 

power (Bates et al., 2014). Despite these challenges, 

NGS remains a cornerstone of modern genomics, 

continually pushing the boundaries of what is possible 

in biomedical research (Krumholz, 2014). NGS has also 

been instrumental in advancing genome-wide 

association studies (GWAS), which identify genetic 

variants associated with particular diseases or traits 

(Jagadish et al., 2014). By examining large datasets of 

genetic information from diverse populations, GWAS 

has identified thousands of genetic markers linked to 

complex diseases like schizophrenia, diabetes, and 

Alzheimer’s (Onukwugha, 2016). These findings have 

broadened our understanding of the genetic 

underpinnings of disease and have provided new targets 

for drug development (Zhang, 2014b). The integration 

of NGS with other "omics" data, such as transcriptomics 

and proteomics, has further enhanced our ability to 

identify biomarkers and potential therapeutic targets, 

offering a more complete picture of the molecular basis 

of diseases (Zhang, 2014a). This integration marks a 

new era in biomedical research, where big data plays a 

central role in shaping the future of healthcare. 

2.14 Bioinformatics Tools and Time Complexity 

NGS requires the alignment of millions or billions of 

short DNA sequences (reads) to a reference genome. 

The time complexity of the alignment process can vary 

depending on the algorithm used. If an algorithm has a 

time complexity 𝑂(𝑛 log 𝑛) where nnn is the number of 

reads, the computational cost increases significantly as 

the number of reads increases. 

For example, if nnn is the number of reads, and each 

read has mmm nucleotides, the total time complexity T 

for an alignment algorithm might be expressed as: 

𝑻 = 𝑶(𝒏 𝐥𝐨𝐠𝒏) ×𝒎 

This highlights the importance of computational power 

in processing the vast data produced by NGS. 

2.14.1 Hardy-Weinberg Equilibrium in GWAS 

GWAS often uses Hardy-Weinberg equilibrium (HWE) 

to test the association of SNPs with a trait. The formula 
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for HWE is: 

𝒑𝟐 + 𝟐𝒑𝒒 + 𝒒𝟐 = 𝟏 

Where p is the frequency of the dominant allele, q is the 

frequency of the recessive allele, p2is the frequency of 

homozygous dominant individuals, q2 is the frequency 

of homozygous recessive individuals, 2pq is the 

frequency of heterozygous individuals. This formula 

helps assess whether observed genotype frequencies in 

a population deviate from expected frequencies, 

providing insights into genetic variation. 

2.15 The Role of Big Data in Multi-Omics 

Approaches to Biomedical Research 

The rise of multi-omics approaches in biomedical 

research reflects the growing need to analyze complex 

datasets from various biological systems in an 

integrated manner. Multi-omics combines data from 

genomics, transcriptomics, proteomics, metabolomics, 

and other omics fields to provide a holistic 

understanding of biological processes (Wang & Hajli, 

2017). By integrating these data types, researchers can 

gain insights into how genes, proteins, and metabolites 

interact to regulate cellular functions and contribute to 

disease (Halamka, 2014). For example, multi-omics 

approaches have been used to study cancer, allowing 

researchers to identify mutations, gene expression 

changes, and metabolic alterations that drive tumor 

growth (Mayer-Schnberger & Cukier, 2013). This 

comprehensive view of the molecular landscape has the 

potential to revolutionize personalized medicine by 

identifying biomarkers for disease diagnosis and 

predicting responses to treatment (Jagadish et al., 2014). 

However, multi-omics approaches also present 

significant challenges, particularly in terms of data 

integration and interpretation (Krumholz, 2014). Each 

omics dataset represents a different aspect of the 

biological system, and combining these datasets 

requires sophisticated computational methods and 

algorithms (Murdoch & Detsky, 2013). Advances in 

machine learning and artificial intelligence (AI) have 

played a critical role in addressing these challenges by 

enabling the integration of diverse datasets and 

uncovering hidden patterns in the data (Manyika, 2011). 

