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Abstract: Over the last few years, the huge amount of data
represented a major obstacle to data analysis. Big data im-
plies that the volume of data undergoes a faster progress
than computational speeds, thereby demanding a larger
data storage capacity. The Internet of Things (IoT) is amain
source of data that is closely related to big data, as the for-
mer extends to a variety of fields such as healthcare, enter-
tainment, anddisaster control. Despite thedifferent advan-
tages associated with the composition of Big Data analyt-
ics and IoT, there are a number of complex difficulties and
issues involved that need to be resolved and managed to
ensure an accurate data analysis. Some of these solutions
include the utilization of map-reduce techniques, process-
ing, and large data scale, particularly for the relatively less
time that this method requires to process large data from
the Internet of Things. Machine learning algorithms of this
kind are often implemented in the healthcare sector. Medi-
cal facilities need to be advanced so that more appropriate
decisions can be made in terms of patient diagnosis and
treatment options. In this work, two datasets have been
used: the first set, used in the prediction of heart diseases,
obtained an accuracy rate of 84.5 for RF and 83 for J48,
whereas the second dataset is related to weather stations
(automated sensors) and obtained accuracy rates of 88.5
and 86.5 for RF and J48, respectively.

Keywords: Internet of Things (IoT), Big Data, map-reduce,
HDF, Random Forest (RF) algorithm

1 Introduction
Nowadays, internet applications tend to have a vital role in
our daily life, as these can be used in social media commu-
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nication, advertising, recommendation systems, health
care, e-mails, e-learning and many others. The virtual
space provides a suitable platform to put in force differ-
ent applications so as to simplify difficult techniques in
diverse domain names. This is caused by the spread of var-
ious sensor styles and the significant increase in the num-
ber of computers, consequently resulting in the creation
of more data, called the "Internet of Things (IoT)" [2]. Sig-
nificant quantities of internet data are also generated from
other sources, such as videos, texts, and audio fragments
created by users. It has been noticed that the IoT has ben-
efited people in different fields including healthcare, par-
ticularly in terms of preventing medication errors [3]. For
example, there are around 50 billion sensor-based devices
that depend on the internet and it is expected that there
will be over 6.58 devices per individual by 2020 [4].

The use of IoT seems to contribute to the enhance-
ment of the living conditions for many people. A lot of
advantages related to connecting sensor data or network-
ing between sensors are used in a wide range of applica-
tions, including environmental control [5], disaster con-
trol [6], health care [7], and smart system of cities [8]. It
is also of use to scientific societies [9], as the IoT provides
many items for accurate research of data through its ac-
cess to several sensors, thereby supplying various forms of
datasets. On the other hand, by utilizing these “Things”,
we participate in the (big) data flow. IoT can thus be de-
fined as a means of data collecting that provides a stream
of information in vast quantities from billions of Internet-
linked objects [10]

1.1 Big Data Definition and Characteristics

Big data is defined as a substantial volume of data (both
structured and unstructured), with no significance of rep-
resenting the actual amount of data [11].

In 2000, a telescope in New Mexico gathered more
data on earth’s beginnings than had ever been accumu-
lated in thehistory of astronomy.After a decade, its archive
included about 140 terabytes of data. Since 2016, there is
another big survey telescope in Chile, which has been pre-
dicted to gather the same amount of data every 5 days [11].
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More recently, Facebook, a social media platform, stores
over 500 terabytes of data every day whereas the search
engine manages 20 petabytes of data on a daily basis [11].
According to these examples, we are able to quantify the
amount of data the world processes and how fast the data
volume is developing. In 2003, a total of five exabytes of
data had been formed throughout the year by individuals,
whereas nowadays this same amount of data is formed
within two days only. In 2012, the quantity of data in the
digital world has reached over 2.72 zettabytes and has dou-
bled annually since, being extended by a further eight
zettabytes by 2015 [12]. This rapid increase in data quan-
tity, as well as the fact that it becomes more complicated,
makes it hard to use data processing techniques.

Big data has threemajor criteria, described as 3Vs (vol-
ume, velocity and variety). Figure 1 shows these main cri-
teria.

