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Abstract

The new coronavirus disease (COVID-19) has increased the need for new technologies such as the Internet of Medical
Things (IoMT), Wireless Body Area Networks (WBANS), and cloud computing in the health sector as well as in many areas.
These technologies have also made it possible for billions of devices to connect to the internet and communicate with each
other. In this study, an Internet of Medical Things (IoMT) framework consisting of Wireless Body Area Networks (WBAN5s)
has been designed and the health big data from WBANs have been analyzed using fog and cloud computing technologies.
Fog computing is used for fast and easy analysis, and cloud computing is used for time-consuming and complex analysis.
The proposed IoMT framework is presented with a diabetes prediction scenario. The diabetes prediction process is carried
out on fog with fuzzy logic decision-making and is achieved on cloud with support vector machine (SVM), random forest
(RF), and artificial neural network (ANN) as machine learning algorithms. The dataset produced in WBANS is used for
big data analysis in the scenario for both fuzzy logic and machine learning algorithm. The fuzzy logic gives 64% accuracy
performance in fog and SVM, RF, and ANN have 89.5%, 88.4%, and 87.2% accuracy performance respectively in the cloud
for diabetes prediction. In addition, the throughput and delay results of heterogeneous nodes with different priorities in the
WBAN scenario created using the IEEE 802.15.6 standard and AODV routing protocol have been also analyzed.

Keywords Cloud computing - Fog computing - [oMT - WBANs - Data analytics - Machine learning

1 Introduction

IoMT is one of the sub-branch of the Internet of Things
(IoT) as remote health systems [1]. ToMT comprises wire-
less communication technologies, wearable health devices,
sensor/actuator circuits, remote health monitoring, and
10T software and tools [2]. IoMT aims to construct a smart
framework for healthcare. And also, IoMT framework is a
complex architecture and connects various components that
interact with each other and offers many solutions to end-
users [3]. ToMT enhances real-time health monitoring solu-
tions and human—machine interaction that improves patient
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participation in decision-making [4]. [oMT applications
have significant advantages such as cost reduction in health
systems, real-time interventions in emergencies, and remote
monitoring in pandemic environments [5].

IoMT concept evolves with the existing medical devices,
IoT peripherals, and remote health software and hardware.
As an 10T concept, IoMT devices have internet protocol
(IP) capabilities to communicate with medical profession-
als and healthcare personnel via online servers [6]. Another
key issue for IoMT is that it generates massive health data.
Big health data from the IoMT devices are stored in local or
cloud databases [7]. For the analysis of big data, advanced
algorithms should be used with the help of machine learn-
ing, deep learning, and artificial intelligence for classifica-
tion, correlation, or prediction [8, 9].

With the aforementioned specifications of the IoMT, the
basic components of [oMT can be given in Fig. 1. People
under surveillance are equipped with various sensor circuits
on/in/around their bodies. The sensor nodes sense the vital
signs with the help of their capabilities and they have wired
or wireless communication utilities. In addition, the sensors
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Fig. 1 IoMT components
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are programmed with continuous or event-driven detection
tasks of vital signs. A coordinator node has the control of
a body’s sensors as a central node. It collects the data from
the sensors as a gateway to send to other components of
IoMT. Essentially, the coordinator can be a personal com-
puter (PC), smartphone, tablet, or a regular sensor node [10].
IEEE 802.15.6 standard which is the special and significant
sensor network component of the IoMT calls the coordi-
nator a HUB node [11]. The details of IEEE 802.15.6 as
the WBAN standard will be explained in the following sec-
tions. The coordinator has some superior capabilities such
as 4G/5G, Wi-Fi, and Bluetooth connections. The most
important task of a coordinator is to send collected data to
the remote centers. The remote center can be a secondary
storage, database, monitoring device, fog, or cloud comput-
ing node. At this stage, if necessary, big data analysis begins.

Every day, thousands of people die from late diagnosis
or are late for treatment. Real-time IoMT framework that
consists of health sensor nodes, data gathering, and data
analysis with computing capabilities is a necessity for imme-
diate intervention and early diagnosis. For these purposes,
we propose an [oMT framework with the components and
functions mentioned above. For this purpose, first of all,
Riverbed Modeler simulation software performs intra/inter-
WBAN communications with all required design parame-
ters. Next, a gateway with socket programming capabilities
forwards the generated health data from Riverbed Modeler
to other IoMT peripherals. And then, the diabetes prediction
algorithms are performed in fog and cloud nodes. Finally,
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the prediction results are given. The contributions of the
proposed study can be summarized as follows:

e An IoMT framework is designed with important compo-
nents and functions such as fog and cloud node capabili-
ties.

e Real-time data has been obtained from WBANS in Riv-
erbed Modeler for a more realistic performance analysis
of IoMT.

e Real-time analysis is carried out with fuzzy logic and
machine learning models.

e Intra and inter-WBAN communications (IEEE 802.15.6
standard) are modelled as essential components of the
IoMT framework with all functions.

