\
IINDERSCIENCE PUBLISHERS
V Linking academia, business and industry through research

Hun;f:;hnu!ugv

International Journal of Nanotechnology

~— ISSN online: 1741-8151 - ISSN print: 1475-7435

S % https://www.inderscience.com/ijnt
INSSSS

A novel and intelligent decision-making system for real-time
healthcare tracking using commercial wearable data

Anudeep Peddi, T. Venkata Ramana

DOI: 10.1504/I)JNT.2022.10046771

Article History:

Received: 10 February 2021
Last revised: 07 July 2021
Accepted: 09 July 2021
Published online: 31 May 2023

Copyright © 2023 Inderscience Enterprises Ltd.


https://www.inderscience.com/jhome.php?jcode=ijnt
https://dx.doi.org/10.1504/IJNT.2022.10046771
http://www.tcpdf.org

Int. J. Nanotechnol., Vol. 20, Nos. 1/2/3/4, 2023 151

A novel and intelligent decision-making system for
real-time healthcare tracking using commercial
wearable data

Anudeep Peddi*

Department of Computer Science and Engineering (Data Science),
R.V.R. & J.C. College of Engineering,

Guntur, 522019, Andhra Pradesh, India

Email: peddianudeep88@gmail.com

*Corresponding author

T. Venkata Ramana

Department of Electrical, Electronics and Communication Engineering,
GITAM Institute of Technology,

GITAM (Deemed to be University),

Visakhapatnam, 530045, Andhra Pradesh, India

Email: vteppala@gitam.edu

Abstract: Wearable health devices became popular these days and have
become genuinely intertwined with society. Smartwatches and other fitness
devices fulfil the consumer needs in continuously tracking human activity,
which can further decode to analyse the health parameters like heart rate, blood
pressure, blood glucose levels, and many more. Internet of things (IoT) enabled
techniques, mobile and desktop-based applications are ameliorating the ease of
using these techniques. The applications of the wearables are also transforming
the quality of virtual and tele-healthcare to improve, which is a substitute
for conventional medical practices. In this paper, we report a descriptive
analysis on the progress in modelling the healthcare wearable sensors that
impact the imminent healthcare applications in different domains. Also,
we made a comparative study on consumer fitness wearable devices to analyse
how the device facilitates the ease of usage with other specification
comparisons. We recorded data from a consumer wearable fitness device to
observe and envisage the user’s effort to accomplish the activity goals each day
for maintaining good health. We reported the exploratory analysis of the data
obtained from the recordings. Supervised machine learning algorithms are
applied to the recorded data and compared the results. Among the supervised
algorithms applied, the random forest regression gave us the highest accuracy
0f 97.88% in predicting the subject’s activity goal for the respective day.
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activity trackers; wireless sensors; data processing; supervised machine
learning; prediction; decision making system.
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1 Introduction

Healthcare services are becoming costlier day by day. As the global population is ageing,
the number of chronic diseases is also rapidly rising. The technology cannot eradicate
chronic diseases, nor can it stop the population from ageing. The technology can atleast
make healthcare more manageable and more accessible. One of the crucial factors in the
increase of hospital bills is medical diagnostics. If the accuracy of diagnosis increases,
then there may be a decrease in the hospitalisation need depending on the severity of the
disease. Because of technology growth, slowly, the hospital-centric (medical checks from
a hospital) diagnostics move towards the patient’s home (home-centric). In this
generation of the internet, there is a strong need for an internet-based system that
monitors health. Also, there is a need for a system that suggests the necessary precautions
to follow for the respective symptoms before going to a hospital. It is also a difficult task
for a doctor or hospital to continuously monitor the health of a single patient. Hence,
doctors and hospitals should look for technological solutions that make their work
efficient and straightforward.

To achieve this, we must make use of the Internet of Things. IoT is the collective
work done by a group of sensors that collect data from different parts. All the data
collected is processed using signal processing, machine learning, etc., techniques. The
outcome of the applied techniques is observed by a doctors or medical practitioner to find
the disorders. According to the observed infirmity and the reports, doctors can suggest a
medication, respectively. The data-driven insights and the healthcare analytics allow
healthcare providers to speed up decisions with fewer errors. During life-threatening
circumstances, it is critical to receive an on-time alert. The devices used to record data
can continuously communicate with each other.

In some cases, they make some decisions depending on the need to save lives by
introducing IoT into healthcare, many advantages that significantly improve the treatment
outcomes. The health practitioners may minimise the errors as they must attend to
multiple patients at the same time. If the patient’s criticality is less, they may reside at
home and follow the physician’s guidelines. All the IoT devices continuously monitor the
status of the patient and send an update to the hospital staff, who may decide at necessary
times. This may also reduce the movement of a patient from home to hospital and back to
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home. Also, IoT technology reduces healthcare costs as disease management is improved.
Thus, it is good to consider the quantified technology.

2 Influence of Internet of Things on medical practices

The applicability of the Internet of Things (IoT) in all kinds of healthcare is extensively
increased [1,2]. For a better treatment of patients and the competitive operation of the
medical centres, the [oT paradigm helps to increase mutual hope. The quality and
efficiency of the treatments could be improved by using this technology in healthcare.
The aggregation of microelectronics systems, medical and health, computer science, and
many other fields builds an IoT system. From the current health IoT, 2017 to 2022 stands
as the growth phase of IoT healthcare and their applications that expedite healthcare and
the other stakeholders involved in accelerating it [3]. [oT is transforming the healthcare
sector by redefining the devices and associated people in the healthcare solutions [4].
The three main components of healthcare [oT systems are body area sensor networks,
internet-connected smart gateways, cloud, and big data support [5].

Figure 1 Remote health monitoring system by tracking data recorded from different sensors
connected to a human (see online version for colours)
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Figure 1 shows the remote health monitoring system by tracking data recorded from
different sensors that are connected to a human. We can record simultaneous reporting
and monitoring of several cases of medical emergencies like hypertension, diabetes, heart
failure, etc. We can collect health and other related medical data by using several smart
medical devices. All kinds of smart medical devices can operate using the internet.
Employing an application on a smartphone or a computer, we can operate smart devices.
We can use these kinds of devices for real-time monitoring of patients. After the data is



154 A. Peddi and T. Venkata Ramana

collected, it can be stored in the cloud. It can also be shared with the nearest or available
physician [6]. By following such a kind of practice, we also can reduce the readmission
rate. Figure 2 shows the block diagram of the data exchange and the process flow of a
typical remote health monitoring system.

Figure 2 Block diagram of data exchange and processing flow (see online version for colours)
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It is also a challenging task to analyse the data collected from different healthcare devices
manually. There is a need for the cloud to store and manage the data. The IoT devices can
collect, report, and analyse data. It reduces the need to store the raw data collected in
realtime. The data collected in the cloud will be processed, and the final reports are
obtained for access. The data-driven insights and the healthcare analytics allow
healthcare providers to speed up the decisions with fewer errors. During life-threatening
circumstances, it is critical to receive an on-time alert. The mobile applications and other
linked devices are notified after the IoT devices are collecting the data. The doctors
confirm the severity of the patient’s condition after observing the reports and alerts. This
helps to provide on-time treatment by making well-versed decisions even when the
patient cannot reach the hospital. Thus, IoT allows a real-time alerting, tracking, and
monitoring system [7,8]. Also, IoT enables better accuracy, correct intervention by
doctors, better hand-on treatments that can improve the delivery results of the patient.
Also, there are few challenges while using IoT technology and associated healthcare
devices [9,10]. As IoT devices capture and transmit data, the major threat they possess is
data security. The data protocols and standards of the IoT devices have no proper and
fixed format. Hence, they have several privacy issues regarding data ownership. There is
a chance for cybercriminals to hack the system and misuse the patient’s and doctor’s
information. By using the patient’s name and other identities, they may even file a
fraudulent insurance claim. To implement IoT, it needs multiple devices to be integrated.
The integration of IoT devices may create an impediment during the implementation.
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As there is no harmony among the device manufacturers of loT-related products in
healthcare, there are no collective and standard communication protocols. So, when we
connect different devices, due to the usage of different protocols for communication, the
aggregation of data will be complicated [10—-12]. The scalability of [oT in healthcare is
reduced due to different protocols used between the connected devices as it takes more
time to process the data. However, the amount of data recorded by IoT devices is so huge
that a doctor may be perplexed, which may affect the quality of making a decision. When
more devices are connected, more and more data is recorded, and we may encounter this
concern more often. There are some methods and techniques being implemented to
overcome a few of the above challenges in several industries [13,14].

A nano data acquisition system [15] is a portable system that uses nanosensors. The
system interfaces with smartphones and is portable. The components that are available
commercially are used to develop this system. They are emerging portable sensing
technology at a nanoscale. With the help of smart mobile applications as shown in
Figure 3, patients can contact a doctor who is far away during emergencies [16].
By improving mobility solutions, healthcare providers can check the patients instantly
and spot the disorders. IoT improves the patient’s care in homes or hospitals during
epidemics. The healthcare industry is also looking forward to building machines that help
distribute drugs from the patient’s prescription and the availability of data regarding the
patient’s infirmity via healthcare devices [17].