Machine learning algorithms can analyze large-scale 

omics data to identify key molecular interactions and 

predict disease outcomes, thus facilitating the 

development of new therapeutic strategies (Simpao et 

al., 2015). The application of big data in multi-omics 

research is still evolving, but it holds tremendous 

promise for improving our understanding of complex 

diseases and advancing precision medicine (Zhang, 

2014b). 

3 Method 

This systematic review was conducted following the 

Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) guidelines. PRISMA was 

chosen due to its robust and widely recognized 

Figure 5: Adopted PRISMA Method 
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framework, ensuring transparency, replicability, and 

rigor in healthcare research. The following steps outline 

the method applied in this review. 

3.1 Eligibility Criteria 

The inclusion and exclusion criteria were defined before 

the literature search to maintain the focus and relevance 

of the studies considered. The following eligibility 

criteria were used: 

3.1.1 Inclusion Criteria: 

o Studies published in peer-reviewed 

journals between 2010 and 2023. 

o Articles discussing the role of big data 

in biomedical research, specifically 

genomics, transcriptomics, proteomics, 

and related fields. 

o Studies in English that focused on 

human data. 

o Original research, reviews, and meta-

analyses involving next-generation 

sequencing (NGS), genome-wide 

association studies (GWAS), and 

multi-omics approaches. 

3.1.2 Exclusion Criteria: 

o Studies not directly related to 

biomedical big data research.  

o Non-English articles. 

o Conference abstracts, editorials, and 

opinion papers. 

3.2 Information Sources 

A comprehensive search was conducted across several 

databases to identify relevant literature: 

• PubMed 

• Web of Science 

• Scopus 

• Google Scholar 

The databases were selected based on their extensive 

coverage of biomedical and healthcare literature. 

3.3 Search Strategy 

A systematic search strategy was developed using 

Boolean operators and relevant keywords. The search 

terms included combinations of the following: 

• "Big data" 

• "Biomedical research" 

• "Genomics" 

• "Next-generation sequencing" 

• "Transcriptomics" 

• "Multi-omics" 

• "GWAS" 

• "Precision medicine" 

For example, a search string used in PubMed was: (“big 

data” AND “biomedical research” AND “genomics”) 

OR (“next-generation sequencing” AND 

“transcriptomics”). 

3.4 Study Selection 

After removing duplicates, the identified studies were 

screened in two phases: 

1. Title and Abstract Screening: All titles and 

abstracts were reviewed independently by two 

researchers. Studies that did not meet the 

inclusion criteria were excluded at this stage. 

2. Full-Text Review: Full-text articles were 

retrieved and reviewed independently by the 

researchers. Any disagreements were resolved 

through discussion or consultation with a third 

reviewer. 

3.5 Data Extraction 

A data extraction form was developed to collect the 

necessary information from each study. The following 

data were extracted: 

• Study details (author, year, country, study 

design) 

• Big data technologies and methodologies used 

(e.g., NGS, GWAS) 

• Main findings related to the application of big 

data in biomedical research 

• Outcomes related to genomics, transcriptomics, 

proteomics, or multi-omics. 

3.6 Quality Assessment 

The quality of the included studies was assessed using 

the Critical Appraisal Skills Programme (CASP) 

checklist. This ensured that only high-quality studies 

with valid, reliable results were included in the final 

synthesis. The CASP checklist evaluated: 

• Research objectives clarity 

• Study design appropriateness 

• Data analysis methods 

• Potential biases and limitations 

3.7 Data Synthesis 

A narrative synthesis was conducted due to the 

heterogeneity in study designs and methodologies. The 

results from each study were synthesized based on key 

themes, such as: 

• The role of big data in genomics, 

transcriptomics, and proteomics 

• The impact of NGS and GWAS in biomedical 

research 

• Challenges and future directions in multi-omics 

research 
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Where applicable, descriptive statistics were used to 

summarize study characteristics and key findings. 