A. Volume: This criterion represents the most immedi-
ate challenge to traditional IT structures.
Many corporations already have massive
amounts of archived data in the shape of
logs, but do not own the ability to process
that data [13]. The advantage gained from
the capacity to process massive amounts
of information is the major attraction of
huge data analytics.

B. Velocity: Velocity refers to the increase in speed
at which the data is created. Increasing
the velocity of data creation leads to the
fast processing, saving, and analyzing of
data [13].

C. Variety: The last aspect refers to the different
data types such as text, audio, pictures,
movies, and many additional unstruc-
tured or semi-structured forms of data [14].
An example would be the communication
through social media platforms on a daily
basis: 900 million photos are shared and
watched on Facebook, five hundred mil-
lion tweets are shared on Twitter, 0.4 mil-
lion hours of video are seen on YouTube,
and 3 billion searches are uploaded to
Google [13]. These numbers could be de-
scribed as a massive data explosion. Huge
amounts of data contribute to such an ex-
plosion, merely by admitting the coming
flow of data and processing it simultane-
ously so that no bottlenecks are produced.

Figure 1: Big data characteristics

1.2 Map-Reduce Programming Model

Map-Reduce runs on several groups of commodity hard-
ware for computing depending on java. It is a typical soft-
ware program layout, run for the processing and manage-
ment of gigantic information sets [15]. The MR model con-
sists of two significant functions: the Map (M) function
that procedures a key-value combination for supplying a
group of couples of intermediate key-value, and the Re-
duce (R) function which completely integrates intermedi-
ate values related with intermediate key. Programs com-
posed in a beneficial model are automatically in paral-
lel and provide substantive trade goods mechanisms that
monitor the division of input files, create the program’s
run across branches of mechanisms, and understand both
the machine fails and the aimed inter-machine communi-
cation. This allowed programmers to create parallel and
divided arrangements, thereby making the resources of
a great number of distributed systems available. Map-
Reduce uses the technique of (GFS) as amain storage layer
to analyze the data of input and then save the data of out-
put [16].

Google file systems are blocks-based and deliver file
system that helps error-tolerance bymeans of information
used in division and repetition. ApacheHadoop is an exter-
nal frame of application of the Map-Reduce algorithm [17].

The Hadoop architecture includes two layers. The first
one is a data storage called Hadoop DFS (HDFS), whereas
the other is an information process called (HadoopMapRe-
duce Framework). Hadoop DFS is a block-structured filing
system controlled by only one master node as Google’s
GFS [18].
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1.3 Hadoop Distributed File System (HDFS)

The Hadoop Distributed File System (HDFS) is the pro-
gramming style that analyzes data byprocessing resources
in the cluster. Every node within a Hadoop cluster takes a
model of the master or slave. Master nodes always include
the name node of the job tracker [19]. Slave nodes often in-
clude both the Data Node and the Task Tracker. The task in
task tracker could be one or more iteration in every cluster.
Figure 2 shows the Hadoop architecture.

Figure 2: Hadoop architecture

2 Related Works
The authors in [20] presented a solution to cope with
the big data that has recently increased, using the tradi-
tional Relational Database Management System (RDBMS).
However, this system became ineffective as it consumes
a large time scale to perform a huge data analysis. There-
fore,Hadoop is nowutilized to overcome the restrictions of
traditional RDBMS through providing simple techniques
which might in turn result in effective data package while
being less time consuming. Furthermore, it becomes an an-
alytical tool through the use of MapReduce, Hive and Pig.

In [21], the MapReduce provides an effective route to
manage a large quantity of data. Through their research,
the authors assessed and verified the IoTDeM, stating that
they were able of successfully reducing the total perfor-
mance time of MapReduce techniques and applications,
with a relatively lower error average of less than ten per-
cent.

In [22], it is stated that cardiovascular and heart dis-
eases are found to be among the major causes of mortality
and morbidity, thus forming the necessity of being able to
predict the occurrence of such diseases. An early detection
could prevent and/or manage such, often fatal, diseases.
In thismatter, datamining techniques such as support vec-
tor machine SVM, KNN, decision tree DT, Naive Bayes NB
and trained neural network NN, are used and a MapRe-
duce technique is performed.