Mobile-powered solutions for smart and improved patient care are the need of the
day. Healthcare training and innovations are slowly transforming in the healthcare
industry. The usage and the requirements of healthcare devices gain momentum as
technology advances [18]. The usage of smart devices is tremendously increased
nowadays, which is limited to patients and other medical professionals. They are being
deployed for good tracking of several functionalities of human organs.

Figure 3 A glucometer add-on for mobile phones (see online version for colours)

3  Wearables

3.1 Wearable technologies

Picard [19] introduced a new field of research in 1995 called affective computing to
consider human effects. Wearable technology is a type of affective computing that
recognises the activity [20-23]. Wearable technologies have been evolved through
continuous technological advancements [24]. These are the devices embedded by
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technology that can be worn by humans [25]. Recently these wearable devices became
popular, even though they are available for decades, because of their functionality,
popularity, and fashion [26]. Many companies are trying to boost usage by improving the
design, wearability, usage, and other aesthetics of wearable devices [27]. There are even
other aspects that play an essential role in wearable technologies. Wearable devices can
be on the body or inside the body, which offers hands-free functionality that enables the
users to perform their own tasks without any conscious observation on to the device [28].

Figure 4 (a) Smart hearable [35], (b) smart hearable connected to a mobile app that monitors
health [36], (c) operation of the ingestible sensor [37], (d) pill-shaped ingestible sensor
[38] and (e) moodable [39] (see online version for colours)

General Computing Device

(d)

Wearable devices that can be worn on the body are called wearable computers and can be
defined concerning their features [29]. Wearable computers are defined as body-worn
devices such as clothes, rings, etc., which provide specific features to the users [16].
There are plenty of applications available where IoT is dominantly used nowadays.
Hearables are hearing aids where we can observe the enormous transformation in the
design and the technology embedded [30]. Hearables are operated by a smartphone that
syncs data with the help of Bluetooth. These are the new-age hearing aids. They perform
many actions to the real-world sounds like filtering, equalising, etc. Figure 4(a) and (b)
shows how commercial smart hearables look and connect to a mobile application that
monitors health. A pill-sized sensor that monitors and broadcast the medication in the
human body are called ingestible sensors [31,32]. These sensors are a modern science
marvel and Figure 4(c) shows the operation of an ingestible sensor. Figure 4(d) shows a
pill-shaped ingestible sensor. Moodables are also healthcare IoT devices that help in
enhancing the mood [33]. These are head-mounted wearables as shown in Figure 4(e).
They send currents to the brain, which are of low intensity that elevates human mood.
Behaviour state analysis can also be analysed using head-mounted wearables [34].
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Comparison of smartwatches

Table 1
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Nowadays, healthcare monitoring and activity recognition are the main two applications
of wearables [35,36]. Some other important fields where wearables are being used are
education [37], biometric recognition, ambient assistance living systems (AALS) in
elderly people [38], gesture recognitions to authentication [39].

3.2 Types of wrist-worn devices

Among all the wearable devices, wrist-based or wrist-worn devices (WWD) have gained
more popularity as they are easy to wear [40]. The commercial versions of WWDs are
categorised into three types. They are smartwatches, fitness trackers, and armbands [41].
Table 1 gives a comparison of highly rated and used smartwatches. The comparison
includes different specifications like the size of the band, display operating system (OS),
connectivity, etc. Table 2 gives a comparison of different specifications of highly
demanded and rated fitness trackers.

Figure 5 gives the graphical view of comparing the band size, onboard storage,
battery backup, and display size of the smartwatches mentioned above in Table 1. Among
all the smartwatches listed, Xiaomi Mi Watch Revolve has the highest battery backup,
where Apple watch SE has the lowest. Apple watch SE has the largest onboard storage
space, and Tic watch pro 2020, Samsung Galaxy watch 3 has the lowest.

Figure 5  comparison between the band size, onboard storage, battery backup, and display size
of the smartwatches mentioned in Table 1 (see online version for colours)
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3.3 Bloodless wearable technology and devices

Bloodless wearable devices are a kind of wearable device that automatically measures the
capabilities in sports and other extreme environments. They are used in diagnosing and
monitoring diabetes mellitus and cystic fibrosis diseases. Sweat has important metabolic
biomarkers that could provide insightful physiological information. Sweat glucose, sweat
sodium, sweat potassium, sweat lactate, sweat acidity, temperature, and pH, etc., can be
analysed by the data collected from these devices.
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Comparison of highly used fitness trackers

Table 2
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Comparison of highly used fitness trackers (continued)

Table 2
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There is a huge progress in developing wearable sweat biosensors [42—54], which are
used for measuring detailed sweat profile during several indoor and outdoor activities.
These sensors are built on flexible substrate materials that can maintain a sure contact
with skin as shown in Figure 6(a). It uses a significantly less volume of sweat to analyse
metabolites, electrolytes, heavy metals, etc. Sweat secretion is a complex task as it
involves several chemicals [55]. Soon after it was secreted on the human skin, we need a
parallel detection mechanism to process and analyse. Figure 6(b) shows an example
method for image capture and analysis of calorimetric sensor through mobile phone
application. There are plastic-based sensors available where human skin is interfaced
with silicon-based integrated circuits (ICs). As the sensors are connected to IC, signal
processing techniques can be applied simultaneously after collecting sweat samples
[46,47,54]. A wearable sweat ethanol sensor, which is a union of the flexible wireless
circuit board and iontophoresis-based sweat extraction arrangement, gives the clear
distinction of the ethanol levels in the blood before and after alcohol consumption [51].
Diabetes can be monitored from sweat samples, and feedback therapy can be offered
using wearable devices [53]. A colorimetric sweat-sensing system is available with
wearable technology for monitoring glucose, pH, lactate, and sweat chloride [52].
Glocowatch is a commercial wearable that works as a non-invasive glucose-monitoring
device. It works on the principle of reverse iontophoresis. By using this method, a portion
of interstitial fluid is analysed from transdermal extracted glucose [56]. As shown in
Figure 7(b), a tattoo is used as a wearable platform to extract interstitial fluid and sense
the glucose.

Figure 6 (a) Sweat fluid sensor and (b) image capture and analysis of calorimetric sensor through
mobile phone application (see online version for colours)

(b)

After sweat, saliva and tears are salient and complex biofluids. They contain numerous
vital constituents that are noninvasively available. These biofluids contain excellent
liquid integrands. Sensors with electrochemical sensing are used as part of soft contact
lenses to record and monitor glucose and lactate, which are available from the analytes of
tears [57-59]. Google incorporated a similar idea and built a device called Google contact
lens [60] that monitors glucose levels (Figure 7 shows the google contact lens).
Transducers that are made by amorphous indium gallium zinc oxide field-effect
transistors are integrated into contact lenses. These contact lenses are potential and
transparent sensors that sense glucose from tear fluids [61,62].

Graphene has a nanoscale nature, and it is capable of detecting sensitive analytes.
The antimicrobial peptides are self-assembled onto graphene to detect bacteria at single-
cell levels. The power and connectivity requirements can be eliminated by including a
resonant coil. The combination of these two elements forms a new nanosensor that can be
integrated into a tooth to sense saliva for monitoring respiration and for bacteria detection
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as shown in Figure 7(c) [63]. There are non-invasive wearables responsible for detecting
salivary lactate and salivary uric acid continuously, which can communicate to a
computer wirelessly [64,65]. In diabetic patients, saliva can explore as a substrate that
measures glucose levels and monitor glycemic control [66,67].

Continuous glucose monitoring (CGM) systems use interstitial fluids (ISF) of the skin
to measure glucose. Figure 8(a) shows the testing kit, which uses a blood drop to capture
blood glucose levels in a glucose monitor [68]. Though this is the accurate method in
identifying blood glucose concentration, patients are unwilling to follow the process due
to pain and a need to dump the used lancets. In the current era, the CGM technology
enables to use a wearable as shown in Figure 8(b) that monitors the glucose concentration
in the skin ISF, which is proportionate to the blood glucose concentration. These values
are transmitted to a smartphone or cloud for storage and analysis purposes. CGMs with
alarms automatically notify the user when their glucose level is above or below a preset
threshold. CGMs also measure the rate of change of this analyte [69].

Figure 7 (a) Google contact lens [60] (Copyright 2017, Alphabet) (top left), (b) transdermal
alcohol sensing device using iontophoretic-sensing tattoo (top right) and (c) bacteria
monitoringdental tattoo sensor (bottom left) (see online version for colours)
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Figure 8 (a) Blood glucose levels test for diabetes patients and (b) continuous glucose
monitoring product (see online version for colours)

(b)

3.4 Wearable technology for sports

The other potential application of wearable technology where it positively influences the
practice is sports. In sports, wearable technology benefits monitoring, overcoming
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injuries, and further strengthen performance. Traditionally, optical motion capture
technology is used as a gold standard reference to monitor the movements in swimming
[70], rowing [71], baseball [72]. These systems use a camera that tracks passive or active
markers. These markers are placed at the anatomical landmarks of the human body to
capture the movements. For the sports like football [73,74], rugby [73], athletics [75], and
netball [76], the Vicon motion capture system were used as a gold standard reference to
wearable technology. The current wearable technology for sports uses inertial
measurement units (IMU), microelectromechanical sensors (MEMS), flex sensors,
magnetic fields, and angular rate sensors embedded in the devices to calibrate motion.
Sensors that are used in these devices to record data have added features and are
susceptible to extreme environments that withstand cold temperatures and are also
waterproof [77-82]. There is a drawback with ferromagnetic objects inside wearable
devices, which may misreport the measurements from inertial-based systems [74]. Due to
the precise positioning of the sensors, data obtained may not be extrapolated to attain any
other related results out of the wearable system [83,84].