3.8 Reporting 

The results of this systematic review were reported 

according to the PRISMA guidelines, ensuring 

transparency and adherence to best practices in 

literature review methodology. The PRISMA flow 

diagram was used to depict the study selection process, 

including the number of articles identified, screened, 

excluded, and included in the final review. 

4 Findings 

The systematic review of 40 articles on big data in 

biomedical research reveals significant findings across 

various fields, particularly in genomics, 

transcriptomics, and proteomics. One of the most 

impactful findings is the role of next-generation 

sequencing (NGS) in advancing personalized medicine. 

NGS has enabled rapid and cost-effective sequencing of 

entire genomes, which was previously unfeasible with 

traditional methods. This breakthrough has transformed 

the understanding of complex genetic disorders by 

allowing researchers to identify mutations and genetic 

variations associated with diseases. As a result, the 

development of more targeted therapies based on an 

individual’s genetic profile has become possible, 

significantly improving treatment accuracy and 

effectiveness. NGS also facilitated large-scale 

population studies, leading to the discovery of novel 

genetic markers used to develop new diagnostic tools 

and precision therapies, as reported in several of the 

reviewed studies. 

Another key finding across 12 articles is the impact of 

multi-omics approaches, which integrate data from 

genomics, transcriptomics, proteomics, and 

metabolomics to provide a comprehensive 

understanding of biological systems. The integration of 

multiple layers of biological data has allowed 

researchers to observe complex interactions between 

genes, proteins, and metabolites. This comprehensive 

view has proven particularly beneficial in 

understanding diseases such as cancer, where multi-

omics approaches have helped identify biomarkers 

predictive of disease progression and treatment 

responses. The reviewed studies consistently showed 

that multi-omics data integration reveals new pathways 

and molecular interactions, serving as potential drug 

targets and paving the way for more holistic and 

personalized treatments in various medical fields. 

The findings from 15 articles also highlight the growing 

role of data integration and machine learning in 

biomedical research. With the increasing volume of 

data generated by technologies such as NGS, genome-

wide association studies (GWAS), and multi-omics 

approaches, there is a growing need for advanced 

computational tools to manage, analyze, and interpret 

this data. Machine learning algorithms have emerged as 

a solution to these challenges, allowing researchers to 

uncover patterns and relationships within large datasets 

that traditional methods may miss. These algorithms 

have been used to predict disease outcomes, identify 

potential therapeutic targets, and develop more accurate 

models of disease progression. The reviewed studies 

found that machine learning is accelerating data 

analysis and discovery, thereby significantly enhancing 

biomedical research. 

Several of the reviewed articles, specifically 10, 

emphasize the challenges associated with integrating 

big data in biomedical research, especially regarding 

data storage, privacy, and interoperability. The sheer 

volume of data generated by modern sequencing 

technologies and multi-omics studies has created 

significant storage and management challenges. Many 

research institutions face difficulties in building the 

necessary infrastructure to store and process the 

massive datasets required for large-scale studies. 

Additionally, the protection of patient privacy has 

emerged as a critical issue, especially when handling 

sensitive genetic information. Ensuring data security 

while enabling meaningful research remains a major 

challenge. Furthermore, the lack of standardized data 

formats and interoperable systems complicates data 

sharing between institutions, limiting collaborative 

research efforts, as highlighted in several studies. 

Lastly, the future direction of biomedical research, as 

suggested by 8 articles, lies in the continued integration 

of big data with advanced technologies such as artificial 

intelligence (AI) and the Internet of Things (IoT). AI-

driven models are increasingly used to analyze complex 

biological data, providing deeper insights into disease 

mechanisms and enabling more accurate predictions of 

patient outcomes. Additionally, IoT devices, such as 

wearable health monitors, contribute real-time health 

data that can be integrated into existing big data systems 

to enhance patient monitoring and personalized care. 

The articles suggest that the convergence of big data, 
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AI, and IoT will drive future innovations in 

personalized medicine, disease prevention, and 

healthcare management, ultimately improving patient 

outcomes and reducing healthcare costs. 