In [23], the authors explained that the creation of data
in web searches is massive, and it continues to develop
rapidly in volume within short time intervals. This data
should be treated and taken in consideration, for which
they suggested the use of an (MR) algorithm that would ar-
range and isolate the various difficulties inweb, eventually
improving the outcomes in the arrival to web sites.

3 The Problem Statement
The huge quantity of data that complicates its processing
within a suitableperiodof time represents amajor problem
of large-scale data. In addition to the longer time needed
to extract the information, there are problems in the actual
analysis of the data that lead to incomplete or inaccurate
results, which in turn impede the building of a robust data
mining model. One of the solutions that have been sug-
gested is the use of MapReduce, as the reduce task has the
ability to decrease the huge amount of data by applying a
certain method of counting them. Other contributions in-
volve the reduction of average time consumption, as well
as obtaining more precise results. In addition, it should
provide a massive storage of data and unlimited process-
ing power [24].

4 The Proposed System
In this research, health data has been used, throughwhich
many common heart diseases are investigated. This data
was taken from the United Kingdom, December 2-5 (2014).
It is an extract from the most common diseases that were
processed by Hadoop2x. Figure 3 shows the main steps of
the proposed system.
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Figure 3: The main steps of the proposed system

4.1 Materials and methods

A) Input Files and Preprocessing
B) Splitting
C) Mapping
D) Shu�ing and Reducing
E) Prediction IoT disease data
F) Evaluation

Step 1 involves the preprocessing of the large IoT data,
which is then input into Hadoop MapReduce. In Step 2,
the data is divided into several blocks by MapReduce. The
function of MapReduce obtained two phases, amap phase
followed by a reduce phase. Step 3 is for the map phase to
process every input instance and create modern key-value
couple. Step 4 requires the Reducer phase to receive the
group of intermediate key-value couples produced by the
mappers as the input, after which it carries out a reducer

task on each one of them to produce the output. The out-
put of reducer is the last output that is isolated in HDFS.
Step 5 continues the process with the Hadoop output for
heart diseases that can be predicted using the machine-
learning model. The Random forest model was utilized
in the exception phase. Step 6 represents the evaluation
phase, which involves the inputting group of data (test
data) on themodel. Theperformance ofMapReduce is eval-
uated using 20 million records, so the data is processed in
a seconds. Algorithm 1-3 show the main steps of the map-
reduce and driver respectively.

4.2 Map Algorithm

The Map task is the first phase in the MapReduce model. It
receives input functions (considered as datasets) and sep-
arates them into minimal sub-functions. After that, any
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computation that may be required is performed on every
sub-function in parallel.

Algorithm 1Map algorithm
Input: IoT data F1, F2, F3,. . . (key, value)
Output: List (key, value)

Begin
1: Open the store map that holds the KEY-VALUE objects
2: Mapper takes (Text Key, Text Value) pairs
3: Read and process that Data as a string
4: Text object to store a word to write to output
5: Get the text and tokenize the word using space as separator
6: For each token, write a key value pair
7: For each words

End

4.3 Reduce Algorithm

The reduce algorithm receives a listing of <Key,
List<Value>> sorted couples from Shu�e task and im-
plements the reduce step. The output of the Mapper class
is utilized like an input via the Reducer class, which seeks
matching couples and reduces them. This phase is the in-
tegration of the Shu�e phase and the Reduce phase. The
Reducer’s task is processing the data that is delivered from
the mapper.

Algorithm 2 Reduce algorithm
Input: (key, list (value))
Output: List (key, value)

Begin
1: The input key =map output key

The input value =map output key
2: Process the key
3: Int count =0
4: For each text key, which represents a word
5: Reduce get a list of longwritable values
6: Sum of those values, and the key-value pair (word, sum)

End

4.4 Drive Algorithm

The driver class allows the user to run a MapReduce func-
tion using input, output, Mapper class, reducer class and
the required set of parameters. The code associated with
the driver class is referred to as driver code. A driver class is
responsible for the execution of the MapReduce functions

by passing various parameters using mapper and reducer
classes, input, output, and others.