The organization of the paper is as follows: The related
works are given in Section 2. In Section 3, the proposed
IoMT framework with all components is explained in detail.
The performance evaluation is examined in Section 4. The
conclusions are in the last section.

2 Related works

There are various studies on IoMT, diabetes data analysis,
fuzzy logic, and machine learning algorithms in the litera-
ture, but these issues have not been discussed together. In
this study, we propose an [oMT framework that includes all
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the topics mentioned above, as well as the concepts of fog
and cloud.

Niswati et al. [12] proposed a fuzzy logic—based deci-
sion support system that diagnoses a person’s diabetes risk
using five variables: glucose, diastolic blood pressure, body
mass index, and family history of diabetes 2 h after a meal.
The decision support system is programmed in MATLAB
according to the Mamdani inference method. In addition, a
graphical user interface (GUI) has been developed for the
use of the system. Experimental results show that the deci-
sion support system works with 100% correct diagnosis.
Bressan et al. [13] propose an automatic fuzzy classification
system showing the diabetes mellitus type 2 glycemic index
level. The fuzzy-based system shows the glycemic index
level in four different ways: decrease a lot, decrease, stable,
and increase. In addition, the decision tree (DT) algorithm is
used as a support in the decision system while fuzzy classifi-
cation is made. The results show that the fuzzy classification
system is promising and helps the decision-making process
of doctors. Zou et al. [14] performed analyses predicting
diabetes mellitus using hospital physical examination data in
Luzhou, China. They used RF, DT, and neural network (NN)
classification algorithms to predict diabetes mellitus. In the
evaluation using fivefold cross-validation, the RF algorithm
has the best prediction result with 80% accuracy.

Muhammad et al. [15] used logistic regression (LR),
SVM, K-nearest neighbor (k-NN), RF, naive Bayes (NB),
and gradient boosting (GB) to develop a prediction model
with supervised machine learning algorithms using type 2
diabetes data from Kano Murtala Mohammed Specialist
Hospital in Nigeria. In the predictions made in the study,
the RF algorithm has the best performance with an accuracy
rate of 88.76%. Yuvaraj and SriPreethaa [16] developed a
Hadoop-based application for the classification of diabe-
tes. In practice, they proposed a model using three different
machine algorithms for classification: NB, DT, and RF. In
the study using Pima Indians diabetes data, the RF algorithm
made the best classification with 94% accuracy.

Ramesh et al. [17] proposed an [oT-based framework for
the early diagnosis of diabetes by combining health data
from personal health devices and smart wearables. In their
study, there is a model in which the SVM classification algo-
rithm is used for the prediction of diabetes. In their proposed
framework, the results of accuracy, sensitivity, and specific-
ity performance measurements were obtained as 83.20%,
87.20%, and 79%, respectively, with the tenfold cross-vali-
dation method. Tan and Halim [18] proposed an IoT-based
remote health monitoring system that predicts diabetes and
kidney disease in their study. In the architecture of their
proposed system, some sensors measure three basic vital
values such as body temperature, pulse, and blood pressure.
The data received from the sensors are stored in the cloud
structure of the system and disease prediction is made. ANN

algorithm is used for disease prediction. The accuracy rates
of diabetes and kidney disease predictions were 90.54% and
87.88%, respectively.

Devarajan et al. [19] proposed a fog-assisted real-time
health system to predict the user’s diabetes risk. In their
proposed health system, physiological values are transmitted
to the cloud server via IoT smartphones for continuous real-
time monitoring. The prediction is made with the J48Graft
decision tree algorithm to determine if the blood sugar is
at the risk level in the fog layer. When the experimental
results are examined, the J48Graft decision tree predicts the
risk level of diabetes with a high classification accuracy of
98.56%. In addition, it is seen that the proposed system is
successful in terms of energy efficiency, estimation accu-
racy, computational complexity, and latency. Abdel-Basset
et al. [20] proposed a new IoT-based framework for detecting
and tracking type 2 diabetes patients. Their proposed frame-
work consists of three main layers: wearable IoT sensors, fog
layer, and cloud layer. WBAN and mobile applications are
used to monitor the physiological changes of the users and
to collect the data changed. In order to detect whether the
user has diabetes, a new hybrid decision support system has
been developed within the proposed framework and analyses
have been carried out with the decision support system. As
aresult of the analysis, it was seen that the proposed system
gave positive results.

Khan et al. [21] proposed an IoMT-based smart monitor-
ing system that can be used by anyone exposed to COVID-
19. The system was developed with the MATLAB tool
using the Mamdani fuzzy inference method. The proposed
system will collect user data directly related to COVID-19,
assess the health status, and inform whether there is a need
to consult a specialist for quarantine. The accuracy of their
system is about 83%. Otoom et al. [22] proposed a real-time
COVID-19 detection and monitoring system. The proposed
system has been developed to detect suspected COVID-19
cases early, monitor treatment, and understand the disease.
In addition, the IoT framework is used to collect real-time
symptom data. The system consists of five components:
Symptom Data Collection and Uploading, Quarantine/Iso-
lation Center, Data Analysis Center, Health Physicians, and
Cloud Infrastructure. In order to detect COVID-19 cases,
SVM, NN, NB, k-NN, Decision Table (DeT), Decision
Stump (DS), OneR, and ZeroR classification algorithms are
used in the system. The results show that five of these eight
algorithms achieved an accuracy of over 90%.