These wearable systems can provide real-time feedback, which should validate with
the optical systems, which are widely considered a gold-standard method for motion
capture [85]. Concurrent data validation establishes the resemblance of the data procured
from wearable system technology and a gold-standard reference. While rating the sensor
performance with reference to the subjects, testing-retesting and intra-subject reliability
are also important factors. The sensitivity of the sensors is also crucial to track the data
according to changes of parameters with respect to time [86].

The studies [72,73,77,87-95] describe different applications of wearable technology
into sports that elucidate the prevention of injuries, computing skill level thereof
expertise, how the technique can be improved and characterising the movements and
gaits. Sensors are used for movement recognition and are explored in cricket, football,
rugby, badminton, rowing, swimming, and table-tennis [70,71,74,90,96—100].
Acceleration values are significant in recognising the movement after sensors record and
process data in non-laboratory sports applications. By comparing the standard deviation
in acceleration, block movement can be characterised in table tennis, and athlete levels
can also be discriminated [96]. Characterisation of Nordic walking (NW) can be achieved
by acceleration and force values [101]. It would be an attractive and safe form to have
regular NW training to have a positive influence on kinematic parameters [102].

3.5 Factors affecting WWDs

There are several factors that affect the use of WWDs. The user interface is a big
challenge [103-106] of physical limitations and other parameters of usage. A micro-
interaction technique is proposed in Motti and Caine [107], where the user spends less
than four seconds to complete the task. Also, it explains the ease of smaller tasks to
minimise the effort needed. Many wearable devices have respective user interfaces that
are clear and simple to navigate, allowing users to feel comfortable while using [108].
But this can be a little difficult with all the WWDs, as there are very small in size.
So, they need a computer-based or mobile-based application, where the data is stored,
processed, and then analysed to meet the user’s needs. The companion application should
also be user-friendly.
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Comparison of android-based health and fitness, mobile applications (Top nine

editor’s choice) (see online version for colours)
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3.6 Consumer health, training, fitness mobile applications

Mobile applications are also the trend in current consumer healthcare approaches.
The smartphones are embedded with plenty of sensors that can track the data like a
wearable device. The computational power of smartphones is an advantage to process the
real-time data and project the suggestions, respectively. The comparison of the different
available options of the top nine most used health and fitness Android-based mobile
applications taken from the editor’s choice is given in Table 3.

Figure 9 compares the customer ratings that were given by the consumers who are
using the respective apps. The home workout app has the highest user ratings among the
nine apps, i.e., 4.9, where the calm app has the lowest user ratings, i.e., 4.2.

Figure 9 Graphical comparison of the user ratings for apps mentioned in Table 3 taken from the
play store (see online version for colours)
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4 Experiment, data, and analysis

To analyse how wearable technology is influencing humans in maintaining individual
health respectively, we have taken an activity database of a healthy 25-year-old male
subject. The data was recorded by a consumer wearable fitness device, i.e., Fitbit Charge
HT fitness tracker. The data consists of calories, steps, distance in metres, floors, minutes
sitting, minutes of moderate activity, minutes of intense activity, and the calories burned
for the activities. The data taken for analysis has 365 rows and 10 columns. Rows include
details about the day, month, and year, where columns give information about calories,
steps, distance in metres, floors, minutes sitting, minutes of moderate activity, minutes of
intense activity, and the calories burned for the activities.

From Figure 10(a), an overlap of the curves can be observed. It means that the
number of steps moved in a day is directly proportional to the total activity time of that
respective day. In Figure 10(b), the graph is plotted to observe the relation between
distance and number of steps moved. Like plot (a), in the plot (b) also, there is a strong
relationship between the distance covered and steps moved. Hence, they are directly
related.

In Figure 10(c), the plot shows no proper relation between calories burnt and
sedentary activity time in a day. In Figure 10(d), there is more overlap between calories
burnt and distance moved. It means, if the distance moved is more, the number of calories
burnt is more, and both are directly related. Figure 10(e) shows the plot between time
spent on all types of activity in a day, sedentary activity, light activity, moderate activity,
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and intense activity vs. the number of calories burnt on that respective day. We can find
that more time is spent in sedentary activity in the whole day. Hence, more area on the
plot is occupied by sedentary data points. Though more time in a day is spent doing a
sedentary activity, there is a linear distribution observed on the plot. After the sedentary
activity, the subject spent more time doing a light activity, which is also linearly
distributed. After the light activity, the subject has spent intense active and moderate
activity in equal time. This is because the subject is performing some health fitness
activity daily for some time. If the subject is not a fitness enthusiast, we would not have
got an almost overlap between these two activities.

In both cases, the plots followed almost linearity. In Figure 10(f), the graph is plotted
between total activity time and the number of calories burnt, which has a linear
movement. In Figure 10(g), the amount of time spent performing an intense activity is
linearly related to the number of calories burnt. In Figure 10(h), the graph is plotted
between average activity time in a month and normalised average calories burnt. As the
average calories burnt in a month is far higher than the average activity time, the average
calories burnt is normalised. We can observe that the highest average activity time is
391.62 min, and the least is 207.6 min. The highest normalised average calories burnt is
329.78 calories, and the least is 281 calories.

Figure 10 Plots showing graphical relation between: (a) steps and total activity time, (b) steps and
distance, (c) calories burnt and minutes of sedentary activity, (d) calories burnt and
distance, (e) calories burnt vs. time, (f) total activity time vs. calories burnt, (g) minutes
of intense activity vs. calories burnt and (h) average activity time and normalised
average calories burnt for each month (see online version for colours)
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Figure 10 Plots showing graphical relation between: (a) steps and total activity time, (b) steps and
distance, (c) calories burnt and minutes of sedentary activity, (d) calories burnt and
distance, (e) calories burnt vs. time, (f) total activity time vs. calories burnt, (g) minutes
of intense activity vs. calories burnt and (h) average activity time and normalised
average calories burnt for each month (see online version for colours) (continued)
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5 Decision-making system

Machine learning has evolved into teaching computers to learn and imitate humans. They
use fundamental statistics and computational theories in the learning process. While
learning, the machine finds a pattern among the given data, like humans do [109]. There
are different learning mechanisms to work for different input data. Supervised learning is
used to build a model when the given data is labelled. Unsupervised learning is used to
build a model when the given data does not have any labels. Machine learning models are
satisfactorily improving the efficiency of health systems [110-117]. This section
proposed a decision-making system that can be used as a model for health and fitness
monitoring applications. The data used in Section 4 is labelled data, and hence,
supervised machine learning is adopted in building the system.

5.1 Decision tree

A decision tree algorithm is a supervised machine learning algorithm that has broad
application areas. The decision tree algorithm is primarily used in biomedical
applications as they are free of ambiguity and can look after the missing values
efficiently. They can be used for both classification and regression to classify and predict
data. The nodes of the decision tree represent features or attributes. Nodes are of three
types- root node, internal node, and leaf node. The root node is a decision node that
subdivides the records, where the internal node is a chance node where the top edge is
connected to the parent node. The bottom edge is connected to the child or leaf node, and
the leaf node is an end node that gives the event’s decision. Branches represent outcomes
from the root nodes and internal nodes. The optimal number of splits in the data will be
decided by the algorithm only. Decision trees are of two types:

1 A classification tree is used with categorical data that predicts the class’s outcome to
which the data belongs. Among the core algorithms, ID3 is used to create a decision
tree that uses top-down, greedy search through the given columns. It selects the
attribute that is best for the classification of a given set using entropy and
information gain. Entropy [118] is the measure of uncertainty in the data.
Information gain (IG) [119] measures the relative change (decrease) in entropy for
the independent variables. The state S is the effective change in entropy after
deciding on a particular attribute 4

Entropy (S) = —ZP )log, (P( ))
Information Gain (S, 4) = Entropy (S)— > P(S|4) Entropy (S|4)

ID3 follows the rule, a branch with an entropy of 0 is a leaf node (endpoint).
A branch with an entropy of more than 0 needs further splitting.

2 Aregression tree is used with continuous data to predict the outcome is a real
number. CART in regression cases uses least squares, intuitively splits are chosen to
minimise the residual sum of squares between the observation and the mean in each
node.
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Mathematically, we can write residual as
&=y

and the residual sum of squares (RSS) [120] as
RSS=>(y,—-7)’, RSS=¢g +&+--+¢,
i=1
To find out the ‘best’ split, we must minimise the RSS.

5.2 Random forest

Random forest performs regression and classification [121,122] tasks by decision tree as
a base (shown in Figure 11). It is an ensemble learning technique that uses bootstrap
aggregation or bagging. The idea behind random forest is to merge multiple decision
trees to direct the final output.