Algorithm 3 Drive algorithm
Begin

1: Creating an object of configuration class, which loads the configu-
ration parameters

2: Creating the object of Job class and passing the conf object and
Job name as arguments

3: Setting the jar by finding where a given class
4: Setting the key and vaue class for Job output data
5: Setting the Mapper for the Job and Reduce
6: Setting the Input Format for the Job and output
7: Submitting the Job to the cluster and waiting for its completion

End

4.5 Random Forest

This is a brand word for a staff of decision trees, in which
there are clusters of decision trees (hence the term For-
est). To categorize a modern subject dependent on char-
acters; every tree determines a categorization and the tree
is considered as votes for that category. The random for-
est chooses the categorization that obtains the high votes
(through the trees in this forest) [25].

4.6 Decision tree (j48)

This model produces the basics for the exception of the
target variable. The J48 classier is utilized to determine
the target value of a new symbol that depends on vari-
ous attributes of the data. The inner nodes of the deci-
sion tree indicate the various attributes; but the divisions
between nodes point to the potential values of those at-
tributes, whereas the final nodes establishes the catego-
rization of the target [26].

4.7 Naïve Bayes

The Naive Bayes model is a simple probability algorithm,
which works by calculating the frequency and aggrega-
tions of values in a certain data set. The algorithm uses
Bayes’s theory and supposes that the whole parameter
is independent considering the value of the class vari-
able [27].
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4.8 REPTree

The REPTree algorithm is a rapid decision tree learner that
positions the acquiring of information as the splitting cri-
terion, and clips it using the reduced error clipping way.
TheReducedError Clippingmethodprovides an easier and
more accurate categorization tree [28].

4.9 Performance Evaluation

• Kappa statistic: It is a measurement of how closely
the instances categorized via the machine learning
classifier correspond or match the data labeled as
actual data. The change corrected represents a mea-
sure of correspondence between the categorizations
and the correct categories [29].

• Mean absolute error: It is the collection of the
definitive errors (or deviations) quantity utilized to
measure how close forecasts or exceptions are to the
definitive result.

• Root mean squared error (RMSE): It is the square
root of the mean of the squares of the values. It
squares the errors before themean is calculated, and
the RMSE gives a relatively high weight to big errors.

• Relative Absolute Error: It is the complete abso-
lute errormade relative towhat the error would have
been if the exceptionhad easily been themeanof the
real values.

• Root relative squared error: is the complete
squared error made relative to what the error would
have been if the exception had been the mean of
the absolute value. Like the rootmean-squared error,
the square root of the relative squared error provides
similar dimensions as the expected value.

4.10 Apache Hadoop Computers
Characteristics

This table presents the specifications of each compute
node, IP Address and the count of nodes that represents
master and slave in the Apache Hadoop multi node clus-

Table 1: The specification of the Hadoop compute Node

Node IP Behavior CPU RAM OS type
192.168.0.100 Master Core i5 3.8GB 64-bit
192.168.0.101 Slave 1 Core i5 3.8GB 64-bit
192.168.0.102 Slave 2 Core i3 3.8GB 64-bit

ter. Table 1 shows the characteristics of each node in the
Hadoop.

5 Data Set Description
Throughout the presentwork, twodatasets have beenused
as follows:

5.1 The Heart Disease Data

The data used in this study is the United Kingdom Heart
disease data set available at [30]. The volume of dataset
used is about one million records and it has 24 raw at-
tributes. Six column attributes are used in the study of
6160 records (see Table 2).