Kumar and Gandhi [23] proposed a health monitoring sys-
tem to store and analyze large volumes of data from wearable
IoT sensors. Their proposed system consists of a three-layer
architecture: data collection, data storage, and data analyt-
ics. The first layer collects the data generated by the IoT sen-
sors. The second layer stores large volumes of sensor data
using Apache HBase. Finally, the third layer analyzes heart
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diseases by analyzing with LR-based model using Apache
Mahout. Receiver-operating characteristic (ROC) analyses are
performed in the system to detect heart diseases. Kamara-
jugadda et al. [24] proposed a new IoMT-based healthcare
system using the Biogeography-based Optimization-Support
Vector Machine (BBO-SVM) model for heart disease pre-
diction. The proposed model includes parameter settings of
the SVM using the BBO algorithm. Statlog Heart Disease
dataset is used to evaluate the proposed model. In the detailed
analysis, their proposed BBO-SVM model achieved positive
results with 89.26% accuracy, 88.33% sensitivity, 87.60%
recall, 87.96% F-score, and 78.27% Kappa values. Khan
and Algarni [25] proposed an IoMT system for the diagno-
sis of heart disease using Modified Salp Swarm Optimiza-
tion (MSSO) and Adaptive Neuro-Fuzzy Inference System
(ANFIS). In their proposed system, Levy Flight algorithm
was used in the data preprocessing stage to make the analy-
ses more effective. According to the analysis results, the pro-
posed system predicts heart disease with 99.45% accuracy
and 96.54% precision.

A summary of the comparative analysis of the relevant
studies, along with the proposed study, is provided in
Table 1. Studies based on diabetes and other diseases are
given in [25, 26]. When the related studies are examined,
there is no study similar to the framework proposed in our
study. The proposed IoMT framework has superior features
such as fog and cloud computing capabilities and an expand-
able application environment by intra-inter-WBAN com-
munications, especially in pandemic situations. Both fuzzy
logic and machine learning algorithms are considered for the
performance evaluation and also real-time diabetes predic-
tions are carried out in the proposed framework.

Table 1 Comparative analysis of the related work

3 The proposed loMT framework

The proposed IoMT framework consists of intra-WBANS,
inter-WBAN communications with IoT capabilities, and
fog and cloud components with diverse diabetes predic-
tion capabilities as can be seen in Fig. 2. For more realis-
tic performance analysis, intra-WBAN and inter-WBAN
structures are built-in Riverbed Modeler. Riverbed
Modeler simulation environment generates WBAN data
(health big data) for diabetes prediction. Each WBAN
has various body sensor nodes and a coordinator node as
intra-WBAN. While the intra-WBAN structure consists of
a set of body sensors and a coordinator, the intra-WBANs
come together to form the inter-WBAN. Also, there are
several WBANSs in the environment that are capable of
communicating with each other as inter-WBAN. In Fig. 2,
each human body is equipped with body sensors and the
coordinator illustrates the intra-WBAN structure and all
these structures which are able to communicate among
themselves construct the inter-WBAN. The health data
produced in WBANSs are transmitted to fog and cloud
components for diabetes prediction. The fog component
is deployed near the WBAN environment and is capable
of predicting diabetes illness with the help of fuzzy logic.
The cloud component is far from the WBANSs and can be
reached with inter-WBAN communications. The cloud
component is capable of predicting diabetes illness with
the help of machine learning. The fog components provide
robust and real-time predictions and the cloud compo-
nent deliver time-consuming processes with more accu-
rate predictions because of performing complex analyses

No Authors Type of disease Machine learning Fuzzy logic Fog/cloud IoT
1 Niswati et al. [26] Diabetes Vv x X
2 Bressan et al. [13] Diabetes DT \/ X X
3 Zou et al. [14] Diabetes RF, DT, NN X X X
4 Muhammad et al. [15] Diabetes LR, SVM, k-NN, RF, NB, GB X X X
5 Yuvaraj and SriPreethaa [16] Diabetes NB, DT, RF X X X
6 Ramesh et al. [17] Diabetes SVM X Vv Vv
7 Tan and Halim [18] Diabetes and kidney ANN X Vv Vv
8 Devarajan et al. [19] Diabetes J48Graft X Vv Vv
9 Abdel-Basset et al. [20] Diabetes X Vv Vv
10 Khan et al. [21] COVID-19 Vv v X
11 Otoom et al. [22] COVID-19 SVM, NN, NB, k-NN, DeT, DS,  x \/ \/
OneR, ZeroR

12 Kumar and Gandhi [23] Heart disease LR X \/ \/
13 Kamarajugadda et al. [24] Heart disease BBO-SVM X \/ \/
14 Khan and Algarni [25] Heart disease \/ \/ X
15 The proposed framework Diabetes ANN, SVM, RF \/ \/ \/
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Fig.2 The proposed IoMT architecture

such as machine learning algorithms. In our simulation
scenario, while the fog components are positioned close
to the WBAN:Ss, the cloud component is located away from
the WBANS as can be seen from Fig. 2.

