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Abstract 

The healthcare industry is one of the intensive and sensitive organization which is 

generating a massive amount of data with various formats. In order to manage and provides 

meaningful information from these data, it needs serious attention to analytic techniques 

and modern tools to enhance the quality of service and reduce cost. Stroke disease is the 

most common cause of global death. So, the early detection of stroke disease and 

continuous monitoring can reduce the mortality rate. However, the exponential growth 

of data from different sources such as medical data, patient history, streaming (real-time) 

system, wearable sensor devices, and others have become biggest challenges to perform 

advanced analytics using conventional techniques including prediction in order to 

generate right insight from data for a better decision. The combination of big data 

analytics and machine learning is an advanced technology that can have a significant 

impact on the healthcare sector especially early detection of stroke disease. This 

technology can be less expensive and more powerful. To overcome this challenge, in this 

study a healthcare data analytics framework for stroke disease prediction based on Apache 

Spark is proposed. The proposed framework is implemented using Apache Spark, which 

is a leading platform with its fast and large scale distributed computing performance for 

both batch and streaming data processing, through in-memory computations. We have 

implemented four scalable algorithms in the Spark ML: Decision Tree, Random Forest, 

Gradient Boosting Tree and Logistic Regression using stroke healthcare dataset that 

collected from a Medical Quality Improvement Consortium (MQIC) database with 

consultation of cardiologist from the local hospitals to make analysis and prediction of 

stroke disease. Thus, with one master node and two worker nodes stroke data analytics 

was performed and the performance of model evaluated and compared using performance 

metric like Confusion Matrix, Area under Curve (AUC).  Based on the experiment result 

Decision Tree found to be the best with an accuracy of 94.3% and an AUC score of 99%, 

and also diabetes is identified as the major risk factor of stroke disease followed by 

hypertension. This study showed that Apache Spark with its scalable machine learning 

techniques can be used efficiently to model, predict stroke disease and identify risk factors 

earlier. The result of this study can be used as clinical decision supports by physician to 

help them to make a more consistent diagnosis of stroke disease. 

Keywords: Big data, Distributed Machine learning, Healthcare data analytics, Hadoop, 

MLlib, Stroke disease, Risk factor, Spark  
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CHAPTER ONE 

1. INTRODUCTION 

1.1  Background  

The healthcare industry is a vital work that every country in this world may give ultimate 

attention to improve its quality through current technology by providing a robust framework 

that handles different activities in health centers. So, a strong Health Information System (HIS) 

is a backbone of the effective health system in terms of gets the right information into the right 

hands at the right time, to improve the quality of service with necessary information [1]. For 

this reason, the healthcare industry in the developing countries is migrating into information 

technology to increase effectiveness, accuracy, safety, and timeliness of their services. Among 

them, Ethiopia is one which implementing health information system (HIS) run under different 

authorities and Health Management Information System (HMIS) that managed primarily by the  

Ministry of Health (MOH) to improve quality and satisfying patient on services [2]. However, 

there is a big challenge still due to an exponential growth of heterogeneous data in the healthcare 

industry. To manage, store, analyze and process such kind of data by using traditional databases 

(RDBMS) and applications like IBM SPSS are so difficult in today's digital era. Big data in 

healthcare is a collection of a healthcare dataset so large and complex that it becomes difficult 

using on-hand database system tools or traditional data processing applications [3]. The cost of 

medical treatment also one of the serious challenges that the government needs to give high 

attention in order to provide an effective healthcare system by providing patient-centric 

treatments. Adopting big data analytics into healthcare services will avoid more cost spent on 

the healthcare system [4]. It helps to avoid the cost spent on ineffective drugs and medical 

procedures by performing advanced analytics on a large amount of complex data in order to 

generate the right insight for evidence-based decision making. In the existing techniques, there 

are also challenges in handling the healthcare data generated daily. Thus, to improve the quality 

of healthcare, it’s essential to use big data analytics in healthcare. Advanced big data analytics 

with Apache Spark helps to perform predictive analytics including real-time data processing on 

the patient data [5]. This helps to notify(alarm) the patient about the health status earlier in order 

to minimize the risks. It also helps physicians to offer effective treatments to their patients by 

monitoring the patient’s health condition in real-time. So, big data analytics plays a great role 
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to achieve patient-centric treatment in order to improve the quality of healthcare services and 

reduce cost.  

Furthermore, big data analytics plays an important role in the healthcare due to the healthcare 

industry generating a large amount of data like electronic health records(EHR), laboratory test 

result, electronic medical equipment, health insurance data, drug research, genome research, 

clinical outcome, transaction, etc. [6]. In healthcare, big data is vast not only due to its volume 

but also due to the diversity of data forms(variety) and the speed at which it must be 

handled(velocity); can handle the challenges include capturing, searching, sharing, analyzing, 

and then finding insights from complex, noisy, heterogeneous, decision making, cost-

effectiveness, speed and availability [7]. Non-communicable disease like diabetes, heart 

disease, stroke, cancer, and others are the most serious disease that needs modern technology 

like big data with machine learning to minimize the risks and enhance the quality of service 

with an evidence-based decision. 

Stroke is the second most common cause of disorders and mortality globally, and also the third 

leading cause of disorders and mortality in low-income countries [8]. A stroke is dangerous, 

life-threatening; a medical complaint, which ascends when the blood amount to a section of 

the brain is interrupted. Essentially, two key reasons for stroke exist: ischemic: when the 

blood flow is cut off as a result of blood (85%-90% of all cases); hemorrhagic: when a 

damaged blood vessel delivering blood to the brain ruptures [9]. In Ethiopia, stroke is 

becoming an increasingly serious public health issue. According to the World Health 

Organization (WHO), non-communicable diseases (NCDs) are estimated to account for 30% 

of all deaths in Ethiopia [10], with stroke being one of the most prominent of the NCDs. 

Unlike developed countries, stroke disease to be more predominant in sub-Saharan Africa. 

Determinants and risk factor of stroke is not well identified in developing countries like 

Ethiopia [11]. Still, stroke is an interesting domain for clinical decision support systems due to 

the huge number of clinical variables, medications, and prescriptions that may be managed, 

and surgical possibilities.  So the early detection of stroke disease and continuous monitoring 

can reduce the mortality rate and other risks. Recently, many researchers have been succeeded 

with different data mining techniques especially machine learning, with respect to both 

prediction and diagnosis in order to detect diseases early and to perform necessary treatment 
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when a stroke initially happens or before happen based on previous data of patients [12, 13, 

14]. However, in healthcare industry due to the exponential growth of medical data within 

volume, heterogeneity and complexity from different sources such as streaming (real-time) 

system, wearable sensor devices used in Internet of Things (IoT) health monitoring and 

others have become biggest challenges to perform advanced analytics using conventional 

techniques including prediction regarding to generate right an insight from data for better 

decision. To overcome the challenges with existing machine learning techniques, the 

collaboration of streaming big data analytics and machine learning is a great technology that 

can have a significant impact on the healthcare sector especially on early detection of stroke 

disease. So, this is a major reason we decided to conduct this study specifically on big data 

analytics for healthcare in order to improve the quality of service and reduce cost. In addition, 

this technology can be more powerful and less expensive as it can be deployed on commodity 

hardware or on-cloud service and also it can make machine learning more scalable and simply 

as a result of big data tools has its own built-in machine learning for distributed computing.  

There are so many tools and algorithms provided in big data, since the challenge is, selecting 

and applying the right tools and algorithms to overcome problems existing in the various real-

world industry including healthcare. Hadoop MapReduce and Apache Spark are the most 

common big data processing and computing tools [15]. One of the primary defects with Hadoop 

MapReduce is only supported batch processing; it is not suitable for real-time stream 

processing, iterative and interactive processing. Apache Spark [16] is a general data processing 

engine that can run on top of Hadoop to tackle a problem with MapReduce by supporting 

sophisticated in-memory computation for both batch and stream data processing. Currently, 

Apache Spark is the most popular framework which consists of Spark Core and four in-built 

libraries such as MLlib for machine learning, Spark SQL, Spark Streaming and Spark Graph 

including Resilient Distributed Datasets which is guarantees Spark to achieve fault-tolerance 

that minimizes network I/O [16]. So, the algorithms in this framework are optimized to run over 

a distributed dataset, which is more suitable to achieve the goal of this study. Thus, the present 

study aims to design a healthcare data analytics framework using both spark data processing 

and Hadoop framework. The framework designed by using Spark build-in MLlib algorithms to 

generate the right insight from healthcare datasets in order to perform various advanced 

analytics including predictive models. 
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1.2  Motivation 

As shown in [17], the concept of big data analytics in healthcare is not only an opportunity but 

a necessity due to the massive growth of data with a different format in healthcare. However, 

in developing countries like Ethiopia, there is a challenge [1] in the existing Electronic Health 

Management information system(e-HMIS) to store, manage and perform analytics in order to 

obtain meaningful information by using existing traditional technology. Recently, big data 

analytics received much attention to overcome those challenges by providing several open-

source frameworks for healthcare data analytics to improve its service and to reduce costs. This 

technology is still on early stage, specifically, in developing country like Ethiopia; most of the 

health organization uses a relational database to store, analyze and to generate information. 

Furthermore, the conventional tools could not handle a huge amount of data to analysis and also 

difficult to store un-organized data like unstructured and semi-structured. So, the problem that 

found in healthcare industry inspires researcher to design healthcare data analytics framework 

using Spark build-in MLlib algorithms to generate right insight from healthcare datasets at the 

right time for the right decision. 

1.3  Statement of the problem 

According to WHO reported in [18], Cardiovascular Disease(CVDs) are the number one cause 

of death globally: more people die annually from CVDs than from any other cause. surprisingly 

estimated 17.9 million people died from CVDs in 2016, representing 31% of all global deaths. 

Of these deaths, 85% are due to Stroke and heart attack. Around three-quarters of CVD deaths 

take place in low- and middle-income countries. In order to decrease mortality from stroke 

diseases there should be an effective and fast early detection method particularly, in developing 

countries like Ethiopia where there is a shortage of experts and mistakenly diagnosed cases has 

a high possibility. The combination of streaming big data analytics and machine learning is a 

great technology that can have a significant impact on the healthcare sector especially on early 

detection of stroke disease by obtaining knowledge and information regarding the disease from 

patient’s data. In addition, stroke is most common CVDs which generate voluminous healthcare 

data like medical data, patient history, streaming (real-time) system, wearable sensor devices, 

and others as a result of relates with a various disease like hypertension, heart diseases, diabetes, 

etc. However, traditional techniques and tools have no capacity to store huge amounts of 

data(volume) and variety data that grows fast in healthcare and also not provide advanced 
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analytics and other service provides by big data analytics in healthcare. This is because of the 

limitation of RDBMS and data analysis tools. 

Even though several machine learning techniques have been proposed in order to perform both 

prediction and diagnosis of early detection diseases and to provide necessary treatment when a 

stroke initially happens or before happening based on previous data of patients [12, 14, 19]. 

There is a limitation still with existing study in terms of dealing with huge data and perform 

computation over a distributed machine to improve the speed of retrieve data from voluminous 

data in order to tackles problems relates to the storage.  Yet an efficient and real-time system 

for predicting stroke disease and patient consultation by doctors are not disposable because they 

require time, human resources, expensive material, knowledge, and expertise. As proposed in 

[14], the involvement of clinical decision support with the digital patient record could reduce 

unnecessary treatment and cost, medical errors, enhance patient safety, and improve the quality 

of service by predicting the occurrence of a disease or diagnosis, evaluating the prognosis or 

outcome of diseases and assisting clinicians to recommend treatment of disease. Based on 

available medical records data, early detection can be simplified by exploiting past cases to 

predict current situations based on machine learning and advanced general processing engine 

like Apache Spark which is the sophisticated framework for both batch-processing and 

stream(real-time) processing. Thus, many successful studies which are conducted abroad have 

motivated this study to overcome the challenges that exist in the previous studies and also 

problem exists in our country related to Stroke disease diagnosis because to the best of the 

researcher’s knowledge, there are no researches conducted locally regarding stroke disease 

prediction analysis using a combination of big data analytics and machine learning. 

This thesis seeks to address the following questions: 

1. Why big data analytics are most crucial for the healthcare industry to improve service 

quality and reduce cost, nowadays? 

2. What are the possibilities of patients causes by stroke disease while the patients already 

with heart disease, diabetes, and hypertension? 

3. How we can implement distributed machine learning algorithms over clusters in order to 

minimize execution time and also to handles huge data easily? 
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4. Which machine learning algorithm is more accurate to predict and detect a disease from 

SparkMLlib?  

1.4  Objectives of the study 

1.4.1 General Objective 

The general objective of this study is to design and develop the healthcare data analytics 

framework for stroke disease prediction analysis using Apache SparkML with Hadoop. 

1.4.2 Specific objective 

The specific objectives use to achieve the main objective are: 

✓ To review related literature on stroke disease and big data analytics framework so as to get 

an understanding of the state of the art of health care data analytics tools and techniques.  

✓ To perform various advanced analytics like descriptive, predictive using stroke care dataset. 

✓ To develop a stroke disease prediction model using MLlib algorithms. 

✓ To compares various MLlib algorithms in predicting stroke disease cases. 

✓ To identify the risk factor of stroke disease.  

1.5  The Scope and Limitation of the Study 

The study will cover the designing of the healthcare data analytics framework using Apache 

Spark with Hadoop for stroke disease prediction analysis. This research is aimed to performs 

advanced stroke care data analytics including a predictive model by comparing multiple 

machine learning techniques built-in SparkMLlib over the distributed cluster to discover right 

insightful with an optimum model. Predicts the status of the patient and detect diseases early in 

order to minimize the risks of diseases through necessary treatment when a stroke initially 

happens or before happen based on previous medical data of the patient. The scope of this study 

also extended to examine the possibilities of patients causes by stroke disease while the patients 

already with heart disease, diabetes and hypertension, and at the end to propose suitable models 

and framework for healthcare data analytics based on the findings of the study. 

This study limited to explore data analytics for unstructured data like medical images and for 

another chronic disease due to lack of some resources and shortage of time. 
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1.6  Significance of the Study 

The result of this study provides an exciting opportunity to reduce medical errors, enhance 

patient safety and reduce the mortality rate for stroke disease. In addition, researchers from the 

IT fields and medical science can use the finding result of this study as an input for the study 

relates to stroke disease and another cardiovascular disease. Furthermore, this proposed study 

will have the following significant for healthcare organization:  

✓ Big data analytics framework like Apache Spark and Hadoop comes with a fantastic 

feature will improve healthcare organization of developing country like Ethiopia to 

overcome the challenges with data volume, variety, velocity, variability, veracity and 

complexity in order to store, process and perform efficient analytics for structured and 

unstructured healthcare data to improve the quality of service and reduce costs. 

✓ The proposed prediction model will help to detect diseases early and to perform necessary 

treatment when a stroke initially happens or before happen based on previous medical data 

of patients.  

✓ Create awareness with the disease, and also decrease readmission and the risk factors 

associated with the disease 

1.7  Organization of the Thesis 

The thesis is organized into five chapters. The first chapter is an introductory chapter which 

gives a brief introduction to the study. It also includes the problem statement, objective of the 

study, significance, and scope and limitation of study. The second chapter deals with the 

literature review and related work. The literature review section tries to give a brief 

understanding of big data analytics in healthcare with existing tools and techniques and also a 

comparison of tools, and a general concept on the area are discussed. In the same chapter, under 

the related work section, recent and relates works for the proposed framework by different 

authors are discussed with critical review. Chapter 3 discussed the methodology of a proposed 

framework including proposed architecture. Subsequently, Chapter 4 explains the experiment, 

results, and discussion. Lastly, Chapter 5 concludes the thesis by indicating recommendations 

and future works. 

 

 



8 
 

CHAPTER TWO 

2. LITERATURE REVIEW AND RELATED WORK 

This chapter presents reviews of the literature on the relates publication to the proposed 

framework in order to have a precise understanding of the area through existing information. 

The chapter starts with understanding healthcare status in Ethiopia, a brief introduction to big 

data in healthcare including its evolution, characteristics and its necessity over the traditional 

database and analytics tools. In addition, in this section, we discussed big data applications, big 

data analytics, big data analytics tools and techniques, big data analytics in healthcare and big 

data in stroke disease and challenges. Finally, a critical analysis of existing knowledge 

presented under related work.  

2.1  Healthcare status in Ethiopia 

Ethiopia is located in the northeastern segment of the African continent, commonly known as 

the Horn of Africa, with the total land area of 1,000,000 Km2 (386,102 sq. miles) and also with 

a total population of more than 108.5 million in 2018 according to world meters [20], Ethiopia 

is the third most populous country in Africa, following Nigeria and Egypt [21]. Ethiopia is the 

Federal Democratic Republic with nine Regional States and two City Administrations, further 

divided into 837 administrative Woredas (districts), two "special" Zones and seven "special” 

Woredas all further subdivided into 16,253 local administrations called Kebele [2]. Among the 

various ministry that found in Ethiopia, the ministry of health (FOH) is one of a critical ministry 

that needs rapid change and improvement on its services to achieve the goal of health sector 

development program (HSDP). The major health problems of the country are largely 

preventable non-communicable diseases like Diabetes, Heart disease, cancer, stroke, and 

nutritional disorders. To improve the quality of services, control, and prevention of disease, 

currently health sector decentralized into a four-tier health care delivery system, which is 

organized into Rural and Urban Health center, Primary Hospitals, General Hospitals, and 

Specialized Hospitals. Primary Level healthcare is a Health Centre surrounded usually by five 

satellite Health Posts. Each Health Post serves approximately 5,000 people and the five together 
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total 25,000 people who are looked after by each Health Centre [22].  The four levels of the 

current healthcare system in Ethiopia with the number of people served at each level. 