Table 2: The description of the heart disease data

Name Type Description
Chest1 Continuous Acceleration from the Chest sensor

(X axis)
Chest2 Continuous Acceleration from the Chest sensor

(Y axis)
Chest3 Continuous Acceleration from the Chest sensor

(Z axis)
ECG1 Continuous electrocardiogram signal (lead 1)
ECG2 Continuous electrocardiogram signal (lead 2)
Count Discrete Count each heart disease
Diagnosis Discrete Diagnoses Classes:

0: null
L1: Standing still (1 min)
L2: Sitting and relaxing (1 min)
L3: Lying down (1 min)
L4: Walking (1 min)
L5: Climbing stairs (1 min)
L6: Waist bends forward (20x)
L7: Frontal elevation of arms (20x)
L8: Knees bending (crouching) (20x)
L9: Cycling (1 min)
L10: Jogging (1 min)
L11: Running (1 min)
L12: Jump front & back (20x)

The dataset that is used involves ten volunteers, for
whom the motions of the body and vital signs have been
recorded when doing twelve daily activities. All datasets
are merged and combined together in a single dataset in
order to be used and processed via theMapReduce. For the
readings, the sensors were used, as these were put on the
person’s chest, left ankle and right wrist. Utilizing them al-
lows us to record movement, called acceleration, via any
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part of the body, as well as the average of turn and mag-
netic field orientation. The measurements are utilized in
order to efficiently record all possible motion, for example,
during major monitoring of the heart. Heart diseases rep-
resent amajor cause ofmortality andmorbidity, as around
25%of the fatal casesworldwide (for both genders) are due
to conditions of the heart. In this research, various arrhyth-
mias (sinus ventricular tachycardia or bradycardia), atrial
fibrillation, ectopic beats were investigated, after which
the consequences of excessive exercise on the readings of
ECG were determined. The frequency of the sample that
is used is fifty hertz, which is enough for recording physi-
cal daily activities. Everyone was registered through video
in one minute. This dataset is recorded in order to gener-
alize well-known physical activities, to show the different
body parts involved in every movement (for example, the
bending of knees and elevation of arms), the density of
the movement (for example sitting and relaxing), as well
as the speed of the motion, as in standing and running.

The motions were recorded under room temperature
of the lab investigator, with the assumption that the volun-
teer is doing their best in these activities.Machine learning
is used, and then the prediction of dataset ismade through
using the algorithmof randomforest. In randomforest, the
physical daily activities are classified into 13 classes (null,
standing still, sitting and relaxing, etc.). The cross valida-
tion feature is used to classify the data randomly.

5.2 The second dataset: Weather Stations
(Automated Sensors)

The data used in this study is the weather data at beaches
along Chicago’s Lake Michigan lakefront, created in 2019
and obtained from the data.gov site. Sensors are used
to capture the determined measurements every hour dur-
ing the summer. The volume of the dataset used is
around 97.000 instances and it has 19 raw attributes. Eight
columns with attributes are used in the study of 4000 in-
stances. The cross-validation feature is used to classify the
data randomly.

6 Results and Discussion
Four computers were used with the simple specification
in the installation process; Java is installed first, then
Hadoop 2x is used because it is faster than Hadoop ver-
sion 1 and had the characteristic of Yarn. Cluster resource
administration and processing are carried out using vari-

ous processing tools. Also, Hadoop 2x has a higher scala-
bility limit i.e. up to 10.000 nodes per cluster, in contrast
to Hadoop 1x that has lower scale nodes, less than 4000
nodes per cluster.

Table 3 explains the empirical outcomes. Several tri-
als have been performed to estimate the achievement and
benefits of various categorization models, so as to identify
patients with heart disease.

Table 3: The results of Prediction diseases with using the Apache
Hadoop for the Heart Disease

Evaluation Criteria Prediction
Random Forest J48

Correctly Classified Instances 3692 3627
Incorrectly Classified Instances 675 740

Accuracy (%) 84.5% 83%

The data presented in Table 3 indicates that the RF
classifier is more accurate and precise than j48, as the
number of correctly classified instances is higher than j48
and the number of incorrectly classified instances is less
than j48. The rate of properly categorized cases is usually
referred to as accuracy. Random Forest is a set of decision
trees that represents effective modeling and tends to be
much stronger than J48 which has one decision tree. The
implementation of the learningmodalities is highly depen-
dent on the training data. Figure 4 shows the comparison
between Random Forest and J48 in terms of numbers, cor-
rect and error instances.