The overall topology of the proposed framework is
illustrated in Fig. 3. A BAN (body area network) consists
of eight health sensor nodes (NO-N7) and a HUB as a
coordinator. Each HUB collects the eight health sensor
data and forwards it to the gateway according to the nodes’
priorities. HUBs also communicate with the nearest fog
component for fuzzy logic—based diabetes prediction. The
BANSs can communicate with other BANs named inter-
WBAN communications thanks to the Ad hoc On-Demand
Distance Vector (AODV) routing algorithm. The cloud
component as can be seen from Fig. 3 only communicates
with the gateway because of its communication coverage.
The cloud component has machine learning capabilities
for diabetes prediction.

In Fig. 4, the details of the proposed IoMT framework
components are illustrated. The main components of the
proposed framework can be summarized as three parts.

UPO / UPO
UP1 UP1
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UP1 UP1
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/ L UP5 )
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First, the big health data generated in Riverbed Modeler
as IEEE 802.15.6 with Carrier Sense Multiple Access with
Collision Avoidance (CSMA/CA)-based WBANS. Second,
the fog component as a near node to WBANS is capable
of fuzzy logic-based diabetes prediction. Third, the cloud
component as a far node to WBANSs is capable of machine
learning—based diabetes prediction. The followed subsection
explains the details of the proposed framework components.

3.1 IEEE 802.15.6 WBAN of the loMT framework

IEEE 802.15.6 standard defines all communication rules for
WBAN structures. CSMA/CA-based medium access con-
trol mechanism with a priority-based approach on 2.4 GHz
Industrial, Scientific, and Medical (ISM) bands is utilized in
WBAN:S. Eight priorities represent the eight health sensor
nodes as shown NO...N7 in the simulations and a coordina-
tor node called HUB collects the data from sensors.
Riverbed Modeler is a simulation program that is capable
of modelling ad hoc and infrastructure networks with all spec-
ifications. For health data generation, IEEE 802.15.6-based
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Fig.3 Topology of the pro-
posed IoMT framework
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WBANSs are modelled in Riverbed Modeler with Proto-C pro-
gramming language. Each sensor node in WBAN:S is capable
of producing specific sensor values and the HUB is responsi-
ble for gathering health data from sensor nodes.

The priorities that are divided into eight different access
categories in the IEEE 802.15.6 standard are shown in
Table 2. These different types of traffic are separated as
urgent data, high priority medical data or network control,
medical data or network control, voice, video, excellent
effort, and best effort. Also, these different data traffics per-
form user preference with minimum and maximum conten-
tion window (CW) values for the CSMA/CA mechanism.

3.2 Fog side of the loMT framework

Node with fog computing capability is located between
data source and cloud. So, the fog node is located near the
WBANSs. Fog computing provides data analysis and stor-
age locally unlike transferring data to a central server. Also,
fog computing has limited operations for faster decisions
because, in some applications, data may need to be pro-
cessed as quickly as possible. Fog computing comes into
prominence with the IoT concept nowadays.

In light of the above-mentioned advantages of fog com-
puting, we propose a fog computing node structure for fast
decisions with limited data in diabetes prediction. Five
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different health data as glucose, blood pressure, body mass
index, diabetes pedigree function, and pregnancy number
are processed for analyzing diabetes as positive or negative.
For the decision process of diabetes, fuzzy logic has been
utilized in the fog computing node.

Fuzzy logic as a subset of artificial intelligence resembles
the human decision-making procedure and deals with vague
and imprecise information. The decision-making process is
done with taking into account some related quantities as
fuzzy system inputs. The inputs are processed with the fuzzy
logic system components with the rule base and membership
functions. Fuzzy logic is a rule-based system that can trust
the practical experience of experts.

The fuzzy logic block diagram is given in Fig. 5 con-
sisting of fuzzifier, knowledge base, inference engine, and
defuzzifier units. The fuzzifier is the method of transforming
a crisp quantities such as 50, 150, and 200 into fuzzy quanti-
ties such as normal, medium, and abnormal. The knowledge
base is a collection of fuzzy IF-THEN rules. The inference
engine uses the IF-THEN rules along with OR or AND
operations for operating decision rules. The defuzzifier is
the inverse of fuzzifier and converts the fuzzy results into
crisp results.

