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Abstract: The term "big data" does not just mean big in size but also high in variety and velocity, making 

it hard to deal with it using traditional tools and techniques. Nowadays, (BDA) big data analytics is the 

most effective way to discover hidden patterns and knowledge from vast amounts of data and gain future 

insight to assist decision-makers in taking the right trend toward presenting better services. In general, 

Big Data Analytics (BDA) implementations in any domain are complex and resource intensive, with a 

high failure rate and insufficient guidance or strategy to assist practitioners in making sense of that 

massive amount of data. In this paper, we define big data in general, determine characteristics of big 

data for healthcare, and highlight important sources of big data in healthcare. In addition, recommend 

architecture and tools, identify the most common challenges facing BDA, and recommend a proposed 

system for BDA in the healthcare sector.   
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I. 1.INTRODUCTION 

Data sets expand quickly due to the regular 

collection of information by several 

information-sensing devices, including 

wireless sensor networks, mobile devices, 

aerial (remote sensing), software logs and 

records, cameras, microphones, and Radio-

Frequency Identification (RFID) readers. In 

other words, big data is a field that describes 

how to evaluate data sets that are too huge or 

complicated for typical data processing 

systems to handle, how to gather information 

from them systematically, and how to deal 

with them.[1] 

One of the most vital industries is the 

healthcare sector. It is also one of the biggest 

and fastest-growing sectors in the world. 

Although different electronic health records 

(EHRs) collect data in different ways—

structured, unstructured, and semi-structured, 

the industry can produce and handle data at a 

startling rate. This type can be difficult when 

attempting to verify the truth or ensure the 

data's quality. The EHRs can offer a wealth 

of data that is available for analysis to 

advance our knowledge of disease causes and 

to deliver better, more individualized 

healthcare, but the data structures present a 
challenge to conventional methods of 

analysis. Therefore, adopting big data 

analytics technologies is necessary to 

transform the raw data into relevant and 

actionable information.[1] 

 

II. BACKGROUND 

2.1. Defining Big Data 

"Big data" is a term used to describe massive 

amounts of data that are produced quickly 

and contain a lot of information. Unstructured 

sources of this data include streams of web 

clicks, social media platforms (Twitter, 

blogs, Facebook), call center call recordings, 

video recordings from stores, real-time 

information from various types of sensors, 

RFID, GPS, mobile phones, and other 

devices that identify and monitor something. 

Big Data is a potent digital data silo that is 

unstructured, acquired from a variety of 

sources, raw, and hard or even impossible to 

analyze using conventional techniques used 

so far for relational databases.[2] 

 

2.2. Big Data Properties 

The six "Vs," as shown in Figure 1, (value, 

volume, velocity, variety, veracity, and 

variability), are characteristics that define big 

data. The three of them (volume, velocity, 

and variety) are recognized as the main 
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characteristics of big data. In addition to these 

six "Vs," some authors have established more 

than these six attributes as described below to 

explain the characteristics of big data 

(volume, velocity, and variety), which are 

recognized as the main characteristics of big 

data. Knowing how to measure big data 

requires an awareness of these 

characteristics. [1],[3] 

 

Figure 1: The 6 V’s of big data. 

• Volume (refers to the amount of 

data and is one of the biggest 

challenges in Big Data Analytics), 

• Velocity (the speed with which new 

data is generated, the challenge is to 

be able to manage data effectively 

and in real-time), 

• Variety (heterogeneity of data, 

many different types of healthcare 

data, the challenges to derive 

insights by looking at all available 

heterogeneous data in a holistically 

manner), 

• Variability (inconsistency of data, 

the challenge is to correct the 

interpretation of data that can vary 

significantly depending on the 

context), 

• Veracity (how trustworthy the data 

is, quality of the data), 

• Visualization (ability to interpret 

data and resulting insights, 

challenging for Big Data due to its 

other features as described above). 