 

Figure 2.1  Ethiopia Four Tier Healthcare Delivery System [22] 

Today, the healthcare industry in the developing countries is migrating into information 

technology to increase effectiveness, accuracy, safety, timeliness and other services. Among 

them, Ethiopia is one which implementing health information system (HIS) run under different 

authorities and Health Management Information System (HMIS) that managed primarily by the 

MOH to improve quality and satisfying patient on services [2].    

Recently, some hospitals and clinics that found in the different federal and regional cities are 

automated(computerized) their services to store, manage and process information by using 

traditional database and software. However, there is a big challenge still due to exponential 

growth of heterogeneous data in the healthcare industry. Manage, store, analyze and process 

such kind of data by using traditional database (RDBMS) and software is so difficult in today's 

digital era. The exponential growth of data over the last decade has introduced a new domain 

in the field of information technology and data science called Big Data [5]. Big data has the 

potential to store massive amount and variety (structured, unstructured and semi-structured) 
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data that generated from a different source in healthcare with effective services and low cost. 

Big data analytics play pivotal in healthcare in terms of providing the right insight from various 

consolidate data to perform accurate decision at right time by using its own procedure and tools 

to upgrade level of healthcare services in the digital world. To achieve a vision of HIS road 

map that will provide timely, accurate health and health-related information made available 

from an integrated data repository and used for evidence-based decision making in Ethiopia [2], 

Big data analytics play a great role with high-quality service, low waste, and low cost. 

2.2  Big Data Overview 

The unprecedented growth and evolution of data from the various source in the last decade have 

introduced new technology in the field of information technology and data science called Big 

Data. Big data is the term for a collection of a massive volume of data sets so large and complex 

that it becomes difficult to process using traditional databases (RDBMS) or traditional data 

processing applications(IBM SPSS) [5]. Today, the most popular organization are capturing, 

storing, searching, sharing, finding insights, and analyzing data that has a high volume, velocity, 

variety(structured, semi-structured and unstructured) and complex that comes from a variety of 

new sources, including  social media, machines, log files, video, text, images, RFID, and GPS 

[23]. To managing, processing and analyzing these sources of data with capabilities of a 

traditional relational database is so difficult; enormous un-organized and heterogeneous data 

available in the current digital world. Big data can store, process and analyze massive volume 

and heterogeneous data with different formats and types with high speed and also used to 

enhance decision making, provide insight and discovery, and support and optimize processes. 

So, this is why most researchers called today’s digital world as big data era [23]. Big data is 

commonly using in many organizations for the business press with its effective services in case 

of waste nothing (reveal insight), inexpensive, high quality and also provides the right decision 

at right time.  

Big data plays an important role in massive parallel integration of storage, analysis, and 

processing extremely large datasets on commodity hardware and on the cloud using a different 

open-source framework like Hadoop MapReduce and Spark.  
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2.2.1 Source and Type of Data  

As data storage formats have gradually evolved, the sources of data have also evolved and are 

ever-expanding. There are two categories of big data sources: internal and external ones. When 

a company generates data, owns and controls it, this data is internal. External data is public data 

or the data generated outside the company; correspondingly, the company neither owns nor 

controls it. Let’s look at some self-explanatory examples of data sources [24]. 

              

Figure 2.2 Source of Big data in healthcare  [25] 

Big data is a complex set of data that contains huge volumes and variety of data from different 

sources. Generally, we consider it as three different formats as available on the diagram with 

its examples.  

 

Figure 2.3 Type of Big data 
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Structured data concerns all data which can be stored in database SQL in the table with rows 

and columns. They have a relational key and can be easily mapped into pre-designed fields and 

also easy to store, analyze and process whereas unstructured data is a kind of unorganized data 

that may have its own internal structure, but does not conform neatly into a spreadsheet or 

database. Today’s 90% of big data that run in different business press and organization, in fact, 

are generated as unstructured data in nature [26]. Semi-structured data is a kind that doesn’t 

suitable to store in a relational database but that does have some organizational properties that 

make it easier to analyze. 

2.2.2 Characteristics of big data  

Big data is a collection and analysis of massive volume, and heterogeneous data in order to 

examine different insight among the unlimited source of data to tackle the complexity by 

providing an accurate decision at the right time. Well, know properties of big data that known 

behind many IT peoples denote as 4V’s even though many authors mention its 6V’s or above 

[27].  

 

Figure 2.4 Characteristics of Big data [28] 

According to previous studies on the area [29, 30, 17], a key aspect of big data become great 

opportunities in healthcare is due to its exponential growth of data that contains four V’s 

characteristics of big data like volume, velocity, variety, veracity, and others. Volume is the 

amount of healthcare data that needs to be stored, managed, processed and protected while 
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growing at an ever-increasing rate. Big data inspires a tremendous amount of generated data 

within second in the digital world. For example, a medical image in healthcare [31]. Velocity 

is the speed of data being created, moved, processed or analyzed in the big data realm. In order 

to provide real-time computing and effective decision in the healthcare industry, unlike of 

existing analytics batch in nature [32]. Variety is various types of data generated from different 

sources. Traditional analytics solutions work very well with structured data in a relational 

database with a well-formed schema. However, the majority of healthcare data generated from 

various sources is unstructured or semi-structured. Today, much of this unstructured 

information is create a big opportunity for big data analytics in healthcare (for example, 

Physician notes, image, sensor data, and others). Veracity [33] is the way we ensure 

uncertainty, inaccurate or incompleteness of heterogeneous data generated from various 

sources.    

2.3  Application of Big Data 

Big data has gained great attention in the different industrial, social and professional sectors by 

handling exponential growth of heterogeneous data from many sources in terms of providing 

insight and discovering new knowledge for the right decision at the right time. We tried to list 

some critical categories and applications where big data is used in the introduction part, but 

here we are going to explain it in detail and include some others like E-commerce, Government, 

IoT, Media, and Entertainment. However, according to study in [34] to know the exact usage 

of big data in different application, quires have been executed on Google scholar and the 

analysis of last eight years (2010 to 2017) have been accessed and presented. The maximum 

work was done in the healthcare and learning sector with big data in 2017 as we have understood 

from this study. 

Precisely, in this paper, we focused on the healthcare industry to handle massive amounts of 

heterogeneous data generated from a different source to improves healthcare services and cost. 

In healthcare, big data has got high attention due to its gain right insight, low waste and low 

cost, and accurate decision. Some core application big data providing for healthcare [35]: 

✓ Stores heterogeneous data like unstructured and semi-structured. 

✓ Provide healthcare data analytics for accurate decision at the right time 

✓ Providing patient-centric services. 
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✓ Improving treatment methods. 

✓ Cluster patients into a group with common characteristics. 

✓ Detecting spreading diseases earlier and prediction risks. 

2.4  Big data in Healthcare 

Big data has brought great opportunities for various sector and industry including healthcare in 

terms of upgrade the habits of computerization(automation) on their service by overcoming 

challenges that available with data complexity, variety, volume, storage, process and analysis 

with an adequate tool for implementation to provide effective and accurate results [36]. 

Nowadays, healthcare is one of great concern in the world in case of envisioned to offer quality 

service and democratizing healthcare access to satisfy patient care. However, the healthcare 

industry realm is currently struggling to store, process and to analyze an abundant and variety 

data that are driven by record keeping, compliance & regulatory requirements, and patient care 

[33]. Actually, storing all the data precisely and efficiently; centralizing it to providing insight 

from complexity and making the adequate tools that can give them accurate analytics by using 

conventional database and software is so difficult. Thus, Big data has provided tools to 

accumulate, manage, analyze and integrate abundant volumes of disparate, structured and 

unstructured data produced by current healthcare industry [37]. On the same way, Big Data is 

performing descriptive, diagnostic predictive and prescriptive analytics, and personalized 

medicine in the health system, and provide an IoT of other applications like clinical risk 

intervention, automated health checkup, and so on. Therefore, current technology like big data 

is hot issues in healthcare in terms of making it easier collection of heterogeneous data from a 

different source and make it easy to convert a huge amount of data into relevant and critical 

insights that are used to provide accurate and better care with low cost. 

Traditionally, in standalone system EHR may include a variety of data that includes 

demographics, medical history, laboratory data, radiology images, vital signs, and personal data 

of a patient like height, age, weight, and billing information [38, 33]. Though the Big data [5] 

in healthcare refers to the EHR’s which each and every patient will have their own digital record 

which includes medical history, drug allergies, heart rate, doctor’s prescriptions, and normal 

body functions, previous and current medication, diagnostic reports, pharmacy information, 

insurance-related information and social media posts including tweets, blogs, status updates on 
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Facebook, news feeds and articles in medical journal and so on. The main idea is to create a 

centralized EHR system that can be accessed by any doctor and edit the same records in real-

time to avoid duplicate and conflicting reports and also for effective service. However, the 

concept of big data is still at the beginning stage for a healthcare organization, especially for 

the developing countries. Thus, this study is focused on designing a healthcare data analytics 

framework that improves the quality of services and efficiency of figure out hidden facts from 

a large volume of collected data to answer new challenges facing in terms service quality and 

reducing cost in healthcare. Big data Analytics (BDA) is the process of examining big data 

which is huge in volume and containing heterogeneous data types to reveal hidden patterns, 

unknown correlations, market trends, customer preferences and other useful business 

information with the help of a set of innovative tools and technologies [39]. BDA is playing an 

unbelievable role recently in various industries in terms of managing the complexity of data 

and decision making in real-time [37, 40]. 

2.4.1 Big data analytics in Healthcare  

In recent years, various analytical concepts used in different organizations such as data mining, 

natural language processing, artificial intelligence and predictive analytics using machine 

learning can be applied to process, analyze, contextualize and visualize the data. Big data 

analytics has the capacity to transform the way healthcare providers use sophisticated 

technologies to gain insight from voluminous data in their clinical and other data repositories 

and also make reason-based decisions [37].  

As we discussed above, the healthcare industry is contained a massive amount of heterogeneous 

data generated from various sources. In order to find insight and discover valuable decisions, 

we need a proper data analytics method unless these data became meaningless or useless [35]. 

Big data analytics (BDA) using open-source frameworks like Hadoop and spark plays an 

effective role in terms of providing meaningful real-time analysis on the massive volume and 

heterogenous of data and also able to predict the emergency situations earlier or before it 

happens. BDA’s provides four common types of advanced analytics in the healthcare domain: 

descriptive, diagnostic, predictive, and prescriptive analytics; As it given in below diagram with 

a brief description. 
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       Figure 2.5 Types of Big data analytics in Healthcare [41]. 

Descriptive Analytics: describing data with current situations and reporting them by using 

common statistics and typical reporting methods. Well defined the problems and opportunities 

in order to answer the question of what happened in detail. For instance, descriptive statistics 

tools like tables, histograms, and charts are with techniques like clustering and segmentation in 

descriptive analytics. 

Diagnostics Analytics: attempts to answer “why did it happen?” and what factors influence the 

issues to happen. For example, the diagnostic analysis attempts to understand the reasons 

behind the regular readmission of some patients by using several methods such as data mining, 

correlation, clustering and decision trees [41]. 

Predictive Analytics: attempt to predict future events instead of describing and classifying; It 

uses a variety of statistical, modeling, data mining and machine learning techniques to study 

recent and historical data, as result allowing analysts to make a forecast about the future. Its 

role is to predict whether a patient can get complications or not [41].  

Prescriptive Analytics: it reflects to propose suitable actions leading to optimal decision-

making in order to eliminate a future problem or take full advantage of promising trends. For 

instance, the prescriptive analysis in healthcare uses to provide better decisions and treatment 

for a patient by rejecting a given treatment in the case of a harming side effect high probability.  
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2.5  Big data analytic tools for Healthcare 

Here we review some crucial BDA tools used widely in various industries including healthcare. 

Big data analytics is enriched with several open-source tools that have the ability to support a 

huge amount of data with diversity format. A number of researchers have categorized big data 

tools into three categories [42, 43]: batch processing tools, stream processing tools and 

interactive query processing or macro-batch processing tools. 

Batch processing is an effective way of processing and analyzing high volumes of data where 

a group of the transaction is gathered, stored and processed over a period of time; it is more 

acceptable when there are no restrictions regarding the response time. In batch processing, data 

processed and analyzed after data gathered, stored and organized/ingested; once data processing 

by nodes is terminated, outcomes will be aggregated in order to generate insight or the final 

results [41]. The data can be divided into large batches and achieve latency from minutes to 

hours [43]. Furthermore, batch processing has the ability to store and manage a massive amount 

of data and complex (unstructured and semi-structured data) in order to reveal desired insight 

for a better decision especially in the field of bioinformatics and healthcare by using most 

known tools like Hadoop Map Reduce, Hadoop Apache Spark, Trident, and Apache Flink 

Batch processing focuses on volume, variety and other rather than the velocity in big data 

attributes. Thus, one of the main challenges of batch processing is the latency of computation. 

On the other hand, data comes in big batches and is cleansed through a batch processing system 

can be several hours, day, or sometimes weeks to month old by the time it reaches healthcare 

professionals [44]. 

Stream processing is a model that processed one data element within a progressive time 

window or on just arrived data record. The data can be divided into independent records or 

micro-batches of records and achieve latency in seconds or milliseconds [43]. Stream 

processing systems play a vital role in providing actionable information to customers and 

empowering industries to take proper and quick decisions in a real application such as 

healthcare, intelligent transportation, and finance [41]. unlike batch processing, stream 

processing analyzes and acts real-time data using continuous quires; then, there is a higher level 

of accuracy, which is significant for time-sensitive data. Indeed, storing a voluminous amount 

of data for further processing may be challenging in terms of memory resources. Although 



18 
 

stream processing allows input and output at the same time for sensitive data like healthcare 

system to provide real-time better decisions based on more robust and quality data for 

emergency issues relate to patient disease. 

Trends of using big data approaches are becoming more effective in modern healthcare 

analytics; they support real-time extraction of relevant information from a voluminous amount 

of patient data. So, alerts are generated when the prediction model identifies possible 

complications. This process helps to prevent health emergencies from occurring and take 

immediate action on data analysis, which can be significant to the health of the patient as well 

as their experiences with a hospital or health institution. Most common tools for stream 

processing: Apache Spark, Storm, Flink, Samza, S3 [41, 42]. Actually, as the healthcare 

industry continues to evolve with volume, variety, and complexity, the main challenge will be 

how the healthcare system store, manage and analyze data to make the desired decision in real-

time. In order to encounter those challenges, both batch data processing and stream processing 

plays a pivotal role. Batch processing is often a less complex and sometimes more cost-effective 

solution and can be applied for certain bulk data processing needs whereas stream processing 

is able to process more data at a much faster pace and analyze data in near real-time for real-

time decision making.   

Macro-batch processing is an intermediate technique between batch and stream processing 

[42]. It divides streams into sequences of small chunks of data, which are then processed by 

batch. Thus, data is almost processed within real-time. Spark and Storm with trident are the 

most known tools for this processing. In addition to the above three types of big data tools, there 

are some common tools for data ingestion in big data analytics to make data ready for analysis: 

Sqoop, Flume, Apache chukwa [43]. 

Apache Hadoop is an open-source framework that has capability to store petabytes of 

structured and unstructured data, and also has the ability to processing large amounts of data 

sets in a distributed fashion across clusters using a MapReduce framework programming model 

[45]. The two important tasks in Hadoop are storage and computation of data. Hadoop 

Distributed File System (HDFS) responsible for storing and managing massive volumes of 

datasets whereas the MapReduce programming model responsible to perform computation in 

distributed data processing clusters.  Many researchers proposed Hadoop MapReduce as the 
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most popular tool for big data analytics with features of fault-tolerant, cost-effective and 

scalability. However, it is limited to batch processing of one job at a time and also difficult to 

processing interactive and iterative information with the map-reduce framework because of 

prone to the skew problem [46]. Thus, for an application like real-time healthcare analytics and 

batch processing using the Spark data processing platform with Hadoop is more effective to 

reduce the latency of computation.      

Apache Spark is a memory-based Distributed Processing Engine that can process large volume 

data sets with a very fast response time [33]. It was developed by considering iterative machine 

learning algorithms and interactive processing as well as batch processing with high scalability 

and fault-tolerant for large volume data sets [47, 48]. Resilient Distributed Datasets (RDD) and 

Parallel operation to performed on data sets are two major components of spark [43].RDD is 

considered as the heart of Spark for the concept of Memory-Based Distributed Data Sets; store 

the data in memory [47]. According to its research paper, Spark is enriched with various features 

like Spark SQL, Spark GraphX, Spark MLib, SparkR to provide real-time analytics in a 

different industry to improve their services and computation latency at the same times. So, to 

keep the opportunity of big data analytics which is extending in various industries like 

healthcare spark plays a vital role to handle iterative and interactive computation efficiently to 

improve the Hadoop MapReduce framework because data can be persisted in memory. As we 

try to understand from different literature, Apache spark is not developed to replace Hadoop 

but to improve MapReduce in terms of speed. Spark is 100 times faster than Hadoop 

MapReduce in memory and 10 times faster on disk. Spark can be programmed with Scala, 

Python, Java, and R [48]. 

Spark uses for both batch processing and stream processing at the same time support file from 

different sources like Local files, HDFS, CSV, etc. Essentially, this is why we preferred Spark 

over MapReduce to design big data analytics framework for healthcare to reveal the right 

insight with quality data by using both Hadoop and Spark together for appropriates decision 

making in healthcare data analytics. In addition, while the above tools use the distributed file 

system (HDFS) to handles the responsibility of large-scale data storage, NoSQL(not only SQL) 

databases like Cassandra, HBase, MongoDB, and Dynamo uses for retrieve data. To summarize 
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our discussion of big data tools the below diagram represents the general concepts of big 

data analytics with machine learning for healthcare management.  