The proposed fuzzy logic structure has five inputs as
plasma glucose concentration, blood pressure, body mass
index, diabetes pedigree function, and pregnancy number



Medical & Biological Engineering & Computing (2023) 61:1133-1147

IEEE 802.15.6
WBANS

[
|
|
Fog :
|
[
|
|
|

Cloud

|

|

b |

Diabetes |

=—<F--- - .
- (m ni) |

|

|

|

) §8kafka. Spoﬁlg o i

Fig.4 The main components of the proposed IoMT framework

Table 2 User priority mapping (D, data; M, management)

P Traffic Packet type ~ CSMA/CA
CWoin CWoe

0 Background D 16 64

1 Best effort D 16 32

2 Excellent effort D 8 32

3 Video D 8 16

4 Voice D 4 16

5  Medical data D/M 4 8

6 High priority medical data ~ D/M 2 8

7  Emergency D 1

as can be shown in Table 3. These values were chosen by
taking reference from the studies in the literature [26]. Each
input has three linguistic variables as abnormal, medium,
and normal states. In the proposed fuzzy logic system, three
membership functions define each variable. All membership
functions have been constructed with intervals and their val-
ues as stated in Table 3.

In Table 4, some of the proposed fuzzy logic rules are
given and there are 243 possible rules in the system. Each
row in Table 4 has six columns and the top five columns are
the inputs and the last column diagnoses diabetes as output.
The proposed fuzzy logic—based diabetes prediction system
with the aforementioned specifications can predict diabetes
illnesses with 64% probability. This probability has been
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Fig.5 The fuzzy logic block
diagram
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Table 3 The dataset features and value intervals sources and much more clients can be served in cloud
Data Linguistic variable Interval computing nodes.
In the light of the above-mentioned advantages of cloud
Plasma glucose concentration  Abnormal 187-232 computing, we propose a cloud computing node structure for
at 2h (PGC) high capacity calculations with non-limited data in diabetes
Medium 141-186 prediction. Eight different health data as pregnancy number,
o Normal 44-140 glucose, blood pressure, skin thickness, insulin, body mass
Dg;t)o(lg]f;;md Pressure (mm  Abnormal 92-122 index, diabetes pedigree function, and age are processed for
Medium $1.91 analyzing diabetes positive or negative. For the decision
Normal 3080 process O.f diabetes, SVM, R.F? and ANN as machine learn-
Body Mass Index (BMI) Abnormal 3467 ing algorithms have been utlhlzed. Apgche Spa'rk [27] apd
Medium 2633 Apache Kafka [28] software with machine learning libraries
Normal 18-25 run in the cloud cc?mputing node. .
Diabetes Pedigree Func- Abnormal 0.54-2.29 .Apache Spark isa popular data processing frame.work
tion (DPF) built to be reliable, fast, highly fault-tolerant, and consistent
Medium 0.50-0.53 with Hadoop [27, 29, 30]. Apache Spark offers a distributed
Normal 0.08-0.49 architecture and analysis framework that can handle very
Number of Pregnancy (NOP) ~ Abnormal 10-17 large datasets [27]. The most important feature of Apache
Medium 5.9 Spark is that it can perform in-memory calculations. It uses
Normal 0-4 random access memory (RAM) for computation rather than

found after a hundred trials. The fuzzy-based system has
been able to predict diabetes correctly in 64 of 100 trials.

3.3 Cloud side of the loMT framework

Cloud computing gives better facilities than fog computing
because its capabilities are much more with high capacity
calculations and storage. Cloud computing also provides
networking, data analytics, various software, and artifi-
cial intelligence/machine learning—based specifications.
Besides, cloud computing nodes are far from the data
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accessing the slow hard disk. It works by distributing the
workload in parallel, rather than executing transactions seri-
ally when processing big data [31]. Additionally, Apache
Spark supports rich libraries, including Spark SQL for SQL,
MLIib for machine learning, GraphX for graph processing,
and Spark Streaming. Spark’s ecosystem is shown in Fig. 6.

Apache Spark is compatible with Hadoop elements such
as Hadoop Distributed File System (HDFS) and Hive and
can run on a Hadoop cluster using YARN. Apache Spark is
written in Scala and uses the Java Virtual Machine (JVM).
However, it also supports languages such as Scala, Java,
SQL, Python, and R. However, analyses can be performed
using different machine learning algorithms included with
MLIib, other ML libraries [32].
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Table 4 Fuzzy logic rules with

N - PGC DBP BMI DPF NOP Prediction
linguistic variables
NORMAL NORMAL NORMAL NORMAL NORMAL NEGATIVE
ABNORMAL ABNORMAL ABNORMAL ABNORMAL ABNORMAL POSITIVE
NORMAL NORMAL NORMAL MEDIUM MEDIUM NEGATIVE
MEDIUM NORMAL ABNORMAL NORMAL NORMAL POSITIVE
MEDIUM NORMAL MEDIUM MEDIUM NORMAL NEGATIVE
MEDIUM NORMAL MEDIUM ABNORMAL ABNORMAL POSITIVE
MEDIUM MEDIUM MEDIUM NORMAL NORMAL NEGATIVE
ABNORMAL MEDIUM NORMAL MEDIUM MEDIUM POSITIVE
NORMAL NORMAL MEDIUM MEDIUM ABNORMAL NEGATIVE
NORMAL ABNORMAL MEDIUM ABNORMAL ABNORMAL POSITIVE
to collect large amounts of data received from the data
Spark Spark MLlib GraphX source and transfer it to other systems with a delay of
SQL Streaming milliseconds in real time [28]. Cloud computing node