• Value (the goal of Big Data 

Analytics is to discover the hidden 

knowledge from huge amounts of 

data).[2] 
 

The open-source distributed data processing 

platform Apache Hadoop MapReduce, which 

is based on data-intensive computing and 

(No-SQL) Not only Structured Query 

Language data modeling approaches, is a 

very relevant and promising software 

platform for the development of applications 

that can manage big data in medicine and 

healthcare.[3] 
 

2.3 Big data analytics 

Big data analytics can uncover unknown 

patterns and trends, hidden correlations, and 

other important information from data 

(value). This theory is based on the data life 

cycle framework, which begins with data 

capture, continues through data 

transformation, and finishes with data 

consumption.[5] 

BDA outcomes give analytics experts, 

predictive modelers, and data scientists the 

ability to analyze and look at massive 

amounts of data sets with a variety of data 

types that may be undiscovered using 

conventional analytics techniques. BDA may 

result in advantages in the marketplace, 

increased operational effectiveness, greater 

customer service, more fruitful new 

opportunities, and other benefits.[7] 

III. Research Methodology 

To accomplish the objectives of this study, 

we employed a quantitative strategy, more 
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specifically, a content analysis of different 

cases, to classify and comprehend the 

capabilities of big data analytics and the 

potential advantages associated with their 

utilization. The next subsections discuss the 

methods used to collect the cases, the 

techniques used, and the steps involved in 

case analysis. 
 

3.1 Cases collection 

Our instances were derived from current and 

previous big data projects using data from a 
variety of sources, including case collections, 

print publications, practical journals, and 

reports from businesses, vendors, 

consultants, and analysts. 

 
3.2 Source of the information 

To locate relevant research publications, we 

looked at four databases: (1) IEEE Xplore, 

(2) ScienceDirect, (3) Springer, and (4) 

Scopus. The main search terms we used in 

these databases were "big data" or "big data 

analytics," as well as "healthcare" or 

"medicine". 
 

3.3 Selection Criteria 

The review method for this work is depicted 

in Figure 4. Five rules are followed: (i) search 

strategy, (ii) selection criteria, (iii) study 

selection procedure, (iv) quality assurance, 

and (v) qualitative and quantitative analysis. 

We concluded by outlining what was done in 

each phase. 

Due to their open access and flexible date 

restriction policies, we chose Google 

Scholar and Science Direct as the main 

search engine platforms for gathering 

pertinent articles. 

Only pertinent journal and conference 

papers, though, were downloaded. 

Big data, big data analytics, big data in health 

care, Apache Spark, and Hadoop were the 

five key terms utilized in the search, 

according to the authors. However, using 

Google Trends, we see a number of inquiries 

that are relevant to our five keywords. The 

terms "big data and data analytics," "analytics 

of big data," "data analytics," "analytics," 

"Hadoop," "big data Hadoop," and "Hadoop 

spark" are only a few of those that were used 

in this study as auxiliary terms. 

Based on an inclusion-exclusion criterion that 

we had agreed upon, the articles were 

evaluated. The following requirements must 

be met for inclusion: (i) the article must be 

written in English, (ii) it must deal with big 

data and BDA, (iii) it must have been 

published between 2015 and 2021, and (iv) it 

must have been published in a journal or 

conference. In contrast, the exclusion criteria 

were (i) papers published outside of a journal 

or conference and (ii) articles not published 

between 2015 and 2021. Even more, papers 

not published in Elsevier, Springer, or IEEE, 

review-based articles on BDA, Initially, in 
the primary screening phase, all the 

publications pertinent to the current study 

(big data and BDA) were carefully chosen. 

The checked articles (3030) were screened in 

Stage one according to our inclusion and 

exclusion criteria (see Fig. 2), we excluded 

inappropriate papers (i.e., papers not 

published in English and duplicate or 

overlapping publications). We then selected 

the remaining publications based on their 

title, abstract, publishers, and type of 

publishing, and we excluded any that had no 

relevance to the planned study. In the last 

round of screening, these articles were 

selected based on the abstracts using the 

Boolean AND operator on all of the defined 

search terms. 

 
Figure 2: Research Process. 
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IV. Result and Discussion 

Based on this study, we found that many 

sources of big data are not processed by 

traditional data processing techniques, and 

these data are growing exponentially every 

moment. Therefore, the health care sector 

should pay attention to stockholders or 

decision makers to provide the best services 

in this sector by extracting valuable 

information from stacks of data generated 

from patients, sensors, electronic health 

records, patient records history, x-ray 

devices, etc.  

This extraction is achieved through data 

analyst profession, which must have enough 

capabilities to analyze data using tools and 

platforms.  

We will discuss the sources of big data and 

the tools and platforms that are most effective 

for extracting hidden patterns from big data. 