 

Figure 2.6 Big data analytics with machine learning for healthcare management, adapted [41] 

As we have discussed above, healthcare data generated from multiples sources in big data; 

common sources are internal and external data. Internal data are generated from internal 

healthcare information systems such as EHR (Electronic Healthcare Record) and different types 

of medical devices. The data used in these systems are also represented as structured data which 

is still limited because of privacy. External data are generated from various sources at the 

desired time to perform real-time analysis such as social media, laboratories, sensor data, 

pharmacies, an insurance company, and Government sources. These sources of data are playing 

a pivotal role to enhance healthcare service with current technology for effective services. 
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Table 2:1 Comparison of Apache Spark with Hadoop MapReduce 

Criteria  Spark Hadoop MapReduce 

Computation Computing in memory(default), on 

disk or both in memory and on disk 

Computing on disk only 

Performance  Very fast compare to MR High latency 

Programming 

interface 

Support Python, Java, or Scala Java only 

Iterative processing Straight forward Not trivial 

SQL like interface Build-in as SparkSQL Via Hive 

   

Fault Tolerance  Exploits the immutability of RDD to 

enable fault tolerance. 

Inherently able to handle fault 

tolerance via persisting the 

result of phase. 

Difficulty Spark is easy to program and does 

not require any abstractions 

MapReduce is difficult to 

program and needs abstractions 

 

Interactive Mode It has interactive mode 

 

There is no in-built interactive 

mode, except Pig and Hive 

 

Streaming Spark can be used to modify in real-

time through Spark Streaming 

Hadoop MapReduce just get to 

process a batch of large stored 

data 

According to the above comparison and invaluable advantages of Apache Spark; for this study 

Apache Spark selected as a proposed tool to perform healthcare data analytics including 

predictive modeling. 

2.6  Reviews existing techniques/algorithms for big data analytics in healthcare  

As we have already discussed, the healthcare industry is a rich of data with various formats 

which needs sensitive technique and algorithm in order to deliver the right insight for better 

decision making. There is two widely used approach for big data analytics in healthcare; these 

are data mining and machine learning techniques [33]. In today healthcare domain, most 
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advanced analytics is taking place by using various machine learning techniques in big data for 

prediction, diagnosis, and treatment including clustering and classification techniques using 

evolutionary algorithms. In [49] authors discussed the most important algorithms and 

techniques used in health informatics; k-nearest neighbor algorithm, support vector machine, 

neural network, k-means clustering techniques, and ensemble learning. The major reason for 

big data got valuable attention in the recent healthcare domain is, due to its rapid enhancement 

of analysis and prediction by using modern machine learning algorithms like Mahout, Spark 

MLlib rather than existing machine learning algorithms [50]. A survey conducted in 

[50]explained that the draw of existing traditional machine learning approaches, it needs high 

computation time to analysis and predict a huge amount of data. They also proposed machine 

learning algorithms in big data analytics to encounter problems relates to large and complex 

data in order to find easily remarkable and hidden information that can help in understanding 

the nature of the problem more deeply. 

Machine learning techniques: allows finding the right insights from a large scale of datasets by 

using suitable methods that iteratively learns from data without being explicitly programmed 

[39]. In addition, uses dimensionality reduction to eliminates the unnecessary features to speed 

up computation, to make ready data for analysis and prediction for accurate decision. Thus, this 

will help to provide the right insights from healthcare data for effective decision in BDA. Two 

common forms of machine learning approaches used in healthcare are supervised learning and 

unsupervised learning algorithms [50, 51]. 

2.6.1 Supervised Learning  

Supervised learning is a type of learning which is based labeled or trained data to predict know 

properties of data and the progress of learning. This is a very common method in classification 

problems where the goal is mostly to get the computer to learn a classification system that is 

already created from data [39]. It is simple when we compare with unsupervised learning. We 

need supervised learning techniques in big data analytics to handle a huge variety of variables 

coming from heterogeneous sources and improved performance in the presence of large 

datasets. Most common examples: Support vector machine, Decision tree classifiers, Naive 

Bayes algorithm, and neural algorithm. 
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Figure 2.7  Supervised learning Model [52] 

2.6.2 Unsupervised Learning  

The previous focus on predicting the known properties of data whereas unsupervised learning 

focuses on discovering unknown knowledge from data. Unlike supervised learning algorithms, 

unsupervised techniques do not require any trained data. Instead, they try to automatically find 

interesting patterns in unlabeled data, such as by grouping similar examples together into a 

cluster [51]. Unsupervised learning is most valuable in BDA in order to analyze big data as no 

training set data is required here. In the BDA, analysis is typically required on the dataset under 

exploration where predefined ruleset is not available. Consequently, unsupervised learning is 

most effective to reveal hidden patterns above and beyond noise [39]. Most common examples 

[53]: K-means, Bayesian algorithm, Hierarchical algorithm, Partition algorithm, and K-median. 
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Figure 2.8 Unsupervised Learning Model [52] 

As we discussed above, for our proposed work we are using the Apache Spark platform for data 

processing with the Hadoop framework. So, Apache Spark has its own machine learning 

platform; Spark MLlib which is a most efficient platform for big data analytics and also offers 

a set of excellent functionalities for different machine learning tasks ranging from regression, 

classification, and dimension reduction to clustering and rule extraction [54]. 

Classification is a supervised learning technique that takes a set of data with known labels and 

learns how to label new data based on that information. The goal while solving a classification 

problem is to predict a class or category for an observation [55]. A class is represented by a 

label. For example, In healthcare, classification of health risk value by the level of patient health 

condition. 

Clustering is an unsupervised learning technique that split a dataset into a specified number of 

clusters or segments. Elements in the same cluster are more similar to each other than to those 

in other clusters. The number of clusters depends on the application. For example, clustering 

the patient with similar issues together and also clustering of similar patterns of usage [55].  
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The main difference of these two tasks in machine learning algorithms are; in the classification 

task, a machine learning algorithm trains a model with a labeled dataset whereas clustering task 

is used with unlabeled datasets and splits a dataset into a specified number of clusters, it does 

not assign a label to any cluster. Authors in [54] performed several large-scale real-world 

experiments to examine a set of qualitative and quantitative attributes of Apache Spark MLlib 

2.0 platform and also, they established comparative study with latest version (2.7.12) of Weka 

library (running on Hadoop-2.7) to evaluate in terms of multiple common big data machine 

learning techniques including classification and clustering on real data with various hardware 

and software configuration for performance evaluation. Then, they concluded Spark MLlib as 

fast, flexible and scalable for various machine learning algorithms implementation especially 

for huge amounts of data to speed up computation. In this study, we are going to discuss and 

compare the most common classification tasks ML algorithms in Apache Spark such as decision 

tree, random forest, logistic regression and gradient boosting tree. After comparison we able to 

pick up algorithms with high accuracy and high performance based on classification 

performance metrics like Confusion matrix, Area under the curve (AUC), etc. 

2.7  Stroke care in developing countries  

A stroke is a neurological disease that happens when brain cells stop functioning because of 

oxygen and nutrient deficiency. Two major causes of oxygen and nutrients supply deficiency 

are when the blood flow is cut off or when a damaged blood vessel delivering to the brain 

ruptures [9]. According to heart disease and stroke statistics update of 2015 [56], 11.13% of 

deaths globally were reported for stroke. With 33 million affected persons, stroke is the second 

leading cause of death worldwide. Furthermore, it is the first leading cause of adult disability 

with 16.9 million affected persons [56]. The burden of stroke is increasing in several low- and 

middle-income countries. In developing countries like Ethiopia, stroke has become a serious 

cause of long-term disability, morbidity, and mortality [57]. In order to understand the 

transaction available at different hospitals in Ethiopia regarding stroke disease, we tried to 

observe the three most common hospitals: International Cardiac Hospital, Tikur Anbessa 

Hospital, and Addis Cardiac Hospital; those are providing the treatment and prevention of 

cardiovascular disease in Ethiopia.  In Tikur Anbessa Hospital, according to study in [11] 

around 301 patients have visited the hospital for stroke disease in the four years. Among them, 

74.1% were caused by hemorrhagic stroke. From the patient with Stoke, most of them already 
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had Hypertension. Thus, the study identified hypertension as the most risk factor of stroke 

based on the retrospective case study. However, the coverage of prevention and treatment of 

stroke disease is very low in Ethiopia in terms of early detection of disease and its risk factor to 

reduce the mortality, disability and morbidity rate. Unfortunately, we didn’t get any previous 

studies from the rest of the Hospital. But the cardiologist from both hospitals helps us to 

understand the concept of stroke disease and the important parameters that we have to consider 

during the collection of the dataset for this study. Thus, the detection of stroke disease early 

improves the chances to prevent complications and improve health care and management of the 

patient. In order to deal with this challenges, a number of studies [12, 19, 56] have been 

conducted with different data mining techniques especially machine learning, with respect to 

both prediction and diagnosis to perform necessary treatment when a stroke initially happens 

or before happen based on previous data of patients to reduce mortality rate and other risks.  

2.7.1 Opportunity and Challenges of Stroke care in Big data analytics 

The use of Big Data is expected as an effective modality that establishes new evidence about 

stroke care [58]. Big data analytics will overcome the challenges on the existing solution and 

improve it with various features in terms of data volume, variety, complexity, etc. Combined 

with a distributed system such as Hadoop and Spark, the Apache MLlib framework delivers 

a beneficial set of machine learning libraries for applying modeling tasks such as 

classification and clustering although there is substantial necessity to discover advanced 

domain-specific implementations of these algorithms. Privacy issues, aggregate and analyze 

unstructured data like medical imaging and understanding unstructured physician notes 

remain challenges for big data in healthcare. 

2.8  Related Work 

Over the past decade, most research conducted in the healthcare industry has emphasized the 

use of big data analytics in healthcare domain respect to enhance the quality of service, reduce 

cost and find the right insight from the voluminous amount and heterogeneous data for a better 

decision. Among the vast amount of literature on healthcare analytics, we tried to review more 

recent and relates previous works of big data analytics in the healthcare and other works written 

on healthcare from developing country like Ethiopia in order to ensure that the proposed studies 

should go to fill the gap among existed works. 
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We got two related studies on the area from previous work in Ethiopia. In the first study, Fasil 

Terefe [59] designed a national Telemedicine System with a Multi-Criteria Doctor’s Unit 

Selection to store, forward and to provide a real-time consultation by using telecommunication 

technologies for healthcare. Unfortunately, this method could not provide descriptive, 

diagnostic, predictive analytics and other service provided by big data analytics for healthcare 

to improve the quality of service and reduce cost. The second study also allowed the medical 

specialists to access medical data from anywhere, and at any time to give better treatment and 

guidance to patients by using PDA [60]. But, to store the digital health data like EHR they used 

a traditional relational database, this may only store structured data in healthcare service. So, 

the proposed study can store and manage various types of digital data that provides in the 

healthcare organization. 

Authors in [14] have proposed prediction of stroke using deep learning model, they have 

compared three techniques: deep learning techniques, Naïve Bayes and Support Vector 

Machine(SVM) for stroke prediction. This study used data from heart patients for risk factors 

identification and disease prediction. The results of the study show Naïve Bayes and SVM 

are better to detect whether patients are suffering from stroke or not whereas deep learning 

better on show in the percentage of a chance of stroke. At the end, they concluded deep 

learning techniques as the best choice for stroke prediction due to its quality to handle 

voluminous, complexity solutions and heterogeneity in healthcare. However, still there is a 

challenge in the healthcare sector due to exponential growth data from multiple sources. In 

order to store and processed those data over the distributed machine, we need to apply 

concepts of big data analytics and machine learning together to improves the quality of 

service and reduce cost. 

A knowledge discovery process(KDP) based stroke care study is proposed in [19] to predict the 

outcome of stroke. They used Artificial Neural Network(ANN) and SVM models for extracting 

data patterns. Based on the finding result, ANN had more predictive performance metrics for 

Accuracy and Area under Curve(AUC) when compared with SVM. Unfortunately, they only 

focus on small datasets and two machine learning techniques. Authors in [12] compared deep 

neural network(DNN) with three machine learning techniques: Gradient boosting decision 

tree(GBDT), Linear Regression(LR) and Support Vector Machine(SVM) for stroke prediction 



28 
 

using large scale population-based Electronic Medical Claims Database(EMC). As their result 

showed DNN and GBDT had a high score for both Accuracy and AUC performance metrics.  

However, due to an exponential growth of healthcare with diversity format, it's unthinkable to 

process and analyze it using conventional machine learning for effective decision support.  

As mentioned in [61], In today’s healthcare industry, not only the amount of data has 

exponentially increased but the type and nature of this data have also become challenges due to 

its dramatically evolved. Thus, healthcare data is well suited for big data processing and 

analytics because of the voluminous amount and heterogeneous data with various other 

attributes in order to manage and analyze this data properly for the right decision at right time. 

They presented a novel big-data architecture built on open source technologies that can be easily 

adapted for healthcare applications by using Apache spark platform and also, they discussed 

components of spark framework with description. In addition, they designed a spring 

framework for mapping a big-data platform to a healthcare platform in java programming 

language. However, in this study, we focused on designing big data analytics framework for 

healthcare using both spark data processing and Hadoop framework for further analytics. The 

framework will be designed using Spark build-in MLlib algorithms to generate the right insight 

from healthcare datasets in order to perform various healthcare analytics including prediction 

model. 

Jun Ni et al. [62]stated that the demands and application potentials using big data technology 

to overcome common challenges in the healthcare industry with respect to manage and analyze 

the voluminous amount of data with various format data from different sources. They discussed 

Hadoop MapReduce code components and modules in detail and also, they used clinic data 

about monthly-based college student clinic visits to demonstrate map and reduce function on a 

small dataset in order to ensure the necessity of MapReduce calculation modules in healthcare 

big data analytics with counting, classification and mining procedures. However, MapReduce 

programming platform could not use for stream data processing, and also for iterative and 

interactive data processing. To increase execution time and to perform both batch and real-time 

data processing our study focus on Apache Spark general data processing platform with Hadoop 

to fill the gap with MapReduce.  
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An author in [63], designed a predictive model for heart disease detection using three different 

supervised machine learning algorithms: Multilayer Perception, J48 Classifier, and Naïve 

Bayes using Weka machine learning software. The results of the study show J48 Classifier is 

better to detect whether patients are suffering from heart disease or not with an accuracy of 

95.56%. However, the study selected the feature from the dataset based on expert 

consultation instead of applying the machine learning package that can decide the most 

important feature from whole features in order to get better results. Scalable machine 

learning algorithm that built-in Apache spark can improve the performance including real-

time data processing. Author in [64], discussed the role of big data analytics in today’s 

healthcare industry in terms of gain insights from clinical datasets and make an informed 

decision at right time. They also presented big Data tools and techniques used in healthcare 

clouds, faces challenges and provides solution to show the importance of big data analytics in 

healthcare by performing experiments on healthcare data in Open source web interface HUE 

3.7.1 with Hortonworks Data Platform (HDP) and Apache Hadoop to analyzed hospital general 

information such as general complications, diseases and hospital information. Here in the 

proposed study we used the Spark data processing platform which is enriched with various 

features like Spark MLlib and Spark streaming to fill a gap with MapReduce for further 

healthcare analytics.  

Big data analytics is playing an effective role to make the healthcare industry more comfortable 

for both patients and doctors with quality services and low cost by enhancing the opportunity 

of both real-time and batch data processing in order to provide the right insight from an 

enormous amount of data. According to the study of [4], the spark data processing framework 

can perform data processing for complex and large real-time healthcare analytics interactively 

through in-memory computations. They used MLlib to perform predictive analytics on 

healthcare data using machine learning algorithms and k-clustering algorithms. They also 

performed implementation on Finding people with Belly Fat using Scala in order to show how 

spark is faster than map-reduce with execution time 10 min whereas in map-reduce may take 

around 50 min to complete the same task. However, they didn’t go far with advanced analytics 

of healthcare. 
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As stated in [65], big data analytics improved the largest Maharaja Yeshwantrao Hospital of 

the India government in terms of quality, reduce cost and time by storing healthcare data 

digitally like EHR. They also discussed the effectiveness of the Hadoop framework and 

MapReduce platform with different data analytics techniques in saving money and time for 

both patients and doctors regarding store voluminous amount of healthcare data and performing 

meaningful real-time analysis in order to provide an insight from heterogeneous data for a better 

decision.  However, Hadoop MapReduce does not support stream or real-time data processing 

in case of healthcare application needs to be taken at the moment when a particular event is 

happening for a heterogeneous stream's data to increase the possibility of extract insight in real-

time. Thus, the proposed framework used spark framework with Hadoop instead of MapReduce 

to conquer the challenges with speed and simplicity.  

Authors in [66] presented a generic architectural framework that supports both batch computing 

and stream computing to improvise big data computing in personal healthcare. In this paper, 

authors used an open-source framework like Apache Hadoop, Kafka, Storm to perform big data 

analytics for both real-time and batch processing data in healthcare which means they used 

Storm for stream computing whereas Hadoop used for batch computing. But there is a platform 

like Spark which is open-source and uses for the stream, batch, iterative and interactive data 

processing through in-memory computation with high speed and simplicity. Using both Spark 

and Hadoop together would be provided an effective output in healthcare data analytics instead 

of we use others like map-reduce.  