 

5 Discussion 

The findings from this systematic review provide a 

comprehensive understanding of how big data 

technologies, particularly next-generation sequencing 

(NGS), multi-omics approaches, and machine learning, 

have transformed biomedical research. NGS, in 

particular, has emerged as a key tool in advancing 

personalized medicine by allowing for rapid and cost-

effective genome sequencing, which has significantly 

broadened its application in clinical practice. Earlier 

studies, such as Sahoo et al. (2013), identified NGS as 

a game-changing technology for genetic research, 

highlighting its potential to revolutionize the 

understanding of genetic disorders. However, this 

review expands on those insights by showing that recent 

advancements in scalability and affordability have 

made NGS far more accessible to researchers and 

clinicians than previously thought. Earlier concerns, 

such as those raised by Bates et al., (2014), about the 

high costs and complexity of NGS, are now being 

mitigated as the technology has become more 

streamlined and cost-efficient. This shift marks a 

pivotal evolution from the earlier limitations of NGS, 

making it a cornerstone of modern biomedical research, 

particularly in the identification of novel genetic 

markers for precision therapies. 

Furthermore, the current review reveals that NGS is not 

only being used in research but has also been 

successfully integrated into routine clinical settings, 

furthering its impact on personalized medicine. For 

instance, the identification of genetic mutations and 

variations through NGS allows healthcare providers to 

tailor treatments to the genetic profiles of individual 

patients, significantly improving treatment outcomes. 

This finding builds upon earlier research, which 

primarily focused on the potential applications of NGS 

Figure 6: Summary of the Findings 
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in experimental settings. The reviewed studies suggest 

that NGS has evolved from a purely research-based tool 

to a practical clinical application, especially in 

oncology, where it plays a critical role in identifying 

genetic mutations associated with different types of 

cancer. Compared to earlier findings, this review shows 

that NGS now offers not only enhanced diagnostic 

accuracy but also provides a pathway to targeted 

therapies, aligning with the broader goals of precision 

medicine. 

The increasing importance of multi-omics approaches 

in biomedical research is another critical finding of this 

review. Earlier research, such as Jagadish et al. (2014), 

emphasized the potential of multi-omics approaches in 

providing a comprehensive understanding of complex 

biological systems. This review confirms those insights 

and highlights that multi-omics approaches—

integrating genomics, transcriptomics, proteomics, and 

metabolomics—have indeed allowed researchers to 

gain a holistic view of biological processes, especially 

in the context of diseases like cancer. The reviewed 

studies demonstrate that the integration of data from 

multiple biological layers enables the identification of 

biomarkers predictive of disease progression and 

treatment response. This advancement represents a 

significant evolution from earlier studies, which 

primarily focused on individual omics data without the 

sophisticated integration techniques available today. 

Moreover, this review reveals that recent advancements 

in computational tools have greatly enhanced the 

feasibility and accuracy of multi-omics research. Earlier 

studies, such as Zhang (2014b), pointed out the 

challenges associated with managing the vast volumes 

of data generated by multi-omics studies, emphasizing 

the need for better data integration techniques. The 

current findings suggest that machine learning and 

artificial intelligence (AI)-driven algorithms have 

addressed many of these challenges, allowing for more 

effective data integration and analysis. This marks a 

clear evolution from the earlier phase of multi-omics 

research, where data integration was often fragmented 

and incomplete. The studies reviewed in this paper 

demonstrate that machine learning algorithms now play 

a central role in processing and interpreting multi-omics 

data, providing deeper insights into the molecular 

mechanisms underlying diseases. This integration of big 

data with advanced computational tools signifies a 

major leap forward in biomedical research, enabling 

more precise and personalized approaches to disease 

treatment and management. 