Figure 11 Random forest structure (see online version for colours)
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Base learners (k) and variance are inversely proportional to each other, i.c., as base
learners increase, the variance decreases and vice versa. ‘k’ can be found using cross-
validation, where bias remains consoptant.

Random forest=Base learner + Bagging + Feature bagging + Aggregation

The standard scaler assumes your data is normally distributed within each feature and
will scale them such that the distribution is now centred around 0, with a standard
deviation of 1. The mean and standard deviation are calculated for the feature, and then
the feature is scaled based on:

_ (x, —mean (x))
~ stdev (x)

i
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5.3 Support vector regression

Support vector regression (SVR) [123] is a supervised learning model used to perform
linear and nonlinear regressions. The goal of applying linear regression is to minimise the
error between the prediction and data. However, the goal of applying SVR to a dataset is
to make sure that the errors do not exceed the threshold. In SVR, we fit as many instances
as possible between the lines while limiting the margin violation. This is done by finding
an appropriate line or hyperplane to fit the data. In contrast, in the least-squares
method where we try to find accurate coefficients, we try to minimise coefficients,
i.e., the 12-norm of the coefficient vector, not the squared error. The error term is instead
handled in the constraints, where we set the absolute error less than or equal to a
specified margin, called the maximum error, € (epsilon). We can tune epsilon to gain the
desired accuracy of our model. Our new objective function and constraints are,

.. 1
minimise = MINE w? and
constraints = | Vi — WX, | <e

5.4 Flowchart for a decision-making system

The following flowchart shows the process flow for the proposed decision-making
system (Figure 12).

Figure 12 A flow chart of the proposed decision-making system
| Data recordings through wearable device |

v

| Data analysis/Pre-processing |

v

Feature selection

| Training the models for a given data |

v

| Testing the models |

v

| Record the scores of the models for comparison |

.

| Shortlist the model with highest scores |

v

| Prediction/classification |
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The data is recorded using a wearable device, i.e., Fitbit Charge HT fitness tracker.
As the available data is recorded without any noise, no preprocessing is required. The
data analysis can be performed to understand the organisation of data. As we have few
columns of data with different features of the activity given for the respective day,
we must carefully select the features while building the model.

In this experiment, steps, distance in metres, floors, minutes sitting, minutes of
moderate activity, minutes of intense activity are considered as the input features to train
the model. We have divided the whole dataset into 75 : 25 randomly, where the earlier is
used for training, and the latter is used for testing. The machine learning techniques used
here are decision trees, random forest, and support vector machines. After testing the
machine learning techniques, scores are evaluated and recorded. One of the applied
techniques, recording the highest score, is considered and used for prediction or
classification. R-squared (R) is measured to represent the proportion of the variance for a
dependent variable that is explained by an independent variable or variables in the
regression models. As the data recorded from the experiment is continuous, regression
techniques can predict the number of calories burnt in a day. Among the three algorithms
applied, random forest regression gave the highest score of 97.88%, where SVR and
decision tree reported 91.22% and 96.88%, respectively. The top three trail scores are
reported in the table for the above techniques (Table 4).

Table 4 Comparison of the top three trails between support vector regression, random forest
regression, and decision tree

Support vector regression Random forest regression Decision tree
Trial-1 0.9122 0.9788 0.9522
Trial-2 0.8871 0.9732 0.9329
Trial-3 0.8821 0.9553 0.9688

6 Conclusion

This paper provided an overview of different wearable technologies-hearables, ingestible
sensors, moodables, wrist-worn devices-smartwatches, fitness trackers, armbands,
bloodless wearable devices-interstitial fluid sensors, sweat, saliva and tear sensors, sports
wearables-IMU, MEMS, flex sensors, magnetic field, and angular rate sensors. Some
factors affect wearable technologies; one of them is the user interface. There is a need for
a robust user interface, which can be a computer or mobile-based application, that makes
the consumer effortlessly use the device and access the data recorded. A comparison is
provided among the features of highly rated smartwatches and fitness trackers in the
current consumer market. At present, there is an adequate number of prospective
computer and mobile applications available for consumers to track some of the health and
fitness activity and its respective data. Comparing the editor’s choice on android based
mobile applications may give the potential mobile application for respective user
interests. The analysis of the data collected from a consumer fitness tracker may give a
broad comparison and connection between the level of the activity and the number of
calories burnt in a respective day. The application of machine learning algorithms to the
data may automate the whole system of collection of data for analysis. The proposed
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decision-making system, which included a few regressive algorithms of supervised
machine learning, may help quickly identify whether the user can reach the daily goal of
the activity or not to maintain good health. The future perspective is to build a user
interface for the decision-making system and can release into the consumer market.
Ultimately, a new paradigm of healthcare monitoring systems can implement with
wearable sensor technology embedded with machine learning, which can alert the subject
in an unmanned way to reach the goal. This can also be further extended to monitor
patients from their own houses, transforming hospital-centric medication to home-centric,
which is much needed during pandemic situations.

References and Notes

1

10

11

12

Gia, T.N. et al. (2015) ‘Fault tolerant and scalable IoT-based architecture for health
monitoring’, 2015 IEEE Sensors Applications Symposium (SAS), Zadar, Croatia, pp.1-6, doi:
10.1109/SAS.2015.7133626.

Ali, Z.H., Ali, HAA. and Badawy, M.M. (2015) ‘Internet of things (IoT): definitions,
challenges and recent research directions’, Int. J. Comput. Appl., Vol. 128, No. 1, pp.37-47,
doi: 10.5120/ijca2015906430.

Li, S., Xu, L. Da and Zhao, S. (2015) ‘The internet of things: a survey’, Inf. Syst. Front.,
Vol. 17, No. 2, pp.243-259, doi: 10.1007/s10796-014-9492-7.

Rizwan, P., Babu, M.R. and Suresh, K. (2017) ‘Design and development of low investment
smart hospital using internet of things through innovative approaches’, Biomedical Research
(India), Vol. 28, No. 11, pp.4979-4985.

Farahani, B., Firouzi, F., Chang, V., Badaroglu, M., Constant, N. and Mankodiya, K. (2018)
‘Towards fog-driven IoT eHealth: Promises and challenges of IoT in medicine and
healthcare’, Future Generation Computer Systems, Vol. 78, pp.659-676, doi: 10.1016/
j.future.2017.04.036.

Mieronkoski, R., Azimi, 1., Rahmani, A.M., Aantaa, R., Terdvd, V., Liljeberg, P. and
Salanterd, S. (2017) ‘The internet of things for basic nursing care — a scoping review’, Int. J.
Nurs. Stud., Vol. 69, pp.78-90, doi: 10.1016/].ijnurstu.2017.01.009.

Sebestyen, G. et al. (2014) ‘eHealth solutions in the context of internet of things’, 2014 IEEE
International Conference on Automation, Quality and Testing, Robotics, Cluj-Napoca,
Romania, pp.1-6, doi: 10.1109/AQTR.2014.6857876.

Rahmani, A-M., Thanigaivelan, N.K., Gia, T.N., Granados, J., Negash, B., Liljeberg, P. and
Tenhunen, H. (2015) ‘Smart e-Health gateway: bringing intelligence to internet-of-things
based ubiquitous healthcare systems’, 2015 12th Annual IEEE Consumer Communications
and Networking Conference (CCNC), Las Vegas, NV, USA, pp.826-834, doi: 10.1109/
CCNC.2015.7158084.

Gazis, V., Goertz, M., Huber, M., Leonardi, A., Mathioudakis, K., Wiesmaier, A. and
Zeiger, F. (2015) ‘Short paper: IoT: challenges, projects, architectures’, 2015 18th
International Conference on Intelligence in Next Generation Networks, Paris, France,
pp.145-147, doi: 10.1109/ICIN.2015.7073822.

Alasmari, S. and Anwar, M. (2016) ‘Security & privacy challenges in loT-based health cloud’,
2016 International Conference on Computational Science and Computational Intelligence
(CSCI), Las Vegas, NV, USA, pp.198-201.

Zhang, R. and Liu, L. (2010) ‘Security models and requirements for healthcare application
clouds’, 2010 IEEE 3rd International Conference on Cloud Computing, Miami, FL, USA,
pp.268-275, doi: 10.1109/CLOUD.2010.62.

Pishva, D. (2017) ‘Internet of things: security and privacy issues and possible solution’, 2017

19th  International Conference on Advanced Communication Technology (ICACT),
PyeongChang, Korea (South), pp.797-808, doi: 10.23919/ICACT.2017.7890229.



174

13

14

15

16

17
18

19

20

21

22

23

24

25

26

27

28

A. Peddi and T. Venkata Ramana

Alelaiwi, A. (2017) ‘A collaborative resource management for big IoT data processing in
Cloud’, Cluster Comput., Vol. 20, No. 2, pp.1791-1799, doi: 10.1007/s10586-017-0839-y.

Abbo, E.Y., Behzadi, H., Coker, J., Kurinskas, S., Rothwein, T., Siebel, T.M. and
Tchankotadze, D. (2019) Systems and Methods for 1oT Data Processing and Enterprise
Applications Behzadi; Houman, [C3 IoT, Inc.], Available at: https://uspto.report/
patent/app/20190265971 (Accessed 1 February, 2021).