Authors in [67]designed and constructed a framework for supporting Big data analytics (BDA) 

on real healthcare data by using big data components and test results to ensure the leveraging 

of big data analytics in healthcare. The authors discussed challenges in big data analytics for 

healthcare and the way we can protect the patient data privacy. They also developed a 

MapReduce-based a prior data mining algorithm to find insight patterns from data at Vancouver 

Island Health Authority. But MapReduce programming platform is limited for batch computing 

only so Spark data processing platform is good to improve execution time and also to perform 

both interactive and iterative data processing for real-time computing in healthcare data 

analytics. 
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Table 2:2 Summary of some related works in Tabular form 

Study 

and Year 

Scope of study Algorithms and 

Tools 

 

 Result 

Weakness and 

Remark 

 [14] in 

2017 

This study is presented a deep learning model for 

stroke prediction. 

Deep learning with 

Naïve Bayes and 

SVM 

N/A They only consider 

small datasets. 

[62] in 

2015 

This study covers the demands and application 

potentials using big data technology to overcome 

common challenges in the healthcare industry. 

Hadoop MapReduce 

with counting, 

classification and 

mining procedures. 

N/A Limited for batch-

oriented computing 

only. 

 

[4] in 

2016 

This paper highlights how Apache Spark imposed the 

limitation of MapReduce by performing iterative big 

data management in healthcare. 

Spark MLlib with K-

clustering algorithms. 

MapReduce takes 

50minutes while Spark 

only takes 10minutes. 

They only focused on 

the comparison.  

 [63] in 

2011 

designed a predictive model for heart disease detection  Multilayer Perception, 

J48 Classifier, and 

Naïve Bayes 

J48 Classifier had a 

high accuracy of 95.6% 

They have selected 

features based on 

expert consultation. 

[12] in 

2017 

Compared deep neural networks with other machine 

learning techniques for stroke prediction. 

DNN with GBDT, 

LR, and SVM 

DNN had high 

Accuracy (87.3%). 

Distributed Apache 

Spark will improve the 

accuracy with low 

execution time. 

[19] in 

2015 

This study designed to predict the outcome of stroke 

using the knowledge discovery process. 

ANN and SVM 

algorithms. 

Stroke dataset. ANN 

had 85.9% accuracy. 

They consider only 

small datasets. 

Current 

study 

Our current study focusses on designing healthcare 

data analytics framework for stroke disease prediction 

analysis to tackle a problem in the previous study 

relates to voluminous healthcare data storage and 

speed to accesses. 

Apache Spark with 

Hadoop and MLlib 

algorithms built-in 

Spark. 
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Several studies have addressed in the healthcare industry to improve quality of service and 

reduce cost by using traditional software, conventional machine learning, and big data 

analytics,  but in case of dealing with huge data and perform computation over a multi-

node in order to apply real-time distributed machine learning to improve the speed of 

retrieve data is not handled. On the other hand, most of the healthcare analytics solutions 

focused mainly on Hadoop MapReduce which is limited only for batch processing. Stroke 

disease becomes often the subject of researchers and doctors, in both diagnosis and 

prediction or treatment. So, the collaboration of streaming big data analytics and machine 

learning is a great technology that can have a significant impact on the healthcare sector 

especially on early detection of stroke disease. The current study is aimed to compare 

multiple machine learning techniques built-in SparkMLlib over the distributed machine 

for discovering right insightful from healthcare data and build an optimum model to 

predict the status of the patient and detect diseases early in order to minimize the risks of 

diseases. 
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CHAPTER THREE 

3. METHODOLOGY OF THE STUDY 

The aim of the study is to design a healthcare data analytics framework for stroke disease 

prediction analysis using Apache Spark with Hadoop. In order to achieve the goal of the 

study, in this section, we discussed data collection method with description, platform or 

tool selection criteria and also what it contributes to the proposed problem, preprocessing, 

proposed architecture, model1ing, algorithm representation, software tools and libraries, 

and also the workflow of proposed work.   

3.1  Data Collection Method 

For this study, the dataset that is freely available and used in the many studies for stroke 

healthcare data analysis is obtained from the Medical Quality Improvement Consortium 

(MQIC) database [68]. MQIC is one of the leading providers of healthcare information 

technology in the United States. Participating physicians automatically contribute de-

identified data to MQIC each day through normal use of General Electronic Centricity 

EMR when they document information collected during patient visits to physician offices 

and clinics [69]. Its main objective is providing various medical data for researchers and 

giving the service of surveillance reports to communicate clinical findings at early 

detection of disease. After the data collected, we took the data to the cardiologist expert in 

order to assure the validity of data in the context of our country. Then, we got important 

feedback from both cardiologists in the International Cardiac Hospital(Dr.Gizaw Erena) 

and Addis Cardiac Hospital(Prof.Kebede Oli). So, the parameters available in the collected 

dataset are identified based on expert consultation and a previous study relates to stroke 

disease [10, 57] in our country. There are 100,000 records in this dataset with 8 parameters: 

Gender, Age, Diabetes, Hypertension, Stroke, Heart disease, Smoking history, and BMI. 

Here we used all parameters because it’s significant for this study. After the required data 

is collected, we performed necessary pre-processing like handle missing value, removing 

outlier, handling imbalanced variable, normalization, etc.  In order to make this dataset 

useful for the proposed study. All parameters are represented in the table below. 

 

 



34 
 

Table 3:1 Dataset Description 

No Attributes Types Description 

1 Gender String Gender (Male=1, Female=0) 

2 Age Integer Age in years 

3 Diabetes Integer presence or absence of diabetes 

4 Hypertension Integer presence or absence of 

Hypertension 

5 Stroke Integer  presence or absence of 

stroke(Target variable) 

6 Heart disease Integer presence or absence of heart 

disease 

7 Smoking 

history 

String current = 1.0, former = 0.75, Not 

current = 0.5, Ever=0.25, 

Never=0 

 

8 BMI Float Body Mass Index –(kg/m2) 

3.2 Data Pre-processing 

Data collected from various sources is almost always incomplete, scattered or inconsistent.  

The set of techniques used to encounter the challenges with difficulty of data insights to 

the application of data mining is called as data pre-processing for data mining [70]. As we 

collected our dataset from open source repositories it needs serious preprocessing steps in 

order to make suitable for our work. Here we used various preprocessing techniques:  

Handling Null value: commonly, in any real-world datasets, there are always a few missing 

values, before we design a model for our problem it’s necessary to handle it in reasonable 

ways. There are different techniques to deal with null values: removing attributes with null 

values, fill the null values using mean and also used correlation to fill null value. In our 

case, we have two attributes with null values: Smoking history and BMI. One possible 

way to fill up BMI values from the above techniques is to use Age value to fill them up. 

For Smoking history, it’s not easy to find a reasonable way, but better when we use some 

conceptual logics instead we fill up them with unknown values. Therefore, usually people 

below 16 years are not that addicted to smoking and then we can fill up the values of those 

age scale people with 0. People between ages 17 to 24 might have tried smoking at least 

once in their life and so we can give 0.25 value to those people. Now a few people after a 

certain age quit and few of them still continue smoking even though they have health 
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problems. We cannot decide which value to give to them and so by default, we will give 

assign the value 0 to them. 

Detection of Outlier: an outlier is observations that fall below the lower side or above the 

upper side in the dataset. In input data skew and mislead the training process of machine 

learning algorithms resulting in longer training times, So, this will lead our model less 

accurate and unexpected results. In our case to handle outlier, we approach by replacing the 

value greater than the upper side with upper side value and also replacing the value lower 

than lower side with lower side value. So, we need to calculate upper and lower side from 

quantile value, quantile is a probability distribution of variable. In General, there are three 

quantiles:Q1 = the value that cut off 25% of the first data when it is sorted in ascending 

order, Q2 = cut off data, or median, it's 50 % of the data and  Q3 = the value that cut off 

75% of the first data when it is sorted in ascending order. IQR or interquartile range is range 

between Q1 and Q3. IQR = Q3 - Q1, Upper side = Q3 + 1.5 * IQR and Lower side = Q1 - 

1.5 * IQR. To calculate the upper and lower side we use pandas DataFrame and Pyspark 

DataFrame. Both ways have the same result. Then, we will use the result from Pyspark to 

handle outlier. 

Dealing with imbalanced data: Imbalanced data basically refers to a problem with 

classification when classes are not represented equally or where there is a disproportionate 

ratio of observation in each class. Here stroke healthcare datasets we used in this study is 

highly imbalanced, with only 1.43% are classified as a patient with a stroke while 98.57% 

classified as non-stroke. Using this dataset as it might be giving us high accuracy, this tells 

us accuracy might not be our best option for measuring performance. Thus, handling 

imbalanced data is need serious attention to design the right model for this study. The most 

common strategies in the data science to handle imbalanced data are: Changing 

performance metrics, Resampling techniques (undersampling, upsampling), Generating 

synthetic samples, etc. here we used Generating synthetic samples with multiple 

performance metrics like confusion matrix. Generating synthetic is similar techniques with 

Upsampling techniques to create a synthetic sample. Here we will use imblearn’s Synthetic 

Minority Oversampling Technique (SMOTE). SMOTE uses the nearest neighbors’ 

algorithm to generate new and synthetic data for training our model. The reason we choose 

SMOTE over the rest techniques is, SMOTE will play an important role to handle 

overfitting or underfitting problem of a model for generalization. 
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3.3  Platform or Tool selection Criteria 

In the literature review, we have discussed various BDA tools with its description and 

importance in healthcare. Here we focus on Apache Spark which is a general data 

processing platform; to ensure why we have selected it as a proposed tool rather than other 

big data tools. We hope the main reason for most BDA applications in the various industry 

preferred Apache Spark as their first choice are the following four advantages which are 

explained in the Apache Spark official website [16]. 

Speed: Spark process data in-memory; run 100x faster than applications in Hadoop 

clusters. Also, this allows even 10x faster when running on disk. This also reduces the 

number of reading/writing to the disc. Spark stores its intermediate processing data in-

memory. 

Ease of Use: Spark offers for developers to write applications in Python, Java, Scala, and 

R so that they can create and run their applications on their familiar programming 

languages.  

Generality (Combines SQL, Streaming and Complex Analytics) – In addition to simple 

“map” and “reduce” operations, Spark supports streaming data, SQL queries, and complex 

analytics such as graph algorithms and machine learning out-of-the-box. 

Runs Everywhere: Spark runs on any system, either Hadoop, Mesos or standalone, or in 

the cloud. It can access diverse data sources including Local files, HDFS, HBase, S3, 

RDBMS, and Cassandra. 

3.3.1 Apache Spark Architecture  

Apache Spark has a well-defined layered architecture that we can easily understand how 

Spark works. This architecture is more integrated with multiple extensions and libraries. 

The Architecture is based on two fundamental concepts: Resilient Distributed Dataset 

(RDD) and Directed Acyclic Graph (DAG). RDDs are the hearts of Spark application; 

which is represents a collection of elements distributed across many computing nodes that 

can be processed in parallel. DAG in Apache Spark is a set of Vertices and Edges, 

where vertices represent the RDDs and the edges represent the Operation to be applied on 

RDD like transformation and action. In Spark, DAG supports distributed programming 

style, implements stage-oriented scheduling and also can have multiple stages while 

MapReduce has only two stages (map and reduce) [71]. Components of Spark Working 
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Architecture: Driver Program, Spark Context, Cluster Manager and Executer. The basic 

Spark working architecture is represented in the figure below 

 

Figure 3.1 Apache Spark Working Architecture [72]  

Driver Program is responsible for controlling the job flow and scheduling tasks that will 

run on the executors. The first thing we do in the driver program is creating Spark Context 

and drives the own application. It also creates a JVM for the code that is being submitted 

by the client. Spark Context is the heart of the Spark Application; which establishes the 

connection to the spark execution environment so we call it as the gateway for all Spark 

functionalities. Cluster Manager is scheduling the spark application; allocates the 

resources to the Driver Program to run the task. Executors are worker nodes that run 

individual tasks in a given Spark job and store data for a Spark application [72]. 

3.3.2 Apache Spark Data Abstraction  

The data abstraction in Spark represents a logical data structure to the fundamental data 

distributed on multiple nodes of the cluster. The data abstraction APIs provides two 

operation: Transformation (like groupby(), filter(), map(), etc.) and Action (like show(), 

count(),collect(), etc.). Spark offers three distributed types of APIs to handles sets of data: 

RDDs, DataFrame, and Dataset. RDDs are a fundamental data structure of Spark that every 

activity we perform in spark goes through RDDs which means while reading, processing 

and writing data in Spark. The rest two APIs run on top of RDDs which is come with new 

features like optimization [73]. 

RDDs are the primary API in Apache Spark since its deployment. It is an immutable (read-

only), fundamental collection of items that can be operated on the distributed node at the 

same time (parallel processing). Each dataset in an RDD can be divided into logical 

partitions, which are then executed on multiple nodes of a cluster. RDDs are fault-tolerant 
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since they can recover quickly in case of loss by keeping track of the sequences that 

produced them. We can create RDDs in two ways: parallelizing an existing dataset in your 

program or referencing a dataset from an external storage like HDFS, shared files system 

[71], etc. There are two types of operations support with RDDs: Transformation and 

Action. Transformations: they are operation uses to create new RDDs from existing ones. 

Action: They are performed on an RDD to command Spark to apply computation and 

return the result back to the driver. Another unique character of RDDs in Spark is Lazy 

Evaluation; which means all transformations are lazy in Spark; the execution will not start 

until action is triggered. The collection of transformation executes one after-action 

triggered; this will increase a performance Apache spark for execution. Its limitation is 

RDD does not have an in-built optimization engine. DataFrame APIs is a new data 

abstraction APIs (introduced in Spark 1.3) which provides a higher-level abstraction (a 

DSL, really) allowing us to use a query language to manipulate data [73]. 

Unlike an RDD, it organizes the data into named columns like a table in the relational 

database. It enables programmers to create schema on a distributed collection of data from 

various sources of data like HDFS, local files. Any rows in a DataFrame is object type 

row. That is why DataFrame does not support compile-time safety. It is an immutable and 

lazy evaluation for transformation operations like RDDs on a distributed collection of data. 

It comes with a new feature like schema support, built-in optimization, hive compatible, 

etc. Its limitation is   DataFrame APIs can speed up Spark job execution and also take 

advantage of Spark’s internal optimization. Thus, in this study, we picked up DataFrame 

APIs due to its further advantages for high-level abstraction. 

3.3.3 Modes of Cluster Operation  

The Spark Context coordinates the Spark applications run as an independent set of 

processes on a cluster. It can connect to several types of cluster manager in order to allocate 

resources across applications, send out tasks to executors, and collect the results from 

executors [74]. Currently, Apache Spark supports four modes of operation on the cluster: 

1) Standalone mode, 2) Apache Mesos cluster, 3) YARN cluster and 4) Kubernetes mode. 

The Standalone is a basic cluster manager included with Spark that makes it easy to set up 

a cluster. It contains master and workers with stated memory and cores. By default, it takes 

up all the cores if not specified. It tolerates automatic recovery, SSL encryption and web 

UI for cluster and job status. Apache Mesos is support for deploying and managing large-

scale clusters. It allows using of dynamic resource allocation and isolation to handle the 
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workload. YARN cluster is the Hadoop resource manager in Hadoop 2.x which separates 

the functionalities of resource manager and job scheduling such as Global Resource 

Manager and per-application Application Manager. It holds security for authorization, web 

UI for managing resources, and provisions manual recovery. Kubernetes mode is an open-

source cluster for automating deployment, scaling, and management of containerized 

applications. We focus on the YARN cluster in this study as Hadoop YARN provides the 

same features as high-end cluster managers including data locality, dynamically resources 

sharing over the cluster, to categorizing, isolating, and prioritizing workloads using YARN 

schedulers and also it’s the only cluster manager for Spark that supports security [75]. 

There are two modes on Spark on YARN cluster. 1)YARN client mode. 2)YARN cluster 

mode. In client mode, driver program runs in the client process while the application 

master is used only for requesting resources from YARN. In cluster mode, the driver 

program runs inside the application master process which is managed by YARN on the 

cluster, and the client uses only for initiating the application. In this study, we use YARN-

cluster mode due to makes sense for production jobs. 

3.4  Proposed Architecture 

The proposed architecture presented in figure 3.4 represented the methodology of the study 

in a concise way. The architecture consists various phases like data acquisition, 

preprocessing, storage, data processing, and analytics and Information exploration 

including tools and algorithms used to achieve the goals of study.  

 

Figure 3.2  Proposed Architecture   
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3.4.1 Components of Architecture  

1. Data Source 

As discussed in the data collection method, we collected structured stroke healthcare data; 

which is going to preprocessed before we use it to solve the approached problem to make 

our dataset more suitable in order to get expected results. Here we can use spark.read 

objects to load our dataset from local files or HDFS into Spark application 

2. Data preprocessing 

After we load the dataset into the Spark application, the next step is performing data 

preprocessing in order to prepare our dataset for modeling. We already discussed how to 

handle missing values, detect outliers and imbalanced data. We use different python 

package with Spark DataFrame to handle them. Another important concept in 

Preprocessing is feature engineering. Before splitting the datasets into training and testing, 

all categorical variables must be made numerical.  

 The below figure represented the feature engineering steps in the Spark. 

 

Figure 3.3 Preprocessing Pipeline 

StringIndexer, which is to encode the string label into the index label by sequencing the 

string frequency descending and giving the smallest index (0) at most string frequency. In 

our dataset we have two string values: Gender and Smoking history, so we use 

StringIndexer to encode them. One-hot Encoding, which is mapping the label column 

(string label) on the binary column. Vector assembler, which is mapping all columns in 

vector. At the end, we represent all features into one column(dense vector). 

3. HDFS and YARN  

The storage layer is responsible for a distributed file system that stores data on commodity 

machines, providing very high aggregate bandwidth across the cluster. Here in our 
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proposed architecture, we run Spark on the YARN cluster so Spark uses the Hadoop 

layer(HDFS). That means our dataset stored by dividing into multiples blocks over the 

distributed node. YARN is a cluster manager that allocates resources for Spark application. 