We will present the challenges faced by big 

data analytics. 
 

4.1 Source of Health Care Big Data 

The data acquired, gathered, and stored in the 

healthcare sector may be dispersed from 

diverse sources with varied structures, forms, 

and types. Data on physiological, behavioral, 

clinical, medical imaging, disease 

administration, prescription drug records, 

diet, and exercise factors are all included in 

healthcare big data. However, the majority of 

the studies under consideration agreed on the 

following common sources and types of big 

data streams in the healthcare sector [1]: 
 

• Clinical data includes data from 

electronic medical records, hospital 

information systems, imaging 

centers, labs, pharmacies, and other 

businesses that provide healthcare 

services, as well as patient-

generated health data, free-text 

notes from doctors, genomic data, 
and data from physiological 

monitoring. 

• Biometric data is generated by 

various devices that monitor things 

like glucose levels, blood pressure, 

weight, etc. 

• Financial data includes a complete 

accounting of all economic activity. 

• Data from scientific research 

projects, i.e., results of studies on 

drugs, medical device design, and 

innovative treatment methods. 

• Data provided by the patients, such 

as a description of their preferences 

and their degree of satisfaction, and 

data from systems for tracking their 

own activities, such as how much 

they exercise, sleep, eat, and so on. 

• Data from social media. 
 

As a result, there is promise for big data 

analysis, especially in the areas of raising 

medical care standards, saving lives, and 

reducing costs. By sorting through this maze 

of given association rules, patterns, and 

trends, healthcare service providers and other 

stakeholders will be able to offer patients 

more precise and insightful diagnoses, 

personalized treatment, patient monitoring, 

preventive medicine, support for medical 

research and the population's health, better 

quality medical services, and patient care 

while also being able to reduce costs[2],[7]. 

 

4.2 Big data analytics infrastructure and 

tools 

Contrary to common belief, Hadoop is not the 

most effective or widely used technology in 

BDA, as shown by our findings. We found 

that Spark, followed by Hadoop is the DBA 

tool that researchers in this discipline use the 

most frequently. This result can be explained 

by the fact that Spark is more efficient and 

user-friendly for big data analytics than 

Hadoop MapReduce. Additionally, it is 

thought that Spark processes data more 

quickly than Hadoop [9],[10]. 

However, a comparison study reveals that 

Spark uses more memory during operation 

than Hadoop since it loads all processes into 

memory and caches them for a while 

[8],[9],[10]. As a result, this article advises 

basing your decision on these two platforms' 

various features. For example, cost, ease of 

use, memory restrictions, fault tolerance, 

performance level, data processing type, and 

security, and demonstrate their suitability for 

the project at hand and the organization's 

present and future demands. In conclusion, as 

more businesses and researchers have 

discovered the sweet spot to adopt these 

platforms, the open-source industry for the 

Spark and Apache frameworks has 

experienced tremendous growth. Table.1 

shows comparison between Hadoop and 

Spark [11]. 
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Table 1 

HADOOP vs SPARK COMPARISON 

 HADOOP SPARK 
What is it? Open-source framework for 

distributed data storage and 

processing 

Open-source framework  

for in-memory distributed data 

processing and app development 
Initial release 2006 2014 

Supported  

Languages 

Java Scala, Java, Python, R 

Processing  

methods 

Batch processing, using hard discs  to 

read/write data 

Batch and micro-batch processing in 

RAM 

Built-in 

capabilities 

 

✓ File system (HDFS) 

✓ Resource management (Yarn) 

✓ Processing engine (MapReduce) 

✓ Processing engine (Spark Core) 

✓ Near real-time processing (Spark 

Streaming) 

✓ Structured data processing (Spark 

SQL) 

✓ Graph data management (GraphX) 

✓ ML library (MLlib) 

Best fit for Delay-tolerant processing tasks, 

involving huge datasets 

Almost instant processing of live data and 

quick analytics app development 

Real-life use 

cases 

✓ Enterprise archived data processing 

✓ Sentiment analysis 

✓ Predictive maintenance 

✓ Log files analysis 

✓ Fraud detection 

✓ Telematics analytics 

✓ User behavior analysis 

✓ Near real-time recommender 

systems 

✓ Stock market trends prediction 

✓ Risk management 

 
 
 
4.3 Spark Architecture  

Data science regularly makes use of Apache 

Spark, an in-memory data processing engine 
with a functional flavor and superior 

semantics for iterative types of computation. 