Murphy, A., Seymour, ., Rohan, J., O’Riordan, A. and O’Connell, 1. (2021) ‘Portable data
acquisition system for nano and ultra-micro scale electrochemical sensors’, IEEE Sens. J.,
Vol. 21, No. 3, pp.3210-3215, doi: 10.1109/JSEN.2020.3021941.

Ventola, C.L. (2014) ‘Mobile devices and apps for health care professionals: uses and
benefits’, P & T: A Peer-Reviewed Journal for Formulary Management, Vol. 39, No. 5,
pp.356-364, Available at: https://pubmed.ncbi.nlm.nih.gov/24883008

Rosenblum, K. (2005) Automatic Prescription Drug Dispenser, US20050049746A1.

Pauliukaite, R. and Voitechovi¢, E. (2020) ‘Multisensor systems and arrays for medical
applications employing naturally-occurring compounds and materials’, Sensors, Vol. 20,
No. 12, p.3551, https://doi.org/10.3390/520123551

Picard, R.W. (1995) Affective Computing, Available at: http://www.media.mit.edu/ picard/
(Accessed 30 January, 2021).

Gruenerbl, A., Pirkl, G., Monger, E., Gobbi, M. and Lukowicz, P. (n.d.) ‘Smart-watch life
saver: smart-watch interactive-feedback system for improving bystander CPR’, Proceedings of
the 2015 ACM International Symposium on Wearable Computers - ISWC ’15, ACM Press,
New York, USA, Available at: http://dx.doi.org/10.1145/2802083.2802086 (Accessed
30 January, 2021).

Rivera, J.H. and Picard, R.-W. (2010) Towards Wearable Stress Measurement Signature
redacted Signature redacted Signature Redaced Thesis Supervisor, Massachusetts Institute of
Technology, Available at: https://dspace.mit.edu/handle/1721.1/101849 (Accessed 30 January,
2021).

Ye, X., Chen, G. and Cao, Y. (2015) ‘Automatic Eating Detection using head-mount and
wrist-worn accelerometers’, 2015 17th International Conference on E-health Networking,
Application & Services (HealthCom), Boston, MA, pp.578-581, doi: 10.1109/
HealthCom.2015.7454568.

Zhang, Z., Song, Y., Cui, L., Liu, X. and Zhu, T. (2016) ‘Emotion recognition based on
customized smart bracelet with built-in accelerometer’, Peer.J, Vol. 4, pp.e2258—e2258, doi:
10.7717/peerj.2258.

Tao, X. (nd.) Wearable Electronics and Photonics, 1st ed., Available at:
https://www.elsevier.com/books/wearable-electronics-and-photonics/tao/978-1-85573-605-4
(Accessed 30 January, 2021).

Nugroho, J. (2013) 4 Conceptual Framework for Designing Wearable Technology, University
of Technology Sydney.

Dunne, L.E. (2004) The Design of Wearable Technology: Addressing the Human-Device
Interface through Functional Apparel Design.

Fortmann, J., Miiller, H., Boll, S. and Heuten, W. (2013) ‘Illumee: aesthetic light bracelet as a
wearable information display for everyday life’, Proceedings of the 2013 ACM Conference on
Pervasive and Ubiquitous Computing Adjunct Publication (UbiComp ‘13 Adjunct),
Association for Computing Machinery, New York, NY, USA, pp.393-396, DOI:https://
doi.org/10.1145/2494091.2495970

Watier, K. (2003) Marketing Wearable Computers To Consumers: an Examination
of Early Adopter Consumers’  Feelings and  Attitudes Toward  Wearable
Computers,  Washington, DC, Available at: http://www.watier.org/kathy/papers/
MarketingWearableComputerstoConsumers.pdf



29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

A novel and intelligent decision-making system 175

Witt, H. (2008) User interfaces for wearable computers: Development and evaluation, User
Interfaces for Wearable Computers: Development and Evaluation, Springer Vieweg, doi:
10.1007/978-3-8351-9232-4.

Plazak, J. and Kersten-Oertel, M. (2018) ‘A survey on the affordances of ‘hearables’,
Inventions, Vol. 3, No. 3, p.48, https://doi.org/10.3390/inventions3030048

Kalantar-zadeh, K., Ha, N., Ou, J.Z. and Berean, K.. (2017) ‘Ingestible sensors’,
ACS Sensors, Vol. 2, No. 4, pp.468—483, doi: 10.1021/acssensors.7b00045.

Steiger, C., Abramson, A., Nadeau, P., Chandrakasan, A.P., Langer, R. and Traverso, G.
(2019) ‘Ingestible electronics for diagnostics and therapy’, Nat. Rev. Mater., Vol. 4, No. 2,
pp-83-98, doi: 10.1038/s41578-018-0070-3.

Dogrucu, A., Perucic, A., Isaro, A., Ball, D., Toto, E., Rundensteiner, E.A., Agu, E.,
Davis-Martin, R. and Boudreaux, E. (2020) ‘Moodable: On feasibility of instantaneous
depression assessment using machine learning on voice samples with retrospectively harvested
smartphone and social media data’, Smart Health, Vol. 17, p.100118, doi: https://doi.org/
10.1016/j.smh1.2020.100118.

Ramakuri, S.K., Ghosh, S. and Gupta, B. (2017) ‘Behaviour state analysis through brain
computer interface using wearable EEG devices: a review’, Electronic Government,
Inderscience Publishers, pp.377-390, doi: 10.1504/EG.2017.087994.

CES 2020 — Top Advances in Hearables — IEEE Innovation at Work (n.d.) Available at:
https://innovationatwork.ieee.org/ces-2020-top-advances-in-hearables/ (Accessed 30 January,
2021).

Krumins, A. (n.d.) Hearables’ could be the next wearables — and with good reason —
ExtremeTech, Available at: https://www.extremetech.com/mobile/205675-hearables-could-be-
the-next-wearables-and-with-good-reason (Accessed 30 January, 2021).

Medicines Agency, E. (2015) Ingestible Sensor System for Medication Adherence as
Biomarker for Measuring Patient Adherence to Medication in Clinical Trials, Available at:
www.ema.europa.eu/contact (Accessed 2 February, 2021).

Kirsh, D. (n.d.) This ingestible sensor is powered by stomach acid | Medical Design and
Outsourcing, Available at: https://www.medicaldesignandoutsourcing.com/ingestible-sensor-
powered-stomach-acid/ (Accessed 30 January, 2021).

11 Surprising Applications For The IoT In Healthcare, Retail, Agriculture, And More,
Available at: https://www.cbinsights.com/research/surprising-iot-applications/

Mukhopadhyay, S.C. (2015) ‘Wearable sensors for human activity monitoring: a review’,
IEEE Sens. J., Vol. 15, No. 3, pp.1321-1330, doi: 10.1109/JSEN.2014.2370945.

Evenson, K.R., Goto, M.M. and Furberg, R.D. (2015) ‘Systematic review of the validity and
reliability of consumer-wearable activity trackers’, Int. J. Behav. Nutr. Phys. Act., Vol. 12,
No. 1, p.159, doi: 10.1186/s12966-015-0314-1.

Sandall, B.K. and Sandall Blair Community Schools Blair, B.K. (2016) ‘Educational methods
commons, and the other education commons recommended citation recommended citation
sandall’, Journal of Curriculum, Teaching, Learning and Leadership in Education, Brian K.
Available at: https://digitalcommons.unomaha.edu/ctlle/voll/iss1/9 (Accessed 30 January,
2021).

Al-Shaqi, R., Mourshed, M. and Rezgui, Y. (2016) ‘Progress in ambient assisted systems for
independent living by the elderly’, SpringerPlus, Vol. 5, No. 1, p.624, doi: 10.1186/s40064-
016-2272-8.

Lowens, B., Motti, V. and Caine, K. (2015) ‘Design recommendations to improve the user
interaction with wrist worn devices’, 2015 IEEE International Conference on Pervasive
Computing and Communication Workshops, PerCom Workshops 2015, Institute of Electrical
and Electronics Engineers Inc., St. Louis, MO, USA, pp.562-567. doi: 10.1109/
PERCOMW.2015.7134099.



176

45

46

47

48

49

50

51

52

53

54

55

56

57

A. Peddi and T. Venkata Ramana

Berglund, M.E., Duvall, J. and Dunne, L.E. (2016) ‘A survey of the historical scope and
current trends of wearable technology applications’, International Symposium on Wearable
Computers, Digest of Papers. IEEE Computer Society, Heidelberg, Germany, pp.40—43, doi:
10.1145/2971763.2971796.

Motti, V.G. and Caine, K. (2016) ‘Smart wearables or dumb wearables? Understanding how
context impacts the UX in wrist worn interaction’, Proceedings of the 34th ACM International
Conference on the Design of Communication (SIGDOC ‘16), Association for Computing
Machinery, New York, NY, USA, Article 10, pp.1-10. DOLhttps://doi.org/10.1145/
2987592.2987606

Jia, W., Bandodkar, A.J., Valdés-Ramirez, G., Windmiller, J.R., Yang, Z., Ramirez, J.,
Chan, G. and Wang, J. (2013) ‘Electrochemical tattoo biosensors for real-time noninvasive
lactate monitoring in human perspiration’, Anal. Chem., Vol. 85, No. 14, pp.6553-6560, doi:
10.1021/ac401573r.