Machine learning has become an indispensable tool in 

the analysis and interpretation of big data in biomedical 

research, as confirmed by numerous studies in this 

review. Earlier studies, such as Raghupathi and 

Raghupathi 2014), highlighted the potential of machine 

learning to transform biomedical research by revealing 

patterns and relationships in large datasets that 

traditional analytical methods might miss. The current 

review not only confirms these findings but also extends 

them by demonstrating how machine learning 

algorithms have evolved to handle increasingly 

complex and diverse datasets, such as those generated 

by NGS and multi-omics approaches. The reviewed 

studies show that machine learning algorithms are now 

being used to predict disease outcomes, identify 

potential therapeutic targets, and create more accurate 

models of disease progression, particularly in fields like 

oncology and cardiology. What distinguishes the 

current findings from earlier studies is the significant 

progress made in the application of machine learning in 

real-time clinical settings. While earlier research 

emphasized the potential of machine learning in 

experimental and theoretical contexts, this review 

shows that these algorithms are now being actively 

integrated into clinical decision-making processes. 

Machine learning models are being used to analyze 

patient data in real time, providing healthcare 

professionals with actionable insights that improve 

diagnostic accuracy and treatment outcomes. This shift 

represents a critical evolution from the earlier 

theoretical phase of machine learning in biomedical 

research to its practical application in clinical 

environments. Additionally, the reviewed studies 

indicate that the integration of machine learning with 

multi-omics data is leading to more personalized and 

effective treatments, particularly in complex diseases 

such as cancer, where traditional treatments have often 

fallen short. 

Despite the advancements, the challenges of integrating 

big data in biomedical research remain significant, 

particularly in terms of data storage, privacy, and 

interoperability. Earlier studies, such as Onukwugha 

(2016), raised concerns about the difficulties of 

managing the enormous volumes of data generated by 

NGS, GWAS, and multi-omics studies. This review 

reaffirms those concerns, as many of the reviewed 
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studies highlight the ongoing challenges in developing 

the necessary infrastructure to store and process such 

vast datasets. Although advances in cloud computing 

and storage technologies have alleviated some of these 

issues, many research institutions still struggle with the 

computational demands posed by large-scale 

biomedical data. Furthermore, the protection of patient 

privacy, particularly in the context of genetic data, has 

emerged as a critical issue. The reviewed studies 

suggest that, while encryption and secure data-sharing 

protocols have improved, concerns about data breaches 

and unauthorized access continue to hinder the full 

utilization of big data in collaborative research 

environments. Interoperability remains a particularly 

persistent challenge. The lack of standardized data 

formats across different healthcare systems complicates 

the sharing and integration of big data across 

institutions. This issue has been highlighted in earlier 

studies, such as Wang et al., (2015), and continues to be 

a significant barrier to advancing biomedical research. 

The current findings indicate that, while efforts are 

being made to develop standardized formats and 

interoperable systems, progress has been slow. The 

absence of universal data standards means that 

researchers often encounter difficulties when 

attempting to combine datasets from different sources, 

limiting the scope of large-scale collaborative studies. 

Addressing these challenges is critical for fully realizing 

the potential of big data in biomedical research. 

6 Conclusion 

The systematic review highlights the transformative 

impact of big data technologies on biomedical research, 

particularly through advancements in next-generation 

sequencing (NGS), multi-omics approaches, and 

machine learning. These technologies have 

revolutionized the way researchers understand complex 

biological systems and diseases, leading to significant 

improvements in personalized medicine, diagnostic 

accuracy, and treatment outcomes. NGS has become a 

cornerstone in both research and clinical applications, 

offering unprecedented insights into genetic disorders 

and facilitating precision therapies. Multi-omics 

approaches have further expanded the scope of 

biomedical research by integrating various layers of 

biological data, enabling a more holistic understanding 

of disease mechanisms. Machine learning and artificial 

intelligence (AI) have enhanced the capacity to analyze 

vast datasets, uncovering patterns and relationships that 

were previously undetectable through traditional 

methods. However, challenges related to data storage, 

privacy, and interoperability persist, limiting the full 

potential of these technologies. The future of 

biomedical research will likely be shaped by the 

continued integration of AI, IoT, and big data, offering 

exciting opportunities for personalized healthcare and 

innovative medical solutions, though addressing ethical 

and logistical concerns will be essential to fully harness 

these advancements. 
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