Spark Core API

!Scala é > Java @ python R

Fig.6 Apache Spark ecosystem

Apache Kafka is a distributed data streaming plat-
form developed by LinkedIn to enable the fast and error-
free transfer of data from one system to another. It has
a flexible architecture that is fault-tolerant and can be
scaled horizontally. The main purpose of using Kafka is

Fig.7 Cloud side of the loMT
framework
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structure as seen in Fig. 7 consists of two components
as offline and online models. Each component will be
explained in detail.

3.3.1 Offline model

The purpose of this component is to develop a model that
provides the highest possible accuracy for diabetes pre-
diction. ANN, SVM, and RF classification algorithms are
used to create the offline model. The component consists of
three stages: data preprocessing, classification algorithms,
and evaluation of classification algorithms. Figure 7 gives
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the architecture of the components that the construct of the
offline model.

a)

b)

Data preprocessing

This stage is one of the necessary steps for data to
be used effectively in machine learning classification
algorithms. For this reason, the values in the diabetes
dataset are taken first in the offline model and the data
is pre-processed. In the data preprocessing phase of this
study, VectorAssembler, StringIndexer, ChiSqSelector,
and MinMaxScaler operations are applied.

VectorAssembler is used to vectorally combine fea-
tures used in training and predicting ML models in a
single column. StringIndexer is used to define the prop-
erties to be used in ML models as categorical variables
or to convert text data to numerical data while preserv-
ing the categorical context. ChiSqSelector is used to
select the important features from the input features. It
is provided by the Spark ML library. ChiSqSelector uses
the chi-square independence test to identify the features
that are important. In the study, the first 5 features given
by the numTopFeatures parameter in ChiSqSelector are
selected. Finally, the MinMaxScaler scaler is used to
normalize the input features. MinMaxScaler scales data
in all features from O to 1.

Classification algorithm

Machine learning classification models have been
used to predict diabetes. Three popular classification
algorithms, ANN, SVM, REF, are applied to train and
test the diabetes dataset. Also, Apache Spark’s MLIlib
library is used to implement classification algorithms.
Here, training data is used to train models and test data
is used to evaluate models. ANN is a mathematical
model that consists of a large number of simple, highly
interconnected processing elements (neurons) to solve
a problem. One advantage of a neural network is that it
can model various response surfaces when given a suf-
ficient number of hidden nodes. There are several types
and architectures of neural networks [33]. In this study,
Multilayer Perceptron Classifier (MLPC) model is used.
This type of networking has an input layer, two hidden
layers, and an output layer.

SVM is a classification method introduced by Boser,
Guyon, and Vapnik in 1992 [34]. The SVM classifier
is widely used due to its high accuracy and ability to
handle high-dimensional data. The SVM training algo-
rithm aims to find a hyperplane that divides the dataset
into different numbers of predefined classes consistent
with training examples [35]. In this study, linear support
vector machine (LinearSVM) model from Apache Spark
MLIib library is used. Linear SVM supports binary clas-
sification.

@ Springer
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RF is a supervised machine learning classification
algorithm. There is a direct relationship between the
number of trees in the algorithm and the results it can
achieve. As the number of trees increases, a precise
result is obtained. The difference between the RF algo-
rithm and decision tree algorithm is that finding root
node and splitting nodes in RF is random and there is a
probabilistic calculation for the process in the DT [36].

In this study, the parameters of the classifiers used
from the Apache Spark MLIib library are given in
Table 5.

Evaluation of classification algorithms

The K-fold cross-validation method has been used to
achieve the best accuracy in the classification model.
A tenfold cross-validation process has been chosen in
the study. In K-fold cross-validation, the dataset splits
the dataset into k equal-size folds. The k-1 folds are
used for training the model and testing the model with
the remaining fold. This process (training and testing
cycle) is repeated until each fold has been used to test
the model. In addition, the accuracy of the model is cal-
culated for each fold. The average accuracy calculated at
the end of a tenfold process is used in the evaluation of
the model. However, classification models were evalu-
ated with accuracy, recall, precision, and F1-score qual-
ity measures. In addition, the receiver-operating charac-
teristic (ROC) curve has been used in the evaluation.

People without diabetes were accepted as a positive class

and people with diabetes as a negative class. Here,

True positive (TP)—the number of people who are pre-
sumed to have no diabetes but actually do not have dia-
betes.

False positive (FP)—the number of people who are not
presumed to have diabetes but actually have diabetes.
True negative (TN)—the number of people who are pre-
dicted to have diabetes but actually have diabetes.