Spark was developed to become the most 

efficient tool for data analytics and expanded 

to become a top-level Apache project with 

additional components such as Spark SQL, 

MLlib, and stream processing in addition to 

the fundamental processing capabilities. The 

RDD (resilient distributed dataset), which is 

a distributed sequence of objects with an 

implicit mechanism to accommodate failure, 

is the fundamental data construct used by 
Spark. To rebuild some of the missing data, 

Spark may repeat the operations on a subset 

of the data. The relational operators, like 

union, distinct, filter, and join, that are 

integrated into the Spark programming 

paradigm can be applied lazily to RDDs. 

Figure 3 shows the general Hadoop 

architecture with HDFS, Yarn and the 

processing engine Spark

. 
 

 
Figure 3 Hadoop architecture with HDFS, Yarn, processing engine Spark. 
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Apache Spark is a relatively new framework 

for distributed, in-memory data processing, 

as was already mentioned. Pre-processing of 

data is greatly facilitated by Spark's support 

for interactive data processing with support 

for Python or Scala. 

The main abstraction of Spark is that of a 

resilient distributed dataset (RDD), which 

can be processed using any transformation 

logic written in Scala or Python as well as 

other relational algebra operators (such as 

select, filter, join, and group by). 

A fresh, more practical abstraction called a 

DataFrame is built on top of this idea to make 

slicing and dicing data even simpler. This 

API is convenient to Python's Pandas library's 

practical slicing and dicing APIs. 

As it continues to develop, Spark now offers 

a lot more capabilities than its original RDD-

based processing engine[12] (as in Figure 4).

 Figure 4 Spark architecture 

Spark SQL provides an alternative to Hive 

for SQL on distributed datasets. The 

DataFrames API, which offers a more 

programmatic API for quickly and efficiently 

processing large datasets using relational 

algebra, is supported by Spark SQL, which is 

built on top of Spark Core. This API supports 

both conventional SQL queries and relational 

algebra. The ability to perform some 

processing in SQL and continue from there in 

Spark without writing the data to disk is one 

of the most interesting aspects of Spark SQL. 
 

Spark Streaming, similar to Apache Storm, 

is a Spark component for creating scalable, 

fault-tolerant streaming systems. Slice-based 

data processing is one way this functionality 

is implemented, as is an extension to the 

standard Spark API. As opposed to the 

resilient distributed dataset (RDD) that the 

standard Spark dataset abstraction is, the 

discretized stream used by the Spark 

streaming dataset abstraction (DStream).On 

these discretized segments of the stream, 

processing can then take place. 
 

Spark MLlib has an implementation of 

several machine learning methods across 

distributed datasets that is provided by the 

machine learning library, which is integrated 

with the Spark toolset. With each new Spark 

MLlib release, the library of supported 

algorithms expands, but many of the most 

popular algorithms, such as linear and logistic 

regression, support vector machines (SVM), 

decision trees and random forests, k-means 

clustering, singular value decomposition 

(SVD), and many others, are already present. 
 

Spark GraphX offers a toolkit for graphs 

and graph-parallel computations on top of 

Spark, with support for popular algorithms 

like PageRank, label propagation, triangle 

count, and others.[12] 
 

 

4.4 Big data analytics Challenges in 

Healthcare 

With the rate of data explosion, the biggest 

difficulty in dealing with big data is that 

current or traditional systems are incapable of 

storing and processing data of this quantity 

and type. As a result, cloud computing can be 

used to tackle the storage problem, where 

small and medium-sized hospitals and care 

groups would be able to reduce cost and data 

storage difficulties even more, and they 

would be able to scale out storage, reduce 

infrastructure maintenance, and increase the 

availability of health care system services, 

such as those of cloud providers Amazon 

Web Services, Microsoft Azure, and Google 

Cloud Platform, which are the top cloud 

service providers that dominate the 

worldwide cloud market. 

These three cloud providers have the 

experience and expertise to provide a 

dependable and feature-rich cloud platform. 