Figure 4: The comparison between Random Forest and J48 for the
Heart Disease

The Kappa statistic refers to unlimited error, and the
root mean squared error is in numeric value only. The rela-
tive absolute error and root relative squared error are show
in percentages for the purpose of reference and evaluation.
The results of the simulation are shown in Table 4.
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Table 4: The statistical evaluation of RF and J48 in Map-Reduce for
the Heart Disease

Evaluation Criteria Prediction
Random Forest J48

Kappa Statistic 0.78 0.74
Mean Absolute Error (MAE) 0.43 0.04

Root Mean Squared Error (RMSE) 0.14 0.17
Relative Absolute Error (RAE) 31.10% 31.08%
Root relative squared error 55.09% 65.75%

Table 4 shows the performance of the Kappa Statis-
tic applied to the RF and J48 classifier technique on the
dataset, with a difference in the size of the training and
testing sets. Kappa Statistic in Random Forest is 0.79 in
spite of usingMapReduce, but RandomForest keeps its po-
sition on top. Random Forest Classifier has minimum er-
rors when Hadoop is used in terms of Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), Relative Absolute
Error (RAE) and Root Relative Squared Error (RRSE) when
compared with other methods. Table 5 explains the empir-
ical outcome after performing many trials to estimate the
achievement and benefits of various categorization mod-
els, so as to predict weather stations using Random forest
and J48 algorithm.

Table 5 illustrates how RF remains on the top in the
second dataset by achieving higher accuracy than j48. It is
shown that the number of correctly classified instances of
RF is higher than j48, and the number of incorrectly classi-
fied instances of RF is less than for j48.

Table 5: The results of predicting weather stations using the Apache
Hadoop

Evaluation Criteria Prediction
Random Forest J48

Correctly Classified Instances 3378 3190
Incorrectly Classified Instances 438 626

Accuracy (%) 88.5% 83.5%

7 Discussion of Results
In practice, the classifiers of Random Forest and J48
achieved better results in the prediction of heart diseases
and weather forecasts than the other classifiers such as
Naive Bayes and REPTree.

Most of the classifiers, including RF, j48, Naive Bayes
and others, have been applied on both datasets (Heart Dis-

ease Data, Weather Stations (Automated Sensors)), and it
was found that RF achieved a more accurate prediction
rate than all other classifiers. Table 6 shows the difference
between the algorithms.

Table 6: The difference between Classification algorithms

Algorithm name First dataset:
Heart Disease Data

(accuracy (%))

Second dataset:
Weather Stations
(accuracy (%))

Random Forest 84.5% 88.5%
J48 83% 83.3%
Naive Bayes 81% 73.3%
RepTree 79.4% 82.8%

Table 7 draws a comparison of periods between the
huge data of IoT heart disease that is used before and af-
ter implementation of Hadoop and machine learning clas-
sifiers. The prediction is performed and the results are
recorded. The results after usingMapReduce are better and
faster than before using this method.

Table 7: The results of time before and after Hadoop for the IoT
Heart Disease Data

Number Number of files Analysis Time (sec)
records
before
Hadoop

Before using
Hadoop apache

After using
Hadoop apache

6160 1 29 sec 18 sec
24640 4 1min 56sec 1min 12 sec
43120 7 3min 23sec 2min 6 sec
61600 10 4min 50 sec min

8 Conclusion
There is a substantial number of classification and cluster-
ing algorithms that process large data IoT heart disease
data, yet there is still a need for an effective and inex-
pensive solution to process big IoT data, as well as to re-
duce the time of processing. In this paper, we have used
a large data of IoT that has been processed by Hadoop.
We have suggested a MapReduce programming paradigm
for analyzing data that produces IoT of huge data. With
the assistance of the Hadoop Technique, we investigated
the MapReduce algorithm in terms of both time and per-
formance. The experimental results show that the MapRe-
duce algorithm in big-scale IoT data processing is practi-
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cal and efficient. Thus, the suggested algorithm is suitable
for huge scale IoT data processing. We proposed a model
to predict diseases of the heart through using data mining
methods. Classifiers such as RF and j48 were utilized in
order to diagnose heart disease patients. The monitoring
records indicated that the RF performance is more precise
when compared to the other categorization ways. The top
model, which depends on the data of patient, is the RF Cat-
egorization, which has an accuracy of 80.56%.
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