The proposed architecture on a multi-node presented in figure 3:4 can help us to 

understand how Apache Spark works alongside YARN cluster and HDFS for this study. 

Initially, the driver program creates Spark Context to allow the Spark functionalities and 

to drives your application. After an application code submitted from the Client node, the 

diver implicitly converts user code(Jobs) that contains transformation and action operation 

into a logically DAG. It also performs optimization such as pipelining transformations.  

Next, it converts the logical graph(DAG) into physical execution plan with multiple stages. 

Then it creates physical execution units called tasks under each stage. Then tasks are 

bundled and sent to the YARN cluster. Finally, the driver program talks to the YARN 

resource manager and negotiates the resources. YARN cluster launches executers in both 

worker nodes on behalf of the driver. At this stage, the driver can send the tasks to the 

executors depend on data placement. While executors start, they register themselves with 

drivers. So, the driver is responsible to control the task flow and also will have full 

privilege to view executors that are executing the task. 

 

Figure 3.4 proposed architecture on a multi-node 

4. Data Processing and Analytics (Components) 

Apache Spark is a memory-based Distributed Processing Engine that can do ETL, 

analytics, machine learning and graph processing for both batch processing and stream 

processing with rich concise of high-level APIs for the programming languages like 

Python, Scala, Java, R, and SQL [76]. Spark Core serves as the underlying general 
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execution engine and is the fundamental unit of the whole Spark project. It provides all 

sorts of functionalities like dispatching of the distributed task, scheduling, and input-output 

operations, etc. The API follows a higher-level programming style with the use of a driver 

program (Spark Context) that calls parallel operations on a Resilient Distributed Dataset 

(RDD) by passing a function to Spark. The core schedules the execution in parallel on the 

available clusters [77]. 

On the top of Apache Spark Engine, there are four common components (main libraries) 

namely Spark SQL, SparkMLlib (Machine learning library), Spark Streaming and Spark 

GraphX. SparkSQL is the component of Spark that deals with structured data as well as 

semi-structured data using data frames. It can enable users to run SQL queries. Spark SQL 

also helps in accessing data, as a distributed dataset (DataFrame) in Spark using SQL 

quires [78]. SparkMLlib is one of the major reason for Apache Spark to become popular 

due to its Machine learning library delivers both efficiencies as well as the high-quality 

algorithms. This module supports multiple numbers of machine learning algorithms for 

Clustering, Classification, Regression, and Dimensionality Reduction. All algorithms are 

implemented in a distributed fashion and allow for easy execution of feature extraction, 

selection, and transformation on structured data as well as a semi-structured dataset. It 

provides tools for constructing, evaluating and tuning ML pipelines, along with saving and 

loading algorithms, models and pipelines. Spark Streaming enables a powerful 

interactive, real-time data processing and data analytics application. It breaks down the 

incoming data stream into micro-batches and processes them in the same way as batch 

processes in Spark. Both processes work on the same code in the same framework, thus 

reducing overhead [79]. Spark GraphX is another component of Spark which is a 

distributed framework on top of Spark for processing graph structures. It allows users to 

build and process graph-structured data interactively [76]. 

In this study, we use Spark MLlib libraries to perform data processing and analytics over 

a cluster. SparkSQL helps us to represent datasets in an organized way to perform 

descriptive analytics and also to retrieve necessary value from the dataset easily. The 

platform contains this feature with many libraries for writing efficient programs, and some 

external libraries called PySpark (Python API for Spark). We will discuss PySpark 

platform deeply in the next chapter. 
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5. Information Exploration  

This phase refers to the hidden patterns/insight information generated from the developed 

model and descriptive analytics; visualization and reporting will be generated using the 

desired dataset to make an effective decision based on explored information.  

3.5  Model Selection Techniques 

In this study, our clear goal is to provide the right insight from desired healthcare datasets 

and predict the risks and probability of a patient having a disease in order to make a better 

decision with high accuracy and performance for both stream and batch data processing. 

However, when we look at machine learning algorithms, there is no one solution or one 

approach that achieves our all goal, as well as there, are several factors that can affect our 

decision to choose a suit machine learning algorithm for our work. In order to tackle the 

above challenges, we have four common machine learning algorithms used in medical 

diagnosis and another healthcare service to get a model that fits our goal based on different 

model evaluation metrics. The most important thing here is, we have to understand data 

nature, problem and constraint before diving into algorithms selection because when we 

have a clear picture of our data it's so simple to decide algorithms which solve our problem 

as we need. A deep understanding of data will be discussed in the next chapter like 

summary statistics and visualization to improve the quality of data by using different data 

preprocessing techniques.  

3.5.1 Data sources 

As we discussed in the previous chapter, Spark supports data from various sources. This 

indicated one of the greatest strengths of Spark. As discussed in the previous chapter, 

Spark has the ability to read and write data from some general data sources such as Parquet, 

CSV, JSON, HDFS, local file, and JDBC…, etc. Here for proposed work, we have 

collected CSV format stroke healthcare data which can be supported easily for ML 

libraries.   

3.5.2 Machine learning Algorithm in Spark (SparkMLlib/ML) 

We have reviewed several machine learning algorithms in the previous chapter and also, 

we proposed SparkMLlib/ML for our current work. The major reason that Apache spark 

became the most popular framework is its latest library including the machine learning 

library. Spark includes two purpose-built machine learning libraries(package): 

SparkMLlib and SparkML to make machine learning more practical, scalable, easy, and 
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seamlessly integrated into Spark. MLlib is an original API that builds on RDDs whereas 

SparkML is new higher-level API built on DataFrames (SparkSQL) and Pipelines [80]. 

As of Spark 2.0, the RDD-based APIs in the spark mllib package has entered maintenance 

mode. The primary Machine Learning API for Spark is now DataFrame-based API in the 

spark.ml package. Spark MLlib and SparkML are two different APIs but use similar 

algorithms. Normally in our study, we focus on the new SparkML rather than SparkMLlib; 

which is newer, flexible, versatile, sci-kit-learn inspired, machine learning library and is 

where new active development is taking place. In the new version of Spark 2.x.x the MLlib 

switching to the DataFrame-based API because the DataFrames provide a more user-

friendly API than RDDs and also include Spark Data sources, SQL/DataFrame queries, 

Tungsten and Catalyst optimizations, and uniform APIs across languages. In addition, 

DataFrames facilitate practical ML Pipelines, particularly feature transformations.  

 

Most common advantages of machine learning libraries with Spark at a high level is, it 

provides tools such as: 

✓ ML Algorithms: common learning algorithms such as classification, regression, 

clustering, and collaborative filtering. 

✓ Featurization: feature extraction, transformation, dimensionality reduction, and 

selection. 

✓ Pipelines: tools for constructing, evaluating, and tuning ML Pipelines. 

✓ Persistence: saving and loading algorithms, models, and Pipelines. 

✓ Utilities: linear algebra, statistics, data handling, etc. 

3.5.3 Common Learning Algorithms in Spark 

Machine learning is used for a variety of tasks in several fields. Currently, a large number 

of applications use machine learning, and that number is increasing every day. Here in this 

study, we used machine learning to automate data mining techniques in healthcare data 

analytics in order to provide the right insight and perform predictive analytics for the 

desired healthcare data set without explicitly programming. We have discussed the type of 

machine learning like Supervised learning and Unsupervised learning with examples in 

the previous chapter. Now here we focus on representing algorithms based on their 

formulas in order to develop the working model for the proposed problem.  
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3.5.3.1 Logistic Regression  

Logistic regression is a common method to predict a categorical response. It uses a logit 

function to calculate the probability of an observation belonging to a particular class. 

Initially, the PySpark ML supports only binary classification problems. In new DataFrame 

APIs, spark.ml logistic regression can be used to predict a binary outcome by using 

binomial logistic regression, or it can be used to predict a multiclass outcome by using 

multinomial logistic regression. Use the family parameter to select between these two 

algorithms, or leave it unset and Spark will infer the correct variant [81, 80]. 

In healthcare, logistic regression is used to develop the predictive analysis by computing 

the probability scores for the patients for a particular event for chronic diseases like stroke, 

diabetes, heart attack and other related. Here, we used a linear combination of one or more 

predictor variables to calculate the log-odds of the probability of an event (probability of 

patient develop the disease in some specific time). Mathematically, it is represented as: 

 
logit(pi) =

𝑝(𝑦 = 1)

1 − 𝑝(𝑦 = 1)

= β0 +  β1x1, i+. . . +βmxm, i    

      (1) 

 

where pi is the probability outcome, β0, β1…, βm are the regression coefficients, and x1, 

x2…,xm are the predictor variables (independent variables) for each data point i. The data 

point i varies from 1 to the length of the training set. In our case, we have a stroke as a 

probability outcome(response) and seven independent variables like diabetes, heart 

disease, hypertension, BMI, smoking history, age, and gender. Hereby using that 

independent variable, we can calculate logit(pi) values. When the values are equal to 1 or 

greater than 0.5 the model classify as patients have a stroke or high probability in the future 

to have a stroke if not the patients have not a stroke. 

3.5.3.2 Decision tree 

The decision tree classifier is simplest, easy to understand and easy to explain ML 

techniques. Apache Spark offers a good mix of decision tree based algorithms fully 

capable of taking advantage of parallelism in Spark. Spark ML is using the ID3 algorithm 

with CART. CART can handle both categorical variables and continuous variables 

whereas ID3 only handles categorical variables [82]. A classifier that builds a decision tree 

to predict a class for an observation (unknown class label). Based on the information gain, 

the tree can be learned by splitting the input features into subsets. This process is repetitive 

on each derived subset until all data points have a class label assigned. Information gain is 
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used to determine which feature to split in building the tree. Training data is used to build 

a decision tree to predict the target variable. The tree becomes the model that is used to 

predict new data. Information gain depends on the concept of entropy and information 

content from the information theory. Based on entropy the Information gain is represented 

as [83]: 

 𝐼𝐺(𝑇, 𝑎) = 𝐻(𝑇) − 𝐻(𝑇|𝑎) (2) 

where 𝐼𝐺 (𝑇, 𝑎) is the information gain for parent node T and children nodes a, 𝐻(𝑇) is the 

entropy of the parent node and 𝐻(𝑇|𝑎) is the weighted sum of the entropy of the children 

node. Entropy measures the amount of disorder or uncertainty in a system [84]. Equation 

() can be revised as:  

 𝐼𝐺(𝑇, 𝑎) = − ∑ 𝑝𝑖 log2 − ∑ 𝑝(𝑎) ∑ −Pr (𝑖|𝑎

𝐽

𝑖=1𝑎

𝐽

𝑛=1

) log2 Pr (𝑖|𝑎) (3) 

where p1, p2…, are the fractions that add to 1 and represent the percentage of each class 

presented in the child node that results from a split in the tree. The main application of the 

decision tree in healthcare is to aid the physicians’ decision based on the evidence-based 

medicine approach, when the physicians face challenges in medical decisions or when the 

outcomes of the treatments or medicines are uncertain. 

 

Figure 3.5 Conceptual Representation of prediction path for Stroke healthcare dataset 

https://en.wikipedia.org/wiki/Information_entropy
https://en.wikipedia.org/wiki/Information_content
https://en.wikipedia.org/wiki/Information_content
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In SparkML also the decision tree has three types of nodes: Root node, Splitting node and 

Terminal node(leaf node). In our case, the root node represents the entire feature like 

diabetes, heart disease, hypertension and others from stroke healthcare datasets. 

A splitting node is the sub-tree(sub-nodes) which can be managed by entropy from the 

dataset. The terminal or leaf node represents the target variable(outcome) that is whether 

the patients have a stroke or not.  Using the above equation (3), we can calculate the 

entropy of the stroke healthcare dataset based on the number of elements 1(Stroke) class 

and 0(non-Stroke) class. Once we have entropy for the dataset, then we calculate the 

information gain for each attribute. Lastly, we get the attribute which has maximum 

information gain and makes that attribute as the head(root) of the tree. Based on the stroke 

healthcare dataset, we found that Age has maximum information gain and also most 

influence attribute for decision tree. Figure 3.5 represents the prediction path for a patient 

with Stroke based on the study dataset. 

3.5.3.3 Random Forest (RF) 

Random forests are an ensemble learning method for classification, regression and other 

tasks that operates by constructing a multitude of decision tree at training time and 

outputting the class that is the mode of the classes (classification) or mean prediction 

(regression) of the individual trees. Random decision forests correct for decision trees' 

habit of overfitting to their training set. It builds a robust and accurate model that can 

handle large varieties of input data with binary, categorical, continuous features. 

In SparkML, the random forest is one of popular algorithm which supports multi-

classification and different features to handle imbalanced data. The same equation of 

information gain from the decision tree used here also, the difference is random algorithm 

runs multiple trees to reduce the risk of the overfitting and run efficiently on large datasets. 

3.5.3.4 Gradient boosting  

Gradient Boosted Trees(GBT) are ensembles of decision trees. It is iteratively training 

decision trees in order to minimize a loss function. GBTs can handle categorical features 

and extends to the multiclass classification setting. In the same way, GBTS does not need 

feature scaling and also able to capture non-linearities and feature interactions [85].  

SparkML supports GBT for regression and for binary classification. In this study, we use 

this algorithm for binary classification in order to classify and predict disease based on 

medical data. 

https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://en.wikipedia.org/wiki/Mode_(statistics)
https://en.wikipedia.org/wiki/Overfitting
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 In each iteration, the algorithm uses the current ensemble to predict the label of each 

training variable and then compares the prediction with the true label. The specific 

mechanism for re-labeling instances is defined by a loss function discussed in the below 

equation. With each iteration, GBTs further reduce this loss function on the training data.  

F(x)= 2 ∑ log(+ exp(−2𝑦𝑖𝐹(𝑥𝑖)))
𝑁

𝑖=1
 (4) 

Twice binomial negative log-likelihood. Were N= number of instances, yi=label of instance 

i, xi=feature of instance i, and F(xi)= model’s predicted label for instance i.  

3.5.4 SparkML Pipelines 

In order to use machine learning on Apache Spark, we have to transform data into an 

appropriate format and data types before we actually feed them to desired algorithms. 

Here, the main reason we have preferred Spark MLlib rather than others numerous 

machine learning tools are: Spark can perform fast data pre-processing and feature 

engineering, and also solve problem relates to data size by making distributed ML very 

simple. Most of the time, machine learning practitioners around the globe revealed that the 

preprocessing tasks on machine learning workflow usually follow the same pattern after 

gathering and collecting the relevant data for our tasks [86]. 

 

Figure 3.6  Pipeline for SparkML model, adapted from [87] 

The above diagram indicates the same steps we follow with Spark MLlib as it explained 

with these five steps: 



49 
 

1. Perform cleaning and feature engineering to allow the algorithm to feed the data in a 

suitable form (e.g., converting the data to numerical vectors). 

2. Using a portion of this data as a training set to train one or more algorithms to generate 

some candidate models (Modelling or use analytical techniques) 

3. Evaluating and comparing models against your success criteria by accurately 

measuring results on a subset of the same data that was not included for training (test 

data).  

4. Hyperparameter tuning 

5. Lastly, leveraging the insights from the above process. In our case., we used the final 

model to predict disease, probabilities of the patient have a disease and also to provide 

insight from stroke healthcare dataset. 

The most interesting thing about Spark is, the new Apache SparkML API supports the 

above steps out of the box. It is called Pipelines. MLlib standardizes APIs for machine 

learning algorithms to make it easier to combine multiple algorithms into a single pipeline, 

or workflow, here the pipeline concept is mostly inspired by the sci-kit-learn project. A 

pipeline consists of a series transformation and action that need to be performed to create 

a model. Apache SparkML pipelines have the following components [81]. 

DataFrame: This high-level ML API uses DataFrame from Spark SQL as an ML dataset, 

which can hold a variety of data types like text, feature vectors, true labels, and predictions. 

DataFrame uses as structured APIs and also, we can call it as the central data store where 

all the original data and intermediate results are stored in.  

Transformer: As the name suggests, a Transformer is an algorithm which can transform 

one DataFrame argument into another new DataFrame; which means take DataFrame as 

input and produce new DataFrame as output. E.g., an ML model is a Transformer which 

transforms a DataFrame with features into a DataFrame with predictions. Transformers 

are stateless, which means that they don't have any internal memory and behave exactly 

the same each time they are used. Precisely, a Transformer implements a method 

transform(); which converts one DataFrame into another, generally by appending one or 

more columns. For example, Transformer is one that covert categorical variable like text 

from actual data into numerical values(feature vector) that can be used in MLlib and also 

learning model might take a DataFrame, read the column containing feature vectors, 
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predict the label for each feature vector, and output a new DataFrame with predicted labels 

appended as a column [88]. 

 

Figure 3.7 Standard Transformer [86] 

Estimator: An Estimator is an algorithm which can be fit on a DataFrame to produce a 

Transformer. E.g., a learning algorithm is an Estimator which trains on a DataFrame and 

produces a model. Technically, an Estimator implements a method fit(), which accepts a 

DataFrame and produces a Model, which is a Transformer [85]. Pipeline: A Pipeline chain 

uses to joining the preceding components, DataFrame, Transformers, and Estimators 

together to specify an ML workflow. Parameter: The model parameters are the knobs that 

the training algorithm knows how to tweaks; they are learned from data.  All Transformers 

and Estimators now share a common API for specifying parameters. Hyperparameters 

could not be learned by training method but they also need to be tuned. 