However, before committing to a certain 

cloud platform, you must conduct due 

diligence and analyze each platform to 

thoroughly grasp their capabilities and 

differences.[1],[13] 

and other challenges in big data analytics in 

the healthcare sector and elsewhere Data 

ownership is a critical and ongoing issue in 

big data applications. Though petabytes of 

medical records normally belong to the 

healthcare providers, governmental 

healthcare systems, or hospitals that 

developed them, the information contained 

inside them does not. Patients, on the other 
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hand, believe that they own the data. This 

dispute may be resolved through the legal 

system unless healthcare practitioners have 

written permission from patients before using 

data for experiences or research aims.[14] 

Furthermore, multiple studies [15, 16, 17] 

have highlighted the difficulty in dealing with 

this vast and unprecedented amount of data 

made up of various data types and even 

streaming data. 

As a result, big data is high-dimensional, 

diversified, massive, complex, incomplete, 

amorphous, noisy, and erroneous, making 

data pre-processing in BDA difficult. 

However, it is essential to ensure that 

machine learning models perform well and 

with high accuracy.[6] 

 

4.5 recommended system with big data 

analytics tools 

The use of the cloud in conjunction with data 

has become a more recent trend in big data 

analytics technologies. A "big data in the 

cloud" option, such as software-as-a-service 

(SaaS), that provides an alluring alternative at 

a reduced price, has gained increasing 

traction with businesses. By 2016, using 

cloud computing services for big data 

analytics systems that enable real-time 
analytic capability and cost-effective storage 

will become a favored IT solution, according 

to Gartner's 2013 IT trend prediction. 

 

 
Figure 5 recommender system and its stakeholders 
 

 
The primary trend in the healthcare sector is 

a switch from structured to semi-structured 

and unstructured data (e.g., home monitoring, 

telemedicine, sensor-based wireless devices, 

transcribed notes, images, and video). 

 

The suggested recommender system for big 

data analytics is shown in Fig. 5, which is 

composed of eight stakeholders' components: 

(1) Hospitals, (2) Medical Clinics, (3) Patient 

Records, (4) Health Record Providers, (5) 

Medical Researchers, (6) Community Health 

Staff, (7) Doctors, and (8) Patients, in 

addition to two components of the 

recommender system for data analysis using 

Hadoop, Spark, and cloud computing for use 

in storing large amounts of data. 

These components make up the big data 

analytics components that carry out 

specialized tasks, enabling healthcare 

administrators to grasp how to use big data 

implementations to transform healthcare data 

from numerous sources into useful clinical 

information. 

 

All the data sources required to deliver the 

insights needed to support regular operations 

and resolve business challenges are included 

for the first four components. Structured data, 

like conventional electronic health records 

(EHRs), semi-structured data, like the logs of 

health monitoring devices, and unstructured 

data, like clinical photographs, are three 

categories of data. Depending on the format 

of the content, these clinical data are gathered 

from various internal or external sites and 

saved right away in cloud databases.[5] 

 

In contrast, the recommender system 

performs analytics using Hadoop and Spark 

as tools for the data stored in cloud databases 

that contain databases of the type NO-SQL 

like Mongodb, and it transforms the data into 

useful information or clinical information to 

use it for the remaining four components 



 
Academy journal for Basic and Applied Sciences (AJBAS) Special Issue # 1  June 2023 IT, Power, Mechanical of FLICESA  

495 
FLICESA-LA-1315032023-ITE017 

 

(medical researchers, community health staff, 

doctors, and patients) for decision-making. 

 

V. Conclusions  

 

Our research has provided a deeper 

understanding of how healthcare firms may 

use big data analytics to transform data into 

useful information. For better illness 

treatment and diagnosis in medicine, big 

data's function is to build better prediction 

models with tools that can analyze and 

process massive amounts of data to get future 

insight.  

The main limitation of this study is obtaining 

data from sources. To analyze big data, 

analysts must be able to collect, clean, and 

visualize row data in order to create models 

that can be used with the existing tools for 

analysis. Finally, we recommended a 

proposed system utilizing big data analytics 

and exploiting cloud computing to store and 

manage the vast amount of data and involve 

using tools and platforms such as Spark and 

Hadoop in the healthcare sector. 
The reason for choosing the architecture 

Hadoop with Spark instead of Hadoop with 

MapReduce is that Spark is faster than 

MapReduce because it is based on memory 

for data processing. In contrast, MapReduce 

is based on disk for data processing. 
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