Bandodkar, A.J. and Wang, J. (2014) ‘Non-invasive wearable electrochemical sensors: a
review’, Trends Biotechnol., Vol. 32, No. 7, pp.363-371. doi: https://doi.org/10.1016/
j-tibtech.2014.04.005.

Bandodkar, A.J., Molinnus, D., Mirza, O., Guinovart, T., Windmiller, J.R.,
Valdés-Ramirez, G., Andrade, F.J., Schoning, M.J. and Wang, J. (2014) ‘Epidermal tattoo
potentiometric sodium sensors with wireless signal transduction for continuous non-invasive
sweat monitoring’, Biosens. Bioelectron., Vol. 54, pp.603—609, doi: 10.1016/
j-bi0s.2013.11.039.

Rose, D.P., Ratterman, M.E., Griffin, D.K., Hou, L., Kelley-Loughnane, N., Naik, R.R.,
Hagen, J.A., Papautsky, 1. and Heikenfeld, J.C. (2015) ‘Adhesive RFID sensor patch for
monitoring of sweat electrolytes’, IEEE Trans. Biomed. Eng., Vol. 62, No. 6, pp.1457-1465,
doi: 10.1109/TBME.2014.2369991.

Gao, W., Emaminejad, S., Nyein, H.Y.Y., Challa, S., Chen, K., Peck, A., Fahad, HM.,
Ota, H., Shiraki, H., Kiriya, D., Lien, D.H., Brooks, G.A., Davis, R.-W. and Javey, A. (2016)
‘Fully integrated wearable sensor arrays for multiplexed in situ perspiration analysis’, Nature,
Vol. 529, No. 7587, pp.509-514, doi: 10.1038/nature16521.

Gao, W., Nyein, H.Y.Y., Shahpar, Z., Fahad, H.M., Chen, K., Emaminejad, S., Gao, Y.,
Tai, L-C., Ota, H., Wu, E., Bullock, J., Zeng, Y., Lien, D-H. and Javey, A. (2016) ‘Wearable
microsensor array for multiplexed heavy metal monitoring of body fluids’, ACS Sensors,
Vol. 1, No. 7, pp.866-874, doi: 10.1021/acssensors.6b00287.

Gao, W. et al. (2016) ‘Wearable sweat biosensors’, 2016 IEEE International Electron
Devices Meeting (IEDM), San Francisco, CA, USA, pp.6.6.1-6.6.4, doi: 10.1109/
IEDM.2016.7838363.

Glennon, T., O’Quigley, C., McCaul, M., Matzeu, G., Beirne, S., Wallace, G.G., Stroiescu, F.,
O’Mahoney, N., White, P. and Diamond, D. (2016) ““SWEATCH’: a wearable platform
for harvesting and analysing sweat sodium content’, Electroanalysis, Vol. 28, No. 6,
pp.1283-1289, doi: https://doi.org/10.1002/elan.201600106

Heikenfeld, J. (2016) ‘Non-invasive analyte access and sensing through eccrine sweat:
challenges and Outlook circa 2016°, Electroanalysis, Vol. 28, No. 6, pp.1242-1249, doi:
https://doi.org/10.1002/elan.201600018

Kim, J., Jeerapan, 1., Imani, S., Cho, T.N., Bandodkar, A., Cinti, S., Mercier, P.P. and
Wang, J. (2016) ‘Noninvasive alcohol monitoring using a wearable tattoo-based iontophoretic-
biosensing system’, ACS Sensors, Vol. 1, No. 8, pp.1011-1019, doi: 10.1021/
acssensors.6b00356.

Koh, A., Kang, D., Xue, Y., Lee, S., Pielak, R.M., Kim, J., Hwang, T., Min, S., Banks, A.,
Bastien, P., Manco, M.C., Wang, L., Ammann, K.R., Jang, K.I., Won, P., Han, S.,
Ghaffari, R., Paik, U., Slepian, M.J., Balooch, G., Huang, Y. and Rogers, J.A. (2016) ‘A soft,
wearable microfluidic device for the capture, storage, and colorimetric sensing of sweat’, Sci.
Transl. Med., Vol. 8, No. 366, pp.366ral65 LP-366ral65, doi: 10.1126/scitranslmed.aaf2593.



58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

A novel and intelligent decision-making system 177

Lee, H., Choi, T.K., Lee, Y.B., Cho, H.R., Ghaffari, R., Wang, L., Choi, H.J., Chung, T.D.,
Lu, N., Hyeon, T., Choi, S.H. and Kim, D-H. (2016) ‘A graphene-based electrochemical
device with thermoresponsive microneedles for diabetes monitoring and therapy’, Nat.
Nanotechnol., Vol. 11, No. 6, pp.566-572, doi: 10.1038/nnano.2016.38.

Nyein, H.Y., Gao, W., Shahpar, Z., Emaminejad, S., Challa, S., Chen, K., Fahad, HM.,
Tai, L.C., Ota, H., Davis, R.W. and Javey, A. (2016) ‘A wearable electrochemical platform
for noninvasive simultaneous monitoring of Ca2+ and pH’, ACS Nano, Vol. 10, No. 7,
pp-7216-7224, doi: 10.1021/acsnano.6b04005.

Baker, L.B. (2019) ‘Physiology of sweat gland function: the roles of sweating and sweat
composition in human health’, Temperature, Vol. 6, No. 3, pp.211-259. doi: 10.1080/
23328940.2019.1632145.

Potts, R.O., Tamada, J.A. and Tierney, M.J. (2002) ‘Glucose monitoring by reverse
iontophoresis’, Diabetes Metab. Res. Rev., Vol. 18, No. S1, pp.S49-S53, doi:
https://doi.org/10.1002/dmrr.210.

Yao, H., Shum, A.J., Cowan, M., Ldhdesméki, I. and Parviz, B.A. (2011) ‘A contact lens with
embedded sensor for monitoring tear glucose level’, Biosens. Bioelectron., Vol. 26, No. 7,
pp-3290-3296, doi: 10.1016/j.bi0s.2010.12.042.

Liao, Y., Yao, H., Lingley, A., Parviz, B. and Otis, B.P. (2012) ‘A 3-uW CMOS glucose
sensor for wireless contact-lens tear glucose monitoring’, IEEE J. Solid-State Circuits,
Vol. 47, No. 1, pp.335-344, doi: 10.1109/JSSC.2011.2170633.

Thomas, N., Ldhdesmaéki, I. and Parviz, B.A. (2012) ‘A contact lens with an integrated lactate
sensor’, Sens. Actuators, B, Vol. 162, No. 1, pp.128-134, doi: https://doi.org/10.1016/
j-snb.2011.12.049

Introducing our Smart Contact Lens Project (n.d.) Available at: https://blog.google/
alphabet/introducing-our-smart-contact-lens/ (Accessed 30 January, 2021).

Ascaso, F.J. and Huerva, V. (2016) ‘Noninvasive continuous monitoring of tear glucose using
glucose-sensing contact lenses’, Optometry and Vision Science: Official Publication of the
American Academy of Optometry, Vol. 93, No. 4, pp.426-434, doi: 10.1097/
OPX.0000000000000698.

Du, X., Li, Y. and Herman, G.S. (2016) ‘A field effect glucose sensor with a nanostructured
amorphous In-Ga—Zn—O network’, Nanoscale, Vol. 8, No. 43, pp.18469-18475, doi:
10.1039/C6NR05134K.

Mannoor, M.S., Tao, H., Clayton, J.D., Sengupta, A., Kaplan, D.L., Naik, R.R., Verma, N.,
Omenetto, F.G. and McAlpine, M.C. (2012) ‘Graphene-based wireless bacteria detection on
tooth enamel’, Nat. Commun., Vol. 3, p.763, doi: 10.1038/ncomms1767.

Kim, J., Valdés-Ramirez, G., Bandodkar, A.J., Jia, W., Martinez, A.G., Ramirez, J., Mercier,
P. and Wang, J. (2014) ‘Non-invasive mouthguard biosensor for continuous salivary
monitoring of metabolites’, Analyst, Vol. 139, No. 7, pp.1632-1636, doi: 10.1039/
C3ANO02359A.

Kim, J., Imani, S., de Araujo, W.R., Warchall, J., Valdés-Ramirez, G., Paixdo, T.R.L.C.,
Mercier, P.P. and Wang, J. (2015) ‘Wearable salivary uric acid mouthguard biosensor with
integrated wireless electronics’, Biosens. Bioelectron., Vol. 74, pp.1061-1068, doi:
https://doi.org/10.1016/j.bios.2015.07.039

Du, Y., Zhang, W. and Wang, M.L. (2016) ‘An on-chip disposable salivary glucose sensor for
diabetes control’, J. Diabetes Sci. Technol., Vol. 10, No. 6, pp.1344-1352, doi:
10.1177/1932296816642251.