3.5.5 Comparison of Algorithms for Model Selection 

Now that we arranged the logical pipeline and discussed how it works in MLlib, the next 

step is model selection. Model selection is performed to find the best model which could 

extract important knowledge (insight for better decision). In MLlib this also called ML 

tuning or hyperparameter tuning [85].In our case, we won’t train just one single model; as 

we discussed in the earlier section, we have chosen four ML algorithms. In order to select 

the best model among those algorithms, we have to train that all algorithms by specifying 

different combinations of hyperparameters that we would like Spark to test. Then, we can 

select the best model using an Evaluator that compares their prediction on our 

validation(test) data. We will discuss the evaluation later. Finally, we could optimize the 

best model to increase its performance and accuracy in order to achieve the aims of this 
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study. There are two popular methods that MLlib supports for model selection: 

CrossValidation and TrainValidationSplit. These two methods or tools need the 

following items: Estimator (algorithms or Pipeline to tune) and Evaluation(metric to 

measure how well a fitted model does on held-out test data) [89]. At a high level, these 

two model selection tools work through by following steps: 

1. They split the data into two different parts (training and test) datasets. 

2. For each (training, test) pair, they iterate through the set of ParamMaps: For each 

ParamMap, they fit the Estimator using those parameters (Hyperparameter tuning), 

get the fitted Model, and evaluate the Model’s performance using the Evaluator. 

3. Finally, they select the Model produced by the best-performing set of parameters. 

The Evaluator can be based on problem types; for regression problem, we use 

RegressionEvaluator, a Binary Classification Evaluator for binary data or Multiclass 

Classification Evaluator for multiclass problems. ML uses varies evaluator metrics in order 

to ensure the quality of the model for desired problems. here we focus on only the most 

common metrics in classification and clustering tasks in the next section. 

3.5.5.1 Model selection with CrossValidator 

CrossValidator begins by splitting the dataset into a number of k folds which are used as 

separate training and test datasets. The whole pipeline is run once for each fold and single 

machine learning model is trained for each fold. Finally, the different machine learning 

models obtained are joined. Basically, CrossValidator uses for both model selection with 

hyperparameter tuning and evaluation in terms of it seen over all datasets. But it needs 

more training time for reliable results. Let’s take one example to look at CrossValidation. 

The following example demonstrates using CrossValidator to select from a grid of 

parameters. Note that cross-validation over a grid of parameters is expensive. E.g., in the 

example below, the parameter grid has 3 values for hashingTF.numFeatures and 2 values 

for lr.regParam, and CrossValidator uses 2 folds. This multiplies out to 

(3×2)×2=12(3×2)×2=12 different models being trained. In realistic settings, it can be 

common to try many more parameters and use more folds (k=3k=3 and k=10k=10 are 

common). In other words, using CrossValidator can be very expensive. However, it is also 

a well-established method for choosing parameters which is more statistically sound than 

heuristic hand-tuning. 
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3.5.5.2 Model selection with TrainValidationSplit 

In addition to CrossValidator Spark also offers TrainValidationSplit for model selection 

(hyper-parameter tuning). This method is somehow easy when we compare the previous 

one. TrainValidationSplit only evaluates each combination of parameters once, as opposed 

to k times in the case of cross-validation. It is, therefore, less expensive, but will not 

produce as reliable results when the training dataset is not sufficiently large. Unlike 

CrossValidator, TrainValidationSplit creates a single (training, test) dataset pair. It splits 

the dataset into these two parts using the trainRatio parameter. For example, with 

trainRatio=0.75 trainRatio=0.75, TrainValidationSplit will generate a training and test 

dataset pair where 75% of the data is used for training and 25% for validation(test). 

Like CrossValidator, Train Validation Split finally fits the Estimator using the best 

ParamMap and the entire dataset. In our case, first we simply split our data into training 

and testing parts (TrainValidationSplit), then we can use CrossValidator for model tuning 

because it makes sure that eventually all the data is seen by the machine learning algorithm. 

3.6  Software Tools and Libraries 

For this study, we used two open-source big data frameworks: Hadoop 2.7.7 version to 

store and manage healthcare data over distributed cluster and latest version Spark 2.4.3 

to perform analytics with a variety of free libraries, rich documentation, including 

contributor support. And also we used Python programming languages with 

Spark(Pyspark) which is a Python API for the Spark majorly used for data science and 

Analysis. The supportive libraries and software tools are listed as follows: 

✓ Findspark 1.3.1: Python library that automatically allows you to import 

and use PySpark. 

✓ Pandas: When we want to use additional libraries from python for Pyspark. 

✓ Imblearn 0.5.3: To handles imbalanced data 

✓ Scikit-learn 0.21.3: machine learning library 

✓ Matplotlip 3.3.1: we use it to visualize our result. 

✓ Numpy 1.15.1: uses for scientific computing like average, array, matrices, etc. and 

✓ JDK 1.8: to compile the user codes. 

✓ Jupyter notebook: uses to edit, run and share Pyspark into a web view 
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3.7  The Workflow of Proposed Framework 

 

Figure 3.8 Workflow of Proposed Framework 

As we can understand from the above figure, first in master node we start the spark services 

in order to use spark functionalities for our work. Then we load the stroke healthcare 

dataset from distributed storage of HDFS into user programming code to perform the 

necessary analytics on datasets on both worker nodes. Select, filter and others are 

transformation operations we can apply to return new DataFrame after we updated the 

dataset with necessary preprocessing. Action operation uses to return the result to user 

application after computation on the dataset. for example, to collect distributed patient data 

with Stroke and non-stroke from both nodes and return the result to user application. The 

cache used to keep the result for next use in memory and scalable machine learning 

computed over a multi-node predict whether patients with stroke or not. In addition, 

scalable machine learning that computing over distributed node returns the probability of 

patient will have stroke or not. 
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CHAPTER FOUR 

4. EXPERIMENTAL RESULTS AND DISCUSSION 

As the goal of this study is to perform advanced analytics of stroke disease using scalable 

machine learning over a multi-node and identify the risks of stroke disease. In this section, 

four classification models were built with different supervised machine learning 

algorithms in SparkML i.e. Decision Tree classifier, Random Forest, Logistic regression 

and Gradient Boosting Tree. The performance of models is evaluated and compared using 

the common classification metrics. Lastly, the result of the study is interpreted, the 

research question answered and critically result evaluated in the discussion section. 

4.1 Setting up Development Environment 

In this section, we follow the steps that presented under methodology for experiments and 

are implemented Apache Spark on top of Hadoop using three nodes of the cluster: Master 

node, Worker1, and Worker2 nodes. The cluster mode is prepared on HP Desktop has an 

Intel Core i7 processor with 12GB RAM, and 1TB hard drives. After we installed Virtual 

Box on Ubuntu OS environment. We created three nodes with the same host-name in order 

to run worker nodes on the master node and installed Ubuntu for each of them. Private IP 

Address added to each node so that the cluster can communicate with an additional layer 

of security. In our case, we use Open-ssh server-client to enable cluster communication in 

a secure way. After we make a cluster ready for Hadoop and Apache Spark installation. 

Next, we prepared the environment by installing Java as a prerequisite for each node. For 

both Hadoop and Apache Spark Java7 or above version supported to compile the user 

codes. Now it’s time to install Hadoop by downloading tar files from the official website 

of Hadoop. Then we adjusted Hadoop home and also performed common XML 

configuration files like core-site.xml, hdfs-site.xml, yarn-site.xml and others in master 

node as well as worker nodes. For Hadoop, after we configure environment variables and 

format-name node now it is ready to start. As we discussed in previous chapters, Apache 

spark is our proposed tool with its favorite libraries.  So now let’s install Spark on top of 

Hadoop. To install Spark, we follow the same steps with Hadoop installation, we should 

download the latest version of Apache Spark tar file from the official website. Finally, the 

Apache Spark configured for each node with Hadoop. After we complete the installation 

both framework on the multi-node cluster, we are now ready to work with Spark platforms. 

As we mentioned in the previous chapters, Apache Spark supports multiple programming 

languages like Java, Scala, Python and R. In this study, we are using python API for 
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Apache Spark(Pyspark) which is easy to learn and provides several libraries for data 

preprocessing and machine learning. We imported several libraries of python into Pyspark 

using pip packages of python libraries. Now let we start Apache Spark services by running 

this command on a master node only: ./sbin/start-all.sh (to start Master Node and Data 

Node on the all machine for Hadoop and resource manager and node manager for YARN), 

then we start both master and workers for all machine using this command ‘./sbin/start-

all.sh’. Here the screenshot from the master node. 

 

Figure 4.1 Virtual Machine with three nodes 

The above figure indicates three connected devices over a cluster, node1 represents Master 

node which is used for start spark services and load stroke healthcare data and also perform 

analytics over two worker nodes. The rest two nodes are worker nodes which is used for 

storage and execute the task submitted by the master node. 
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Figure 4.2 Start Spark service from the working directory 

 In the above Figure, we started Spark service on both master node and worker nodes, now 

let we check if all services are started on each node by using JPS (Java Virtual Machine 

Process Tool) command, which is used to check all the Spark and Hadoop daemons that 

running on the machine. 

 

Figure 4.3 Started Spark service on Master node 

The important services of the Apache Spark and Hadoop like NameNode, 

ResourceManager, and master are run on Master node only with respective ports. As 

explained in the earlier section, Apache spark runs on the top of Hadoop for this study. So, 

here we only need ResourceManager and Master daemons. Name Node is used for 

MapReduce whereas Master is for Apache Spark. 
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Figure 4.4 Started Spark service on Worke1 node 

 Here in the Figure1(Worker1 node): DataNode, NodeManager, and Worker services are 

started (on Workers node only), which means not start on master nodes when we install 

Apache spark on the distributed cluster (Multi nodes). As explained in chapter 3, 

NodeManager is used to coordinates resources for an individual whereas Worker daemons 

used to execute the Spark application. We are not going to use DataNode here, for Spark 

we use Worker. 

 

Figure 4.5 Started Spark service on Worker2 node 

 Worker2 node: perform the same function with Worker1, the job submitted by the user 

executes over the distributed nodes in order to handle huge datasets with low execution 

times. 

After we started all the services of Apache Spark on each node, the next step is connecting 

Pyspark with Jupyter Notebook, which enables us to edit, run and share Pyspark into a 

web view. In fact, we can run Apache Spark on Spark-shell, but for this study, we preferred 

the Notebook which is more flexible and re-executable. After we connected the notebook 

with Pyspark, on the Master node we write ‘Pyspark’ command. Then the command opens 

the editor for us as we see in the below figure.  Finally, we have completed our experiment 
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setup. The next important part is loading our dataset into Spark application and performing 

the necessary implementation to solve the proposed problems. 

 

Figure 4.6 Start Pyspark with Jupyter Notebook 

4.2 Load the stroke healthcare datasets into HDFS 

As we explained in the previous section, Apache Spark can support data from various 

sources. We can load data into HDFS before the preprocessing or after. So, Here when we 

load the desired healthcare data into HDFS using the ‘Hadoop fs -put ‘command in the 

figure below. We now have the dataset loaded into HDFS. 

 

Figure 4.7 Loading dataset into HDFS 

4.3 Descriptive Statistics and Analytics 

To start the implementation, we first need to define the Spark Context for the program. 

As we discussed in the last section, it is the entrance point for Spark functionality and 

should be specified before beginning to create the Spark DataFrame by loading the dataset 

we have stored into HDFS. For Spark Context we have three specified parameters: 

Application name, the cluster URL and the core numbers(optional). The application name 

should be a meaningful name that can define the purpose of the program. In our case, we 

put “Stroke”.  The Cluster URL is used to launch the distributed cluster that connected to 
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each other. For a local cluster, we simply specify the keyword “local”. In our case, we 

used “spark://master:7077” URL for multi-node cluster. Where master is hostname of our 

master node and 7077 is the default port. By using this URL, we can get the information 

about running cluster(workers), running application and other. Now we can start our 

implementation by loading data from HDFS into Spark application to create DataFrame.  

In descriptive statistics, we can easily understand the dataset by calculating the various 

summary measures, such as mean, standard deviation, minimum value, maximum value, 

and others for all features. Here we begin our implementation by reporting the summary 

measures for some features from stroke healthcare dataset in figure 4.8. 

 

Figure 4.8 Descriptive statistics result from an experiment 

 From figure 4:8, we can understand that the range for Heart disease, Diabetes, Stroke, and 

Hypertension of the stroke healthcare data is 0-1, which is a nominal data that tell us 

whether the patients have a disease or not. The mean and standard deviation in the table 

describes the range of each feature indicating a normal distribution of the data. Spark 

DataFrame does only display the above default summary measure, to describe more 

measure like percentage we can use UDF (user-defined function) or pandas DataFrame in 

the Spark. 

Before the preprocessing phase, we have performed query execution to understand what 

already happened in the stroke healthcare dataset. In this dataset, 59% of all people are 

Female and only 41% are Male. From this information, there is a possibility to know the 

numbers of Female or Male that have Stroke. From the 100,000 patient data, the only 1426 

patients have Stroke. As we were able to understand from the result, 1.37% Female and 

1.5% Male almost have had a Stroke. We can also able to understand whether the Age of 

patients has risks for Stroke disease. From the 1426 patients with Stroke, 1418 patients are 

greater than 30 Ages. As we could understand from this result, people with high age have 
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a high probability to cause by Stroke disease rather than young people. As we explained 

in the previous chapter, Heart disease, Diabetes, and Hypertension are the most risk factors 

for Stroke diseases. In order to know their influences for the patient with Stroke, we tried 

to perform query execution on the stroke healthcare dataset and we have visualized the 

result in figure 4:9. 

                

 Figure 4.9 Stroke risk factors before preprocessing 

The above figure indicated that from the 1426 patients with Stroke more than 400 patients 

already have had diabetes disease. This means the patient with diabetes has a high 

possibility of developing the Stroke. The second risk factor of Stroke is hypertension, more 

than 350 patients had already hypertension among the 1426 patients with stroke. In the 

same way, the patients who have had first hypertension also has a high possibility of 

developing the Stroke. The third risk factor of Stroke is heart disease, the patients who 

have had heart disease also has a high possibility of developing the stroke next to diabetes 

and hypertension from stroke healthcare dataset. The pink color in the figure indicates that 

the patients who have diabetes, hypertension and heart disease at the same time, and also 

developed stroke disease. 

4.4  Preprocessing of Stroke healthcare dataset 

Now after we have understood what happened on dataset and insight into the past in the 

descriptive analytics, now it’s a time to prepare stroke healthcare data to answer the 

question of what happened by designing the right model with the preprocessed dataset. we 
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begin the preprocessing phase by handling Null values and Outlier using the techniques 

we have discussed in the last chapter. Figure 4.10(a) and (b) present Boxplots from the 

experiment for BMI attribute before and after we have detected the outlier respectively.  

     

             (a)                                                                                              (b)                                                                                                                            

 Figure 4.10 BMI feature with outlier and after outlier detection 

 As we can understand from the descriptive analytics, stroke healthcare dataset is 

imbalanced data, from the 100,000 patients record the only 1426 patients are with Stroke. 

So, we used SMOTE techniques to handle imbalanced data as explained in the previous 

chapter in order to develop the unbiased model for the proposed problem.  The two Figure 

below represented the imbalanced data and after we have handled imbalanced data.  

 

                Figure 4.11 Before handling imbalanced data and after handled 
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The next important part of preprocessing is feature engineering, before splitting the dataset 

for training we should be converted all categorical variables into numerical. As mentioned 

in the last chapter, we have used three approaches in the Spark ML: StringIndexer, One-

hot Encoding and Vector Assembler to make ready our dataset for training. Thus, after we 

have converted all features into binary column and class into nominal; seven features: 

Gender, Age, Diabetes, Hypertension, Heart disease, Smoking history, BMI are 

representing as features in vectors and Stroke as label(target variable). For feature 

selection we used ChiSqSelector to decide which feature to choose. But here we 

considered all features for each model to determine the importance feature after we trained.  

4.5  Data Splitting and Training 

After we have completed data preprocessing including feature engineering, the next step 

is to split the input DataFrame into training and testing DataFrame with a split ratio of 

70/30 and a random seed value. The result from experiment after we split the dataset: 

(120226, 51298) training and testing data respectively. Distribution of patient with Stroke 

and Non-Stroke in training data is: [Row(label=0.0, count=60033), Row(label=1.0, 

count=60193)]. In addition to this, we used 10-fold cross validator for hyperparameter 

tuning in order to improve the result. Now we can train the model with the training set 

using the “train” method and specifying the various parameters available for the four 

supervised machine learning algorithms (Decision Tree, Random Forest, Logistic 

Regression and Gradient Boosting tree). To determine and compare the performance of 

those four algorithms with stroke healthcare dataset, several classification performance 

metrics were used. 

4.6  Performance Metrics 

In this study, to evaluate the model we used performance metrics related to classification 

problems like Confusion Matrix, Accuracy, Precision, Recall, Specificity, F1 Score and 

ROC (Receiver Operating Characteristics) because we are dealing with classification 

problems. For stroke healthcare dataset, if the target variable (stroke) is 1 then it is a 

positive instance, meaning the patient has stroke disease. And if the target variable is 0, 

then it a negative instance, meaning the patient does not stroke disease. 

4.6.1 Confusion Matrix 

The confusion matrix is one of the easiest and most intuitive metrics to determine the 

performance of a classification model by finding the correctness and accuracy of the model. 
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In a Confusion Matrix, the rows represent the actual labels and the columns represent the 

predicted labels.   The below table shows the Confusion matrix. 

Table 4:1 Confusion Matrix 

 Predicted 

Negative  

Predicted 

Positive  

Actual Negative   TN FP 

Actual Positive  FN TP 

                    

True Negatives (TN): True negative are the case when both predicted class and actual 

class is False (0), i.e., when a patient does not have a stroke and is also classified by the 

model as not having stroke disease. 