False negative (FN)—the number of people who are
predicted to have diabetes but actually do not have
diabetes.

Table5 The parameters of classification algorithm

Classification Parameters

algorithm

ANN layers=[2, 5-7], seed=1

SVM maxIter =100, regParam =0.001, standardiza-
tion="True

RF maxBins =10, maxDepth =35, impurity = "gini",

numTrees=10, seed=1
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The performance metrics are defined below [3]:

Accuracy The ratio of occurrences that the classification
algorithms categorize correctly. It means the ratio of cor-
rectly estimated samples to the total number of samples.

TP + TN |
TP+ TN + FP + FN M

Accuracy =

Recall The ratio of predicted positive samples to total posi-

tive samples. Recall is the total number of correct predic-

tions for a given diabetes divided by the total number of

samples that should have been predicted as that diabetes.
TP

Recall = ————

A= TPIEN @
Precision The ratio of true positive to all samples classified
as positive. Precision is the total number of correct predic-
tions for given diabetes divided by the total number of pre-
dictions for that diabetes.

TP

Precision =
recision —TP+FP 3

F1-score Itis the weighted average of precision and recall.

Precision * Recall
F1 — score =2 % — 4)
Precision + Recall

ROC Curve ROC is a probability curve for different classes.
A typical ROC curve has false positive rate (FPR) on the
X-axis and true positive rate (TPR) on the Y-axis. Using the
ROC curve, the curves of different classification models can
be directly compared in general or for different thresholds.
AUC stands for area under the ROC curve. The larger the
AUC area, the better the machine learning models are at
distinguishing given classes. The ideal value for AUC is 1.

The time complexity of the ML algorithms used can
be viewed as a measure of how fast or slow the model
will run for the input size. Usually this analysis is handled
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Fig.8 ANN, SVM, and RF confusion matrix

predicted label

according to the input dimension. The training time com-
plexity of the SVM is given in big O notation as the square
of the input size O(n?) [37]. RF training time complexity is
O(n*log(n)*dimensional*number of Decision Trees) [38] and
time complexity of ANN is O(epochs*n*features*number of
neurons) [39]. The training times for RF, SVM, and ANN are
8.673,57.733, and 22.978 respectively.

3.3.2 Online model

This component is used by analyzing real-time WBAN data
with machine learning algorithms. Real-time data goes
through many stages in this component. The eight differ-
ent WBAN parameters obtained from the Riverbed Modeler
simulation contain the attribute array in the same order as
the training data and this data is sent to the Apache Kafka
topic with the Node-Red flow development tool. The data
coming into Apache Kafka is collected on the relevant topic
as JavaScript Object Notation (JSON) data. After this stage,
Apache Spark takes the WBAN data from the Kafka topic to
analyze it. A machine learning classification model has been
developed to predict diabetes. SVM algorithm, which has
the best accuracy rate performance, was used in the machine
learning model. Finally, by applying the developed model to
the real-time WBAN data, estimation results regarding the
presence or absence of diabetes are obtained.

4 Performance evaluation

The confusion matrix shows the number of correct and
incorrect predictions (also known as the hits and misses)
made by classification models based on actual results in
the data. The confusion matrix is the most used metric for
the performance evaluation of models. In Fig. 8, confu-
sion matrix values resulting from the estimation of ANN,
SVM, and RF classification algorithms are shown. TP,
TN, FN, and FP values given in the confusion matrix are
used to calculate the performance values (accuracy, recall,

g
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8
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Fig.9 Classification algorithms
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precision, F1-score) of the ANN, SVM, and RF classifica-
tion algorithms.

When the performances of the classification algorithms
are examined in Fig. 9, it is seen that SVM with 89.5% accu-
racy, 95.4% precision, and 90.1% F1-score values has the
best performance. Also, ANN has the lowest performance
with 87.2% accuracy, 88.4% precision, and 87.4% F1-score.
However, all these performance values are directly related
to the dataset used. Therefore, the values that will be recon-
structed with the new values that will be added to the dataset
will affect the performance of these algorithms and the algo-
rithm used in the online model may be different.

The graph of ROC curves of different classification
models is given in Fig. 10. When the ROC curves were
examined, the AUC values of the RF, SVM, and ANN
models were obtained as 0.972, 0.963, and 0.952, respec-
tively, and it was observed that these values were very
close to the value of 1. It is seen that the classification
models used in the detection of diabetes give results close
to an ideal ROC curve.