Naing, C. and Mak, J.W. (2017) ‘Salivary glucose in monitoring glycaemia in patients with

type 1 diabetes mellitus: a systematic review’, J. Diabetes Metab. Disord., Vol. 16, No. 1, p.2,
doi: 10.1186/s40200-017-0287-5.

Gao, W., Brooks, G.A. and Klonoff, D.C. (2017) ‘Wearable physiological systems and
technologies for metabolic monitoring’, J. Appl. Physiol., Vol. 124, No. 3, pp.548-556, doi:
10.1152/japplphysiol.00407.2017.



178

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

A. Peddi and T. Venkata Ramana

Pettus, J. and Edelman, S.V. (2016) ‘Differences in use of glucose rate of change (ROC)
arrows to adjust insulin therapy among individuals with type 1 and type 2 diabetes who use
continuous glucose monitoring (CGM)’, J. Diabetes Sci. Technol., Vol. 10, No. 5, pp.1087—
1093, doi: 10.1177/1932296816639069.

Fantozzi, S., Giovanardi, A., Magalhdes, F.A., Di Michele, R., Cortesi, M. and Gatta, G.
(2016) ‘Assessment of three-dimensional joint kinematics of the upper limb during simulated
swimming using wearable inertial-magnetic measurement units.’, J. Sports Sci., Vol. 34,
No. 11, pp.1073-1080, doi: 10.1080/02640414.2015.1088659.

King, R.C., Mcllwraith, D.G., Lo, B., Pansiot, J., McGregor, A.H. and Yang, G-Z. (2009)
‘Body sensor networks for monitoring rowing technique’, 2009 Sixth International Workshop
on  Wearable and Implantable Body  Sensor  Networks, pp.251-255, doi:
10.1109/BSN.2009.60.

Lapinski, M., Berkson, E., Gill, T., Reinold, M. and Paradiso, J.A. (2009) ‘A distributed
wearable, wireless sensor system for evaluating professional baseball pitchers and batters’,
2009 International Symposium on Wearable Computers, pp.131-138, doi: 10.1109/
ISWC.2009.27.

Akins, J.S., Heebner, N.R., Lovalekar, M. and Sell, T.C. (2015) ‘Reliability and validity of
instrumented soccer equipment’, J. Appl. Biomech., Vol. 31, No. 3, pp.195-201, doi:
10.1123/jab.2014-0191.

Blair, S., Duthie, G., Robertson, S., Hopkins, W. and Ball, K. (2018) ‘Concurrent validation of
an inertial measurement system to quantify kicking biomechanics in four football codes’,
J. Biomech., Vol. 73, pp.24-32, doi: 10.1016/j.jbiomech.2018.03.031.

Philpott, L.K., Weaver, S., Gordon, D., Conway, P.P. and West, A.A. (n.d.) Assessing
Wireless Inertia Measurement Units for Monitoring Athletics Sprint Performance.

Shepherd, J.B., Giblin, G., Pepping, G., Thiel, D. and Rowlands, D. (2017) ‘Development and
validation of a single wrist mounted inertial sensor for biomechanical performance analysis of
an elite netball shot’, [EEE Sens. Lett., Vol. 1, No. 5, pp.1-4, doi: 10.1109/
LSENS.2017.2750695.

Kriiger, A. and Edelmann-Nusser, J. (2009) ‘Biomechanical analysis in freestyle
snowboarding: application of a full-body inertial measurement system and a bilateral insole
measurement system’, Sports Technol., Vol. 2, Nos. 1-2, pp.17-23, doi: 10.1002/jst.89.

Béchlin, M. and Troster, G. (2011) ‘Swimming performance and technique evaluation with
wearable acceleration sensors’, Pervasive Mob. Comput., doi: 10.1016/j.pmcj.2011.05.003.

Chardonnens, J., Favre, J., Cuendet, F., Gremion, G. and Aminian, K. (2013a) ‘A system to
measure the kinematics during the entire ski jump sequence using inertial sensors’,
J. Biomech., Vol. 46, No. 1, pp.56-62, doi: 10.1016/j.jbiomech.2012.10.005.

Chardonnens, J., Favre, J., Cuendet, F., Gremion, G. and Aminian, K. (2013b)
‘Characterization of lower-limbs inter-segment coordination during the take-off extension in
ski jumping’, Hum. Mov. Sci., Vol. 32, No. 4, pp.741-752, doi: 10.1016/j.humov.2013.01.010.

Chardonnens, J., Favre, J., Cuendet, F., Gremion, G. and Aminian, K. (2014) ‘Measurement of
the dynamics in ski jumping using a wearable inertial sensor-based system’, J. Sports Sci.,
Vol. 32, No. 6, pp.591-600, doi: 10.1080/02640414.2013.845679.

Li, R. et al. (2016) ‘A wearable biofeedback control system based body area network for
freestyle swimming’, Annual International Conference of the IEEE Engineering in Medicine
and Biology Society. IEEE Engineering in Medicine and Biology Society. Annual
International ~ Conference, Orlando, FL, USA, pp.1866-1869, doi: 10.1109/
EMBC.2016.7591084.

Alonge, F., Cucco, E., D’Ippolito, F. and Pulizzotto, A. (2014) ‘The use of accelerometers and
gyroscopes to estimate hip and knee angles on gait analysis’, Sensors (Basel, Switzerland),
Vol. 14, No. 5, pp.8430-8446, doi: 10.3390/s140508430.

Papi, E., Spulber, 1., Kotti, M., Georgiou, P. and McGregor, A.H. (2015) ‘Smart sensing

system for combined activity classification and estimation of knee range of motion’, /EEE
Sens. J., Vol. 15, No. 10, pp.5535-5544, doi: 10.1109/JSEN.2015.2444441.



920

91

92

93

94

95

96

97

98

2

100

101

102

103

A novel and intelligent decision-making system 179

van der Kruk, E. and Reijne, M.M. (2018) ‘Accuracy of human motion capture systems for
sport applications; state-of-the-art review’, Eur. J. Sport Sci., Vol. 18, No. 6, pp.806-819, doi:
10.1080/17461391.2018.1463397.

Diiking, P., Fuss, F.K., Holmberg, H-C. and Sperlich, B. (2018) ‘Recommendations for
assessment of the reliability, sensitivity, and validity of data provided by wearable sensors
designed for monitoring physical activity’, JMIR mHealth uHealth, Vol. 6, No. 4, p.e102, doi:
10.2196/mhealth.9341.

Koda, H., Sagawa, K., Kuroshima, K., Tsukamoto, T., Urita, K. and Ishibashi, Y. (2010) ‘3D
measurement of forearm and upper arm during throwing motion using body mounted sensor’,
J. Adv. Mech. Des. Syst. Manuf-, Vol. 4, No. 1, pp.167-178, doi: 10.1299/jamdsm.4.167.

Nakazato, K., Scheiber, P. and Miiller, E. (2011) ‘A comparison of ground reaction forces
determined by portable force-plate and pressure-insole systems in alpine skiing’, J. Sports Sci.
Med., Vol. 10, No. 4, pp.754-762, Available at: https://pubmed.ncbi.nlm.nih.gov/24149570

Nakazato, K., Scheiber, P. and Miiller, E. (2013) ‘Comparison between the force application
point determined by portable force plate system and the center of pressure determined by
pressure insole system during alpine skiing’, Sports Eng., Vol. 16, No. 4, pp.297-307, doi:
10.1007/s12283-013-0119-x.

Gandy, E.A., Bondi, A., Hogg, R. and Pigott, T.M.C. (2014) ‘A preliminary investigation of
the use of inertial sensing technology for the measurement of hip rotation asymmetry in horse
riders’, Sports Technol., Vol. 7, Nos. 1-2, pp.79-88, doi: 10.1080/19346182.2014.905949.

Wood, C.M. and Kipp, K. (2014) ‘Use of audio biofeedback to reduce tibial impact
accelerations during running’, J. Biomech., Vol. 47, No. 7, pp.1739-1741, doi:
10.1016/j.jbiomech.2014.03.008.

Lee, S.K. et al. (2017) ‘Motion anlaysis in lower extremity joints during ski carving turns
using wearble inertial sensors and plantar pressure sensors’, 2017 IEEE International
Conference on Systems, Man, and Cybernetics, SMC 2017, Institute of Electrical and
Electronics Engineers Inc., Banff, AB, Canada, pp.695-698, doi:
10.1109/SMC.2017.8122688.

Wang, Y., Zhao, Y., Chan, RH.M. and Li, W.J. (2018) “Volleyball skill assessment
using a single wearable micro inertial measurement unit at wrist’, /EEE Access, Vol. 6,
pp-13758-13765, doi: 10.1109/ACCESS.2018.2792220.

Kiernan, D., Hawkins, D.A., Manoukian, M.A.C., McKallip, M., Oelsner, L., Caskey, C.F.
and Coolbaugh, C.L. (2018) ‘Accelerometer-based prediction of running injury in national
collegiate athletic association track athletes’, J. Biomech., Vol. 73, pp.201-209, doi: 10.1016/
j-jbiomech.2018.04.001.