True Positives (TP): True positive are the case when both predicted class and actual class 

is True (1), i.e., when a patient actually has a stroke and is also classified by the model to 

have stroke disease. 

False Negatives (FN): False Positive are the case when the predicted class is False (0) but 

actual class is True (1), i.e., when a patient actually has a stroke and is classified by the 

model as not having stroke disease. This is serious in healthcare when the model predicted 

patient already had a disease as normal the risk will be high in reality.  

False Positives (FP): False Positive are the case when the predicted class is True (1) while 

the actual class is False (0), i.e., when a patient is classified by the model as having a stroke  

even though in reality, they do not. 

4.6.2 Accuracy (ACC)  

Accuracy in the classification problems determines by the number of correct predictions 

made by the model over the total numbers of predictions made. Even though it’s widely 

known, it is not recommended when the dataset is imbalanced for evaluation. Actually, in 

the Spark ML we can measure accuracy using both binary class classification and 

multiclass classification (in this case we got almost the same result). The formula for 

accuracy represented in the equation below: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑃
 (5) 
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4.6.3 Precision 

Precision is a measure of the proportion of patients that predicted as having a stroke, 

actually had a stroke. The predicted positives (patients predicted as a stroke are TP and FP) 

and the patient actually having a stroke are TP. The formula for Precision is: 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (6) 

4.6.4 Recall/Sensitivity 

Recall or sensitivity is a measure of the proportion of patients that were predicted to have 

stroke among those patients that actually had a stroke. The formula is: 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝐹𝑁 + 𝑇𝑃
 (7) 

4.6.5 Specificity 

Specificity is the exact opposite of Recall. It is a measure of the proportion of patients that 

did not have a stroke, were predicted by the model as non-stroke. The actual negatives 

(patient actually not having a stroke are FP and TN) and the patient predicted by model not 

having a stroke are TN. FP is included in the equation because the patient did not actually 

have stroke even though the model predicted. The formula is: 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑁
 (8) 

 

4.6.6 F1 Score 

F1 Score is the single score that represents both precision and recall (harmonic mean of 

the Precision and Recall that is used to test for Accuracy). The formula is: 

 𝐹1 𝑆𝑐𝑜𝑟𝑒 =  2 ∗  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (9) 

 

4.6.7 ROC curve 

ROC (Receiver Operating Characteristics) is a graphical plot of sensitivity against (1-

Specificity) or in other words, a comparison of true positive rate (TPR) and false-positive 

rate (FPR). This metric is between 0 and 1 with a better model scoring higher. When the 

model scores an area of 1 represents a perfect test; an area of 0.5 represents a worthless 
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test. It is used to visualize a classifier ‘s performance at different thresholds to determine 

the best threshold point for the classifier. Figure -- represents an example of ROC Curve 

 

 

   Figure 4.12 Example of AUC score 

4.6.8 Model training time 

This metric uses to measure the execution time for each model with stroke healthcare 

dataset in the Spark ML in order to know CPU, sys, wall time and the total time taken to 

train the model. 

4.7  Model Performances 

For each model we train for the stroke healthcare dataset, the Confusion Matrix and ROC 

Curve from an experiment are represented through figures. As explained in the earlier 

section, the Confusion Matrix has four values- True Negative, False Positive, False 

Negative and True Positive. In all the figures of Confusion Matrix, the blocks represent 

correctly predicted negative in True Negative, falsely predicted positive in False Positive, 

wrong prediction of negative in False Negative and correctly predicted positive in True 

Positive respectively. The blue blocks indicate correctly predicted values whereas white 

blocks indicate incorrectly predicted values. These values are later used to find the 

Accuracy, Precision, Recall, Specificity, and F1 Score to evaluate the performance of each 

algorithm for comparison. In addition to Confusion Matrix, a ROC Curve which represents 

the AUC of the algorithms is shown for each model from the experiment. 



66 
 

4.7.1 Decision Tree Model  

We used the different parameters during implementing the Decision tree algorithm. To get 

detail information about model parameters in the Pyspark, we can execute piece of code: 

print(dt.explainParams() where dt represents a model. featuresCol: which is accepts the 

labeled features(we used the default one: feature), labelCol:label column name( we used 

the default one: label as target value ), impurity: Criterion used for information gain 

calculation(we used the default: gini), maxDepth: Maximum depth of the tree(our model 

implemented with 25 depth with 849 nodes), maxBins: Max number of bins for 

discretizing continuous features (we used 25 the default value is 32) and others necessary 

parameters. After we have tested the model using test data. It has to be evaluated using the 

performance metrics. Figure 4.13(a) and x(b) illustrate the probability for 1 value cases 

that indicate the patient had a stroke and the probability for 0 value cases for the patient 

non-stroke respectively. 

                  

(a)                                                                 (b)                                                                                              

Figure 4.13 Decision Tree Result of the probability of patient will have a stroke (1) and 

Non-Stroke (0) 
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(a) (b)  

Figure 4.14 Decision Tree Confusion Matrix before cross-validation and After 10-fold 

applied 

The result from the confusion matrix before and after cross-validation applied. 

  

 Figure 4.14 (a) and (b) illustrate the Confusion Matrix of the Decision Tree model with 

random split and 10-fold cross-validation applied on the stroke healthcare dataset. From 

the above figure, we can calculate the value of the accuracy, precision, recall, specificity, 

and F1 Score by using the equation we have discussed in the earlier section. The blue parts 

represent the value of the TN=23992 and TP=24227 for the decision model whereas white 

parts represent the value of the FN=1342 and FP=1737. For the confusion matrix with 10-

fold cross-validation also we calculate in the same way. 
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(a)                                                                                            (b)  

Figure 4.15 Decision Tree AUC scores before and after cross-validation applied 

Figure 4.15(a) illustrates the ROC Curve of the Decision Tree model while Figure 4.15(b) 

shows the ROC Curve of the Decision Tree model with 10-fold cross-validation. Decision 

Tree is an excellent model in the case of stroke healthcare data since it gives a high 

accuracy and AUC score. Moreover, the precision, recall and F1 Score are also high with 

the recall being slightly greater than the precision. The cross-validation improves accuracy 

and other metrics with the same dataset.  

                     

                            

                               Figure 4.16 Feature Importance in the Decision tree model 
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It is possible to know the most important feature for the decision tree model in order to 

remove the feature that not affect the result and improve the result with the most important 

features. As we can easily understand from figure 4:16, Age and Heart disease are the most 

important features whereas Hypertension is least important for the decision tree model. 

4.7.2 Random Forest Model 

The parameters we used in this algorithm are almost similar to the decision tree the only 

difference is random forest builds several trees and collects the result from the most 

appropriate tree. Here we used default numbers of a tree(20).  Figure 4.17(a)and (b) 

illustrate the Confusion Matrix of the Random Forest model with random split and 10-fold 

cross-validation applied on the stroke healthcare dataset. Figure 4.18(a) illustrates the 

ROC Curve of the Random Forest model while Figure 4.18(b) shows the ROC Curve of 

the Random Forest model with 10-fold. 

             

(a) (b) 

Figure 4.17 Random Forest Confusion matrix before and After applied 10-fold cross-

validation 
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(a)                                                                                 (b) 

Figure 4.18 Random Forest AUC scores of before and after applied 10-fold cross-

validation 

Random Forest is a collection of Decision Trees that combined the result of the different 

trees. This decreases the chance of overfitting, leading to better results. However, in the 

stroke healthcare dataset Random Forest model scores less accuracy and AUC scores when 

compares with the Decision tree model. After applying the cross-validation for random 

forest almost we got the same result with before one. As we were able to understand from 

the result, Decision Tree works better than Random Forest in the stroke healthcare dataset.  

The result from the confusion matrix before and after cross-validation applied. 
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                                               Figure 4.19 Feature importance for Random Forest 

It is possible to know the most important feature for the random forest model also. Still, 

Age feature is the most important feature in both decision tree and random forest 

algorithms for stroke healthcare dataset. The second important feature for the random 

forest is Diabetes whereas BMI and gender are not necessary that much as we can easily 

understand from figure 

4.7.3 Gradient Boosting Tree Model 

As we discussed in the previous section, this algorithm use boosting ensemble techniques

. This technique employs the logic in which the subsequent predictors learn from the mist

akes of the previous predictors. The algorithm feeds various parameters like featuresCol, 

labelCol, lossType, maxBins, maxIter, maxDepth, stepSize and others. After we feed the 

necessary parameters for algorithms we have trained and tested the performance of the m

odel using different evaluation metrics. Figure 4:20 (a) illustrates the Confusion Matrix o

f the Gradient Boosting model. Figure 4:20(b) illustrates the Confusion Matrix of the Gra

dient Boosting model after 10-fold cross-validation is applied to the dataset. Figure 4:21(

c) illustrates the ROC Curve of the Gradient Boosting model while Figure 4:21(d) shows 

the ROC Curve of the Gradient Boosting model after 10-fold cross-validation is applied o

n the dataset. 
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(a)                                                                         (b) 

Figure 4.20 Gradient Boosting Tree Confusion Matrix before and after applied 10-fold 

cross-validation 

The result from the confusion matrix before and after cross-validation applied. 
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(a)                                                                                                  (b) 

Figure 4.21 Gradient Boosting Tree AUC score before and after applied 10-fold cross-

validation 

The results from the above figures show how Gradient Boosting Tree performs well for 

this problem with an accuracy of around 0.926 and an AUC score of around 0.98. After 

we applied the 10-fold cross-validator both AUC scores and accuracy values are improved. 

Thus, the next to the decision tree, a gradient boosting tree performs well for stroke 

healthcare dataset when compare with others.  

                      

                             Figure 4.22 Feature Importance for Gradient Boosting Tree 
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Figure 4.22 indicates that smoking history is the most important feature for the gradient 

boosting tree mode1 whereas age is still second important feature and BMI is not that 

much necessary for the mode1 in the stroke healthcare dataset.  

4.7.4 Logistic Regression Model 

As we explained in the previous chapter, logistic regression algorithms used logit functio

n in prediction probability. This algorithm also feeds various parameters during impleme

ntation in order to train stroke healthcare dataset. Here some parameters: elasticNetParam

, featuresCol, maxIter, lowerBoundsOnCoefficients, labelCol, and others. After we feed p

arameters, now it is time to train and test the logistic regression model based on the strok

e dataset.  Figure 4:23(a) illustrates the Confusion Matrix of the Logistic Regression mod

el. Figure 4:23(b) illustrates the Confusion Matrix of the Logistic Regression model after 

10-fold cross-validation is applied to the dataset. Figure 4:24(a) illustrates the ROC Curv

e of the Logistic Regression model while Figure 4:34(b) shows the ROC Curve of the Lo

gistic Regression model after 10-fold cross-validation is applied on the dataset. 

      

(a)                                                                            (b) 

Figure 4.23 Logistic Regression Tree Confusion matrix before and after applied 10-fold 

cross-validation 
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The result from the confusion matrix before and after cross-validation applied.

 

 

(a)                                                                           (b) 

Figure 4.24 Logistic Regression AUC score before and after 10-fold cross-validation 

The results show how Logistic Regression does not perform well for this problem with an 

accuracy of around 0.78 and an AUC score of around 0.85.  After we applied the 10-fold 

cross-validator AUC scores remain the same while there is bit change in other metrics. So, 

decision tree, random forest, and gradient boosting tree perform well with stroke 

healthcare data when we compare with logistic regression. 

4.8  Performance Comparison for the model 

In the model for stroke healthcare dataset, the set of four classification algorithms was 

used: Decision Tree(DT), Random Forest (RF), Logistic Regression and Gradient 

Boosting Tree(GBT) were applied on the dataset. In the first Table 4:2, the algorithms 

were implemented directly before we apply cross-validation, while in Table 4:3, the 

performance metrics are obtained when the same set of algorithms were applied with 10-

fold cross-validation. In each experiment, the performance was measured using Time 
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Taken, Accuracy, Precision, Recall, Specificity, F1 Score, ROC Curve, and AUC Score. 

The subsequent tables contain all the performance metrics for all the experiments done in 

the model to predict the risk of stroke disease. The table below illustrates the results of 

four algorithms in the Spark ML with different performance metrics to detect stroke 

disease before applying cross-validator. 

Table 4:2 Comparison Result of four algorithms before cross-validation 

 

Metrics 

                                       Classification Model 

Decision Tree Random 

Forest 

Gradient 

Boosting Tree 

Logistic 

Regression 

Accuracy 0.94 0.84 0.901 0.782 

Precision 0.933 0.808 0.882 0.759 

Recall 0.948 0.892 0.926 0.825 

Specificity 0.947 0.880 0.923 0.809 

F1 Score 0.94 0.847 0.903 0.79 

AUC score 0.98 0.93 0.97 0.85 

Time 

Taken(ms) 

10.3 12.6 17.5 13.5 

The table below illustrates the results of four algorithms in the Spark ML with different 

performance metrics to detect stroke disease after applying cross-validator. 

Table 4:3 Comparison Result of four algorithms after 10-fold cross-validation applied 

 

Metrics 

                                   Classification Model 

Decision Tree Random 

Forest 

Gradient 

Boosting Tree 

Logistic 

Regression 

Accuracy 0.943 0.808 0.926 0.780 

Precision 0.933 0.81 0.918 0.758 

Recall 0.948 0.89 0.934 0.807 

Specificity 0.947 0.87 0.934 0.81 

F1 Score 0.94 0.85 0.926 0.79 

AUC score 0.99 0.93 0.98 0.789 

 

In Table 4:2, Decision Tree and Gradient Boosting Tree have produced the best results for 

all performance metrics before we applying cross-validation for stroke healthcare dataset 
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with a score of 0.94,0.98, and 0.90, 0.97 Accuracy and AUC score respectively. In Table 

4:3, when cross-validator is applied, the accuracy of DT and GBT improved where the 

Random Forest and logistic regression accuracy remain the same. Decision Tree accuracy 

improved from 0.94 to 0.943 where AUC score improved from 0.98 to 0.99. Gradient 

Boosting Tree shown big changes where accuracy improved from 0.901 to 0.926 and AUC 

score from 0.97 to 0.98. Overall, when we comparing all the possibilities, the high 

accuracy and high AUC score are produced by a Decision tree with low training 

time(10.3ms). Gradient Boosting Tree is also performed well next to the Decision Tree 

with 0.93 and 0.98 accuracy and AUC scores respectively. But it takes more training time 

when we compare with other models, around 17.5ms. Therefore, based on the experiment 

results the decision tree model is the best model for the proposed problem with the desired 

dataset in the low training time and high accuracy.  

 

Figure 4.25 Accuracy comparison for four classifiers algorithms. 

4.9  Discussion 

In this study, an experiment carried out in a multimode cluster with core i7 processor 

having 12GB RAM in the Linux platform through the Spark platform. Four algorithms in 

the Spark ML(Decision Tree(DT), Random Forest(RF), Gradient Boosting Tree(GBT), 

and Logistic Regression(LR)) have been implemented in order to predict whether a patient 

has a stroke or not. For stroke healthcare dataset, DT gives an accuracy of 94.3%, precision 

of 93.6%, recall of 95.1%, specificity of 95%, F1 Score of 94.3%, AUC score of 99% and 

10.3(ms) training time. And also, we have calculated the probability of the patient will 
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have a stroke (when the probability value is greater than 0.56) and the probability value is 

less than 0.5(Non-Stroke) with this algorithm. So, DT model is performed well for each 

performance metric to predict whether a patient has a stroke or not. The result of this 

algorithm is satisfactory for this study with high accuracy of prediction and AUC scores 

for early detection of stroke disease in order to minimize the risks. Even though RF 

algorithms build multiple trees and merge them to get a result to improves decision tree, 

we got an unexpected result that is shown a big difference from the decision tree with an 

accuracy of 84% and AUC score of 93%. However, the AUC score of random forest is 

still satisfactory even it is less than the decision tree. Another algorithm with high accuracy 

and AUC score for this study is Gradient Boosting Tree next to the Decision Tree. GBT 

gives an accuracy of 92.6%, precision of 91.8%, recall of 93.4%, the specificity of 93%, 

F1 Score of 92.6%, AUC score of 98% and 17.5ms training time. There is only a slight 

difference between DT and GBT results even the decision tree has greater accuracy and 

AUC score with around 2% and 1% values respectively. Lastly, among four algorithms 

we have considered for this study, Logistic regression is given low results for all 

performance metrics with an accuracy of 78% and AUC score of 85%. Therefore, the 

current study found that DT and GBT with high accuracy of (94.3% and 92.6%) and high 

AUC score of (99% and 98%) respectively over a multi-node. Now we can answer the 

research question for proposed work based on an experiment result presented in this 

chapter.   

There is no any doubt that big data analytics are most crucial for the healthcare industry 

because of its powerful open-source framework in order to store, manage and process a 

huge, variety and complex healthcare data. In the same way, reduce the cost of healthcare 

by providing necessary surveillance with performance of real-time data processing to 

improve quality of service over the cloud or commodity hardware. The second question in 

this research was the probability of patient will have a stroke while the patient already with 

diabetes, hypertension and heart disease. To answer this question, we have found the 

importance of each feature in the model during training and we also performed the query 

execution to specified the feature that has a high probability for the patient to have a stroke. 

The answer to this question is presented in the figure below.  
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                                    Figure 4.26 Stroke risk factor after data preprocessed 

Figure 4.26 indicates that the patient with Diabetes, Hypertension and Heart disease has a 

high possibility to develop the stroke diseases based on the stroke healthcare dataset. So, 

diabetes is a high-risk factor that causes patients to have a stroke disease.  