In the proposed simulation model, each sensor node has
a different priority. The priorities are divided into eight dif-
ferent categories and are determined as N7, N6,..., NO from
the highest to the lowest priority. Therefore, each node is
assigned to a different priority category. A WBAN consists
of eight nodes (each with different priority and different
packet inter-arrival time as N7, N6... NO) and one coor-
dinator node (HUB). WBAN is designed according to the
contention window values specified in the IEEE 802.15.6
standard and the rules defined for medium access. A hetero-
geneous structure has been designed due to the task assigned
to each node (such as temperature, pulse, and heartbeat) and

@ Springer
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packet inter-arrival time. Finally, the source WBAN has to
sort its packets according to their priority and transmit them
to the gateway or sink (destination). Achieving this goal is
subject to coverage limitations in communication technolo-
gies. In other words, the source WBAN that is in the cover-
age area of the target can send its packets directly, while the
WBAN outside the coverage area needs a relay or intermedi-
ate nodes and routing algorithm. In our study, Ad hoc On-
Demand Distance Vector (AODV) routing algorithm, which
is frequently used in the literature, has been performed. In
this way, even if the source WBAN is out of the target’s
coverage area is able to deliver the relevant data packets to
the destination with the help of the AODV routing algorithm



Medical & Biological Engineering & Computing (2023) 61:1133-1147

1145

in a reactive and distributed manner. The parameters used in
our simulation scenario are given in detail in Table 6.

In Fig. 11, the throughput results of the packets transmit-
ted to the destination (gateway) by the source WBAN by
using CSMA-CA-based IEEE 802.15.6 and AODV routing
algorithm are given comparatively according to different
priority nodes. According to the obtained results, there is a
decrease from N7 to N1 node in throughput. This is because
the highest priority node (N7) with a packet inter-arrival
time of 0.25 packet/s transmits more packets to the coordina-
tor. On the other hand, the lowest priority node (NO) with 6
packet/s packet inter-arrival time transmits fewer packets to
the coordinator. Packet inter-arrival time defined for nodes
are given in Table 6. All nodes can transmit their packets to
the destination as a successful result of the medium access
control technique defined in the CSMA/CA-based IEEE

802.15.6 protocol. In addition, WBANS outside the cover-
age area successfully have transmitted their packets to the
destination with the help of the AODV routing algorithm.
In Fig. 12, the delay results are given comparatively
according to different priority nodes. According to the
results obtained, nodes with higher priority have a lower
delay, while lower priority nodes have a higher delay. The
reason for this is the CW ranges are defined for different
priorities in the CSMA/CA-based IEEE 802.15.6 protocol.
Contention window intervals determine the priorities of
the nodes to use the wireless medium to send their packets.
As the contention window interval increases, the delays
of the nodes also increase. Nodes with the lowest conten-
tion window interval can use the wireless medium earlier.
Although this approach is based on the backoff algorithm
in the traditional CSMA/CA protocol, this algorithm has

Table 6 Simulation parameters

Parameter Value

Simulation time 3600 s

Node placement Stationary

Network topology Star

Physical and MAC models CSMA-CA-based IEEE 802.15.6

Routing protocol AODV

Channel frequency and data rate 2.4 GHz and 971.4 kbps

Packet length 100 byte

Number of nodes 16 sensor nodes and
20 coordinator (HUB)

Packet inter-arrival time* N7=0.25s N3=3s
N6=0.5s N2=4s
N5=1s N1=5s
N4=2s NO=6s

“Exponential distribution function

Throughput (bits/sec)

I
2000

1500
Time (sec)

0 500 1000 2500 3000 3500

Fig. 11 Comparison of throughput rates of different priority nodes

1500 2000 2500 3000

Time (sec)

3500

Fig. 12 Comparison of delay results of different priority nodes
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been redesigned as an Alternative Binary Exponential
Backoff in the IEEE 802.15.6 standard. In this way, delay
differences between priorities occurred.

5 Conclusions

Remote health monitoring and diagnosis services are gain-
ing importance day by day. Especially in pandemic situa-
tions, increasing health costs and the number of intensive
care patients, and decreasing empty hospital beds and
the number of healthcare professionals per capita drive
the governments to take precautions. [oMT is a promis-
ing solution for the aforementioned problems. Accord-
ingly, we proposed an IoMT framework with the help of
WBANS, cloud computing, fog computing, fuzzy logic,
and machine learning algorithms (SVM, RF, and ANN) in
a diabetes prediction scenario. We discussed the proposed
IoMT framework with all components. The fuzzy logic
gives 64% accuracy performance in fog and SVM, RF,
and ANN have 89.5%, 88.4%, and 87.2% accuracy perfor-
mance respectively in the cloud for diabetes prediction. RF
is the more successful for diabetes prediction scenario as
a machine learning algorithm. The IoMT approach is built
in the Riverbed Modeler, using the CSMA-CA-based IEEE
802.15.6 protocol and the AODV routing algorithm. The
end-to-end delay and throughput results of heterogeneous
nodes with various priorities are examined comparatively.
In light of the results obtained, it has been determined that
vital data is transmitted to the destination (sink, gateway,
or remote center) with a lower delay and high throughput
rate. The Apache Software provides effective and efficient
performance, especially in real-time applications such as
IoMT frameworks. The developed IoMT framework pro-
vides in communities such as hospitals and nursing homes.
For future works, various machine learning algorithms
and different diseases will be taken into account to build
an [oMT framework for several pandemic and healthcare
applications.
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