Makhni, E.C., Lizzio, V.A., Meta, F., Stephens, J.P., Okoroha, K.R. and Moutzouros, V.
(2018) ‘Assessment of elbow torque and other parameters during the pitching motion:
comparison of fastball, curveball, and change-up’, Arthroscopy: The Journal of Arthroscopic
& Related Surgery, Official Publication of the Arthroscopy Association of North America and
the International Arthroscopy Association, Vol. 34, No. 3, pp.816-822, doi: 10.1016/
j.arthro.2017.09.045.

Guo, Y-W. et al. (2010) ‘A pilot study on quantitative analysis for table tennis block using a
3D accelerometer’, Proceedings of the 10th IEEE International Conference on Information
Technology and  Applications in  Biomedicine, Corfu, Greece, pp.1-4, doi:
10.1109/ITAB.2010.5687806.

Miinz, A., Peham, C., Heipertz-Hengst, C., Eckardt, F. and Witte, K. (2013) ‘A preliminary
study of an inertial sensor-based method for the assessment of human pelvis kinematics in
dressage riding’, J. Equine Vet. Sci., Vol. 33, No. 11, pp.950-955, doi: 10.1016/
j-jevs.2013.02.002.

Kim, W. and Kim, M. (2016) ‘Soccer kick detection using a wearable sensor’, 2016
International Conference on Information and Communication Technology Convergence
(ICTC), Jeju, Korea (South), pp.1207-1209, doi: 10.1109/ICTC.2016.7763408.



180

104

105

106

107

108

109

110

111

112

113

114

115

116

117

A. Peddi and T. Venkata Ramana

Gawsalyan, S., Janarthanan, T.S., Thiruthanikan, N., Shahintha, R. and Silva, P. (2017)
‘Upper limb analysis using wearable sensors for cricket’, 2017 Second International
Conference on Electrical, Computer and Communication Technologies (ICECCT),
Coimbatore, India, pp.1-6, doi: 10.1109/ICECCT.2017.8118010.

Jacob, A. et al. (2017) ‘Wearable flex sensor system for multiple badminton player grip
identification’, AIP Conference Proceedings. American Institute of Physics Inc., Johor,
Malaysia, p.020036, doi: 10.1063/1.5002054.

Mocera, F., Aquilino, G. and Soma, A. (2018) ‘Nordic walking performance analysis with an
integrated monitoring system’, Semsors, Vol. 18, No. 5, p.1505, https://doi.org/10.3390/
s18051505

Skiba, A., Marchewka, J., Skiba, A., Podsiadto, S., Sulowska, 1., Chwata, W. and Marchewka,
A. (2019) ‘Evaluation of the effectiveness of nordic walking training in improving the gait of
persons with down syndrome’, Biomed. Res. Int., Edited by H. Shimada, p.6353292, doi:
10.1155/2019/6353292.

Plaumann, K., Uller, M.M. and Rukzio, E. (n.d.) ‘Circular selection: optimizing list selection
for smartwatches’, Proceedings of the 2016 ACM International Symposium on Wearable
Computers, ACM, New York, NY, USA, Available at:
http://dx.doi.org/10.1145/2971763.2971766 (Accessed 30 January, 2021).

Reyes, G., Zhang, D., Ghosh, S., Shah, Wu, J., Parnami, A., Bercik, B., Starner, T., Abowd,
G.D. and Keith Edwards, W. (n.d.) “Whoosh: non-voice acoustics for low-cost, hands-free,
and rapid input on smartwatches’, Proceedings of the 2016 ACM International Symposium on
Wearable Computers, ACM, New York, NY, USA, Available at: http://dx.doi.org/
10.1145/2971763.2971765 (Accessed 30 January, 2021).

Zhang, C., Yang, J., Southern, C., Starner, T.E. and Abowd, G.D. (2016) ‘WatchOut:
extending interactions on a smartwatch with inertial sensing’, International Symposium on
Wearable Computers, Digest of Papers, IEEE Computer Society, New York, NY, USA,
pp.136-143, doi: 10.1145/2971763.2971775.

Yeo, H.S., Lee, J., Bianchi, A. and Quigley, A. (2016) ‘WatchMI: applications of watch
movement input on unmodified smartwatches’, Proceedings of the 18th International
Conference on Human-Computer Interaction with Mobile Devices and Services Adjunct,
MobileHCI 2016, Association for Computing Machinery, Inc., New York, NY, USA,
pp-594-598, doi: 10.1145/2957265.2961825.

Motti, V.G. and Caine, K. (2015) ‘Micro interactions and multi dimensional graphical user
interfaces in the design of wrist worn wearables’, Proceedings of the Human Factors and
Ergonomics  Society Annual Meeting, Vol. 59, No. 1, pp.1712-1716, doi:
10.1177/1541931215591370.

Kaewkannate, K. and Kim, S. (2016) ‘A comparison of wearable fitness devices’, BMC Public
Health, Vol. 16, No. 1, p.433, doi: 10.1186/s12889-016-3059-0.

Kumar, Y. and Talwar, A. (2013) ‘Machine learning: an artificial intelligence methodology’,
Int. J. Eng. Comput. Sci., Vol. 2, 12 SE-Articles, Available at: http://www.ijecs.in/
index.php/ijecs/article/view/2261

Moreb, M., Mohammed, T.A. and Bayat, O. (2020) ‘A novel software engineering approach
toward using machine learning for improving the efficiency of health systems’, IEEE Access,
Vol. 8, pp.23169-23178, doi: 10.1109/ACCESS.2020.2970178.

Kishor, A. and Jeberson, W. (2021) ‘Diagnosis of heart disease using internet of things and
machine learning algorithms’, Proceedings of Second International Conference on
Computing, Communications, and Cyber-Security. Lecture Notes in Networks and Systems,
Vol. 203, pp.691-702, doi: 10.1007/978-981-16-0733-2_49.

Kishor, A., Chakraborty, C. and Jeberson, W. (2021) ‘Reinforcement learning for medical
information processing over heterogeneous networks’, Multimed. Tools Appl., Vol. 80,
pp-23983-24004, https://doi.org/10.1007/s11042-021-10840-0



118

119

120

121

122

123

124

125

126

127

128

A novel and intelligent decision-making system 181

Gupta, A.K., Chakraborty, C. and Gupta, B. (2021) ‘Secure transmission of EEG data using
watermarking algorithm for the detection of epileptical seizures’, Traitement du Signal,
Vol. 38, No. 2, pp.473—479. doi: 10.18280/TS.380227.

Swarna Priya, R.M., Maddikunta, P.K.R., Parimala, M., Koppu, S., Gadekallu, T.R.,
Chowdhary, C.L. and Alazab, M. (2020) ‘An effective feature engineering for DNN using
hybrid PCA-GWO for intrusion detection in [oMT architecture’, Comput. Commun., Vol. 160,
pp-139-149, doi: 10.1016/j.comcom.2020.05.048.

Deepa, N., Prabadevi, B., Maddikunta, P.K., Gadekallu, T.R., Thar, B., Ajmal, K.M. and
Usman, T. (2021) ‘An Al-based intelligent system for healthcare analysis using Ridge-Adaline
stochastic gradient descent classifier’, J. Supercomput., Vol. 77, pp.1998-2017, doi:
10.1007/s11227-020-03347-2.

Mishra, K.N. and Chakraborty, C. (2020) ‘A novel approach towards using big data and IoT
for improving the efficiency of m-Health systems’, Studies in Computational Intelligence,
Vol. 875, pp.123-139, doi: 10.1007/978-3-030-35252-3_7.

Gupta, A., Chakraborty, C. and Gupta, B. (2019) ‘Medical information processing using
smartphone under IoT framework’, Studies in Systems, Decision and Control, Vol. 206,
pp.283-308, doi: 10.1007/978-981-13-7399-2 12.

Nigam, K. and Nigam, K. (1999) ‘Using maximum entropy for text classification’, ZJCAI-99
Workshop on Machine Learning for Information Filtering, pp.61-67, Available at:
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.63.2111 (Accessed, 7 July, 2021).

Lee, C. and Lee, G.G. (2006) ‘Information gain and divergence-based feature selection for
machine learning-based text categorization’, Inf. Process. Manage., Vol. 42, No. 1,
pp.155-165, doi: 10.1016/J.TIPM.2004.08.006.

Correlation and Regression Analysis: A Historian’s Guide — Department of History — UW—
Madison (1994) Available at: https://history.wisc.edu/publications/correlation-and-regression-
analysis-a-historians-guide/ (Accessed 7 July, 2021).

Liaw, A. and Wiener, M. (2002) ‘Classification and regression by random forest’, R News,
Vol. 2, No. 3, Available at: http://www.stat.berkeley.edu/ (Accessed 7 July, 2021).

Varol Malkogoglu, A.B. and Utku Malkogoglu, S. (2020) ‘Comparative performance analysis
of random forest and logistic regression algorithms’, 2020 5th International Conference on
Computer Science and Engineering (UBMK), Diyarbakir, Turkey, pp.25-30, doi:
10.1109/UBMKS50275.2020.9219478.

Awad, M. and Khanna, R. (2015) ‘Support vector regression’, Efficient Learning Machines,
pp.67-80, doi: 10.1007/978-1-4302-5990-9_4.