In order to answer the rest question, the proposed framework is designed over multi-node 

with one master and two worker nodes using the Spark platform. Then four machine 

learning algorithms in the SparkML were implemented and tested over a distributed node 

using the stroke healthcare dataset. Actually, this framework designed to process and 

compute a huge amount of healthcare datasets in order to tackle the problem relates to data 

volume and also to speed up the computation performance by using a concept of big data 

analytics. However, we used 100,000 patient records to check the performance of a 

framework for different algorithms. DT and GBT are performed well with an accuracy of 

(94.3% and 92.6%) and AUC score of (99% and 98%) respectively. Even though the 

framework performed well for the dataset we used for this study, using this framework for 

a huge healthcare dataset remains as recommendation in order to extend the application 

framework for the healthcare organization. 

The proposed framework improved the previous related work by extending works of 

machine learning on the cluster for distributed computing in order to handle the 

voluminous amount of healthcare data and also to minimize computing time with the Spark 

platform. This framework can support both batch processing and real-time processing to 
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make clinical decision support at the right time for the healthcare industry. Even though 

we used a different dataset to detect stroke disease, in the previous work [19, 12], around 

87.3% and 85.9% of accuracy achieved using DNN and ANN algorithms respectively. In 

the current study, we achieved around 94.3% and 92.6% accuracy using DT and GBT 

respectively for the same dataset on the distributed cluster.   
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CHAPTER FIVE 

5. CONCLUSION AND RECOMMENDATION 

5.1  Conclusion  

The healthcare industry is one of the intensive and sensitive organization which is 

generating a massive amount of data with the various format. In order to manage and 

provides meaningful insight from these data, it needs serious attention to perform analytics 

using the right techniques and modern tools to enhance the quality of service and reduce 

its cost. Non-communicable diseases like Stroke is the second most common cause of 

disorders and mortality globally, and also the third leading cause of disorders and mortality 

in the developing country. Due to the voluminous growth of data in stroke care, early 

detection of disease and continuous monitoring remains the challenge for the convention 

machine learning and other data mining techniques. The main aim of this research work is 

to design a healthcare data analytics framework that has the ability to perform analytics 

for huge amounts of healthcare data over a cluster with high computation performance, 

specifically for stroke disease prediction analysis. The framework is designed using a fast 

big data analytics platform of Apache Spark on the top Hadoop with scalable machine 

learning algorithms over a multi-node. For storage, we used Hadoop distributed file 

system(HDFS). And also, we used Spark ML and SparkSQL to perform analytics on stroke 

healthcare in order to generate the right insight with different prediction models and to 

perform query execution from the DataFrame table respectively. 

The implementation started with loading dataset into HDFS for distributed storage, query 

execution, and performing preprocessing using Pyspark(Python APIs for Spark ) to detect 

outliers, handle imbalanced data, etc. The pipeline is designed to show the workflow of 

Spark ML for feature engineering, training and testing the model. To predict stroke 

disease, four different Spark ML models are created and trained for separate testing and 

comparison over a multi-node. According to the evaluation applied, DT scored prediction 

accuracy of 94.3% and AUC score of  99% with recall of 95.1 %  and specificity of  95% 

while GBT scored prediction accuracy 92.6 % and AUC score of 98 % with recall of 93.4 

% and specificity 93.4%  and RF has prediction accuracy of 84% and AUC score of 93 % 

with recall of  89.2 %  and Specificity of 88% while LR has prediction accuracy of 78% 

and AUC score of 85 % with recall of 82.2%  and specificity of 80.7%. From this result, 

we can conclude that all the models performed well to predicts whether a patient has a 

Stroke(1) or Non-Stroke(0) over multi-node except LR is the model with the least scores. 
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Therefore, from the comparison results, for the current study, DT and GBT are considered 

as the best model with an accuracy of 94.3% and 92.6% respectively. 

In addition, this research work tried to specify possible risk factors of stroke disease based 

on stroke healthcare dataset.  Diabetes, Heart disease, and Hypertension are specified as 

most risk factors from the desired dataset. As explained in the discussion section, a patient 

with already Diabetes has a high possibility to develop stroke disease among three of them.  

Hopefully, this research results will contribute invaluable value to the healthcare industry 

in order to tackles the challenge related to data size and speed of computation by using the 

advantage of the collaboration of streaming big data analytics and machine learning over 

the distributed cluster.  

5.2  Contribution of the study 

The main contribution of this study is the combination of big data analytics and machine 

learning over a multi-node in order to tackle the problem of storing huge amounts of 

healthcare data and reduce computing time to generate the right insight through advanced 

analytics from the healthcare dataset for better decision making. One of the practical 

contributions of this research is the detailed insight provided by scalable prediction model 

for early detection of stroke disease and identifying the risk factor of disease with better 

accuracy when we compare with previous studies. Another important contribution of this 

study is collecting and preparing stroke care dataset based on physician feedback from 

local hospitals in order to help other researchers in conducting relates studies in the 

contexts of developing countries to handle data problems. 

5.3  Recommendation 

The developing countries like Ethiopia with huge population faces various problems in the 

field of healthcare due to the lack of advanced technology like big data analytics with 

machine learning, regarding storing unstructured and semi-structured healthcare data, 

performing advanced healthcare analytics to predict and detect disease before it happens 

and after happens for continuous monitoring. In Ethiopia, according to the related work 

review, no research has been conducted for the healthcare industry using big data analytics 

framework, which means this technology is still in the early stage. Thus, we hope as initial 

this research will motivate other researchers to extends the importance of big data analytics 

for various diseases using real data even this research considered only Stroke disease. In 

order to improve the current work, the following recommendations could be made 
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considering as they are important issues for further improvement of research directions in 

the healthcare data analytics.  

✓ In this research, only a stroke disease considered from several non-communicable 

diseases for prediction and further analytics. An interested researcher can extend the 

scope of this research to address additional diseases like diabetes, heart disease, 

cancer, etc.  

✓ The scope of this research is limited to only structured healthcare data. We would 

like to encourage any researcher to extend this work for unstructured healthcare data 

like medical images using the same approach. 

✓ Even though the framework performed well for the small dataset we used for this 

study, the framework is designed for a huge healthcare dataset over a cluster. So, 

testing the framework using a huge healthcare dataset is recommended as future work 

in order to extend the application of this framework. 
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APPENDICES 

NB: some part of the code is not found here intentionally 

Appendix-A: Imported Libraries (Packages) 

# to make pyspark importable as a regular library  

import findspark findspark.init() import pyspark from 

pyspark import SparkContext sc = SparkContext.getOrCreate() 

#initializasing SparkSession for creating Spark DataFrame 

from pyspark.sql import SparkSession spark = 

SparkSession.builder.getOrCreate() 

# Data Frame spark profiling  

from pyspark.sql.types import * 

import pyspark.sql.functions as func 

from pyspark.sql.functions import * 

from pyspark.sql.types import * 

import matplotlib.pyplot as plt 

from pyspark.sql.functions import udf 

# Pandas DF operation 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

from numpy import array 

 

# Modeling + Evaluation 

from pyspark.ml.feature import VectorAssembler, VectorIndex

er, OneHotEncoder, StringIndexer 

from pyspark.sql.functions import when 

from pyspark.sql import functions as F 

from pyspark.sql.functions import avg 

from pyspark.ml import Pipeline 

from pyspark.ml.classification import LogisticRegression, R

andomForestClassifier, GBTClassifier 

from pyspark.ml.classification import DecisionTreeClassifie

r 

from pyspark.ml.evaluation import BinaryClassificationEvalu

ator, MulticlassClassificationEvaluator 

from pyspark.mllib.evaluation import BinaryClassificationMe

trics 

from pyspark.ml.tuning import CrossValidator, ParamGridBuil

der  

from sklearn.metrics import roc_curve, auc 

from sklearn.metrics import log_loss 

from pyspark.sql import Window 

from pyspark.sql.functions import rank,sum,col 

from pyspark.ml.linalg import Vectors 

from pyspark.ml.feature import VectorSlicer 

from imblearn.over_sampling import SMOTE 

from imblearn.combine import SMOTEENN 
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from collections import Counter 

Appendix-B: Loading stroke healthcare dataset from HDFS 

# Read and create data schema  

labels=StructType([ StructField("Gender", StringType()), 

StructField("Age", DoubleType()), StructField("Diabetes", 

IntegerType()), StructField("Hypertension", IntegerType()), 

StructField("Stroke", IntegerType()), 

StructField("Heart_disease", IntegerType()), 

StructField("Smoking_history", StringType()), 

StructField("BMI", DoubleType()), ]) 

df_stroke=spark.read.format("csv").load("hdfs://master:9000

/mydata/stroke/Stroke.csv", schema=labels,Header=True) 

df_stroke.createOrReplaceTempView("StrokeTable") 

#create quantile dataframe and handle outlier 

def quantile(e): """Input is dataframe and return new 

dataframe with value of quantile from numerical columns""" 

percentiles = [0.25, 0.5, 0.75] 

quant=spark.createDataFrame(zip(percentiles, 

*e.approxQuantile(numcol, percentiles, 0.0)), 

['percentile']+numcol) #calculate quantile from pyspark 
dataframe, 0.0 is relativeError, #The relative target 

precision to achieve (>= 0). If set to zero, #the exact 

quantiles are computed, which could be very expensive #and 

aggregate the result with percentiles variable, #then 

create pyspark dataframe return quant 

#function to calculate uppler side def upper_value(b,c): 

"""Input is quantile dataframe and name of numerical column 

and Return upper value from the column""" q1 = 

b.select(c).collect()[0][0] #select value of q1 from the 

column q2 = b.select(c).collect()[1][0] #select value of q2 

from the column q3 = b.select(c).collect()[2][0] #select 

value of q3 from the column IQR=q3-q1 #calculate the value 

of IQR upper= q3 + (IQR*1.5) #calculate the value of upper 

side return upper 

#function to calculate lower side def lower_value(b,c): 

"""Input is quantile dataframe and name of numerical column 

and Retrun lower value from the column""" q1 = 

b.select(c).collect()[0][0] #select value of q1 from the 

column q2 = b.select(c).collect()[1][0] #select value of q2 

from the column q3 = b.select(c).collect()[2][0] #select 

value of q3 from the column IQR=q3-q1 #calculate the value 

of IQR lower= q1 - (IQR*1.5) #calculate the value of lower 

side return lower 

#function for replacing outlier by upper side 

def replce_outlier_up2(d,col, value): 

    """Input is name of numerical column and it's upper sid

e value""" 
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    d=d.withColumn(col, F.when(d[col] > value , value).othe

rwise(d[col])) 

    return d 

#function for replacing outlier by lower side  

def replce_outlier_low2(d,col, value): 

    """Input is name of numerical column and it's lower sid

e value""" 

    d=d.withColumn(col, F.when(d[col] < value , value).othe

rwise(d[col])) 

    return d  

#call function to calculate lower side and replace value un

der lower side with value lower side at all numerical varia

bles 

for i in numcol: 

    lower=lower_value(quantile,i) 

    df_stroke=replce_outlier_low2(df_stroke, i, lower) 

#call function to calculate upper side and replace value ab

ove upper side with value upper side at all numerical varia

bles 

for x in numcol: 

    upper=upper_value(quantile,x) 

    df_stroke=replce_outlier_up2(df_stroke, x, upper) 

#handle imbalanced data  

X = df_stroke.toPandas().filter(items=['Gender', 'Age', 

'Diabetes','Hypertension','Heart_disease','Smoking_history'

,'BMI']) Y = df_stroke.toPandas().filter(items=['Stroke']) 

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, t

est_size=0.1, random_state=0) sm = SMOTE(random_state=14, r

atio = 'auto', kind = 'regular') x_train_res, y_train_res = 

sm.fit_sample(X_train, Y_train) 

print('Resampled dataset shape {}'.format(Counter(y_train_r

es)))) dataframe_1 = pd.DataFrame(x_train_res,columns=['gen

der', 'Age','Diabetes','Hypertension','Heart_disease','Smok

ing_history','BMI']) dataframe_2 = pd.DataFrame(y_train_res

, columns = ['Stroke']) # frames = [dataframe_1, dataframe_

2] 

Appendix-C: Feature Engineering and Data Splitting 

column_vec_in = ['Gender'] column_vec_out = ['genderVec'] i

ndexers = [StringIndexer(inputCol=x, outputCol=x+'_tmp') fo

r x in column_vec_in ] encoders = [OneHotEncoder(dropLast=F

alse, inputCol=x+"_tmp", outputCol=y) for x,y in zip(column

_vec_in, column_vec_out)] tmp = [[i,j] for i,j in zip(index

ers, encoders)] tmp = [i for sublist in tmp for i in sublis

t] # prepare labeled sets cols_now = ['gender', 'Age', 'Dia

betes', 'Hypertension', 'Heart_disease', 'Smoking_history', 

'BMI'] assembler_features = VectorAssembler(inputCols=cols_

now, outputCol='features') labelIndexer = StringIndexer(inp

utCol='Stroke', outputCol="label") tmp = [assembler_feature
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s, labelIndexer] pipeline = Pipeline(stages=tmp) # split da

taset(trainingData,testData) = assembled .randomSplit([0.7,

0.3], seed=12636) 

print("Distribution of Stroke and Non-Stroke in trainingDat

a is: ", trainingData.groupBy("label").count().take(3)) 

Appendix-D: Model Training and Evaluation 

 # train decision tree model 

dt = DecisionTreeClassifier(labelCol="label", featuresCol="

features", maxDepth=25, minInstancesPerNode=30, impurity="g

ini") 

%time model = pipeline1.fit(trainingData) 
CPU times: user 10 ms, sys: 0 ns, total: 10 ms Wall time: 5.95 s 

from pyspark.ml import PipelineModel  

model.save("/path/to/model_dt 

pipeline1 = Pipeline(stages=[dt]) #Evaluate model by calcul

ating accuracy and area under curve (AUC) 
dt_result =model.transform(testData) 

dt_eval = BinaryClassificationEvaluator(rawPredictionCol="p

robability", labelCol="label") 

dt_eval2= MulticlassClassificationEvaluator(predictionCol="

prediction", labelCol="label") 

dt_AUC  = dt_eval.evaluate(dt_result) 

dt_ACC  = dt_eval2.evaluate(dt_result, {dt_eval2.metricName

:"accuracy"}) 

print("Decision Tree Performance Measure") 

print("Accuracy = %0.2f" % dt_ACC) #Hyperparameter tuning e

valuation 

paramGrid = (ParamGridBuilder() .addGrid(dt.maxDepth, [2, 5

, 10, 20, 30]) .addGrid(dt.maxBins, [10, 20, 40, 80, 100]) 

.build()) evaluator = BinaryClassificationEvaluator(rawPred

ictionCol="probability", labelCol="label") cv = CrossValida

tor(estimator=dt, estimatorParamMaps=paramGrid, evaluator=e

valuator, numFolds=10) # Run cross validations. This can ta

ke about 6 minutes since it is training over 20 trees! cvMo

deldt = cv.fit(trainingData) predictions = cvModeldt.transf

orm(testData) evaluator.evaluate(dt_result) 

lr=LogisticRegression(labelCol='label',featuresCol='feature

s')pipeline = Pipeline(stages=[lr]) 

%time lr_model = pipeline.fit(trainingData) 

CPU times: user 11.8 ms, sys: 0 ns, total: 11.8 ms 

Wall time: 2.16 s 

lr_model.save("/path/to/model_lr") 

lr_result =lr_model.transform(testData) 

#view id, label, prediction and probability from result of 

modelling 

lr_result.select('label', 'prediction', 'probability').show

(5) 

lr_result.groupBy('label', 'prediction').count().show() 

# Calculate the elements of the confusion matrix 
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TN = lr_result.filter('prediction = 0 AND label = predictio

n').count() 

TP = lr_result.filter('prediction = 1 AND label = predictio

n').count() 

FN = lr_result.filter('prediction = 0 AND label <> predicti

on').count() 

FP = lr_result.filter('prediction = 1 AND label <> predicti

on').count() 

# calculate accuracy, precision, recall, and F1-score 

accuracy_lr = (TN + TP) / (TN + TP + FN + FP) 

precision = TP / (TP + FP) 

recall = TP / (TP + FN) 

specificty= TN / (TN + FN) 

F =  2 * (precision*recall) / (precision + recall) 

print('\n precision: %0.3f' % precision) 

print('\n recall: %0.3f' % recall) 

print('\n specificty: %0.3f' % specificty) 

print('\n accuracy: %0.3f' % accuracy_lr) 

print('\n F1 score: %0.3f' % F) 

:paramGrid = (ParamGridBuilder() 

             .addGrid(lr.regParam, [0.1, 0.01]) 

             .addGrid(lr.elasticNetParam, [0.8, 0.7]) 

             .build()) 

evaluator = BinaryClassificationEvaluator(rawPredictionCol=

"probability", labelCol="label") 

cv = CrossValidator(estimator=pipeline, estimatorParamMaps=

paramGrid, evaluator=evaluator, numFolds=10) 

# Run cross validations.  This can take about 6 minutes sin

ce it is training over 20 trees! 

cvModel = cv.fit(trainingData) 

predictions_hyperlr = cvModel.transform(testData) 

evaluator.evaluate(predictions_hyperlr) 

#Create decision tree model to data train 

rf = RandomForestClassifier(featuresCol='features', labelCo

l="label") 

pipeline3 = Pipeline(stages=[rf]) 

%time rf_model =pipeline3.fit(trainingData) 

CPU times: user 16.1 ms, sys: 1.94 ms, total: 18.1 ms 

Wall time: 4.14 s 

#transform model to data test 

rf_result = rf_model.transform(testData) 

rf_model.save("/path/to/model_rf") 

#view id, label, prediction and probability from result of 

modelling 

rf_result.select('label', 'prediction', 'probability').show

(5) 


