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During almost the whole day, people are carrying or wearing
one or more personal devices, such as smartphone, smart-
watch, smartband, activity tracker, or smart ring. From one
side, these devices provide an extraordinary source of infor-
mation.�ey can collect health parameters, such as heart rate
and blood pressure, and measure the activity of the user, for
example, by counting the number of steps, track position,
and speed of the user. From the other side, the personal
devices offer an intuitive and implicit interaction with the
user.�eir interface is designed to recognize the user’s actions
and respond to them. A natural communication, based on
touch, gestures, voice, and sounds, is established with the
user in order to recognize his/her actions and respond to
them. Furthermore, the personal devices can be aware of
the usage context, for example, by automatically recognizing
the activity performed by the user. �eir behaviour can be
proactive: by recording previous routine and needs of the
user, they can propose specific suggestions related to the
current context, so anticipating the explicit user input. New
applications of the personal devices are arising in many
fields, such as health, wellness, and entertainment. At the
same time, the service can be personalized and adaptive,
because the continuous flow of collected data simplifies the
knowledge of the user and the understanding of routine
changes.

�is special issue contains excellent contributions about
emerging applications of personal devices with intuitive user
interaction. In addition, a comprehensive review paper gives
an insight into a healthcare application of personal devices.
In this way, we think that the special issue may attract a
broad section of readership, from beginners to advanced
researchers.

A common application in mobile healthcare is fall avoid-
ance, due to the high social cost caused by unintentional falls.
Personal devices have been exploited in many fall detection
systems, which are able to recognize falls and notify user’s
acquaintances in order to provide quick assistance to the
user a�er the fall. However, if the goal is the fall avoidance,
more promising approaches require the evaluation of the
fall risk. �e prediction of the fall in real time is used to
alert the user before the fall occurrence or to activate some
external aid, such as a walking assist robot, whereas proper
exercise for improving gait and mobility can be assigned to
the user according to the assessment of his/her probability
of future falls. �e paper of M. Hemmatpour et al. provides
a detailed review on fall prediction and prevention systems
based on wearable devices. �e posture and gait of the user
are commonly studied bymeans of accelerometer, gyroscope,
motion sensor, and piezoelectric sensor. �e main features
extracted from the collected data are gait speed and acceler-
ation, trunk tilt, foot posture, and duration of the transitions
between postures. Different machine learning algorithms
can be applied to process these features: threshold-based
algorithm, decision tree, support vector machine, and fuzzy
logic. In the paper of M. Hemmatpour et al., a dataset of walk
patterns was populated by recording data when a group of
users is asked to walk in a flat area, where different types of
obstacles cause irregular gaits. �e level of fall risk predicted
by the different machine learning algorithms was compared
by using the speed, acceleration, and tilt extracted from the
collected data. �e evaluation criteria for the outcome of the
machine learning algorithms include specificity, sensitivity,
accuracy, error rate, precision, and recall. According to
the analysis, normal and abnormal walk patterns can be
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distinguished at best by evaluating the tilt feature with a
decision tree.

Another healthcare application of wearable devices is the
monitoring and controlling of heart problems, as shown in
the paper of A. J. A. Majumder et al. �e authors have devel-
oped a smart IoT systemcomposed of embedded temperature
and pulse sensors for data collection, an Arduino board for
analog-to-digital converter, a Bluetooth chip for data trans-
mission, and a smartphone for data analysis and visualization.
Temperature and electrocardiogram (ECG) data are read
from the sensors at 5 Hz and 160 Hz, respectively. First, a
filtering technique is applied to the ECG data to reduce the
noise, with removal of baseline wander and high-frequency
component. �en, three features are extracted from the ECG
signal: heart rate, that is, number of beats per minute; R-
R interval, that is, interval between successive heartbeats;
and ST segment, that is, length of the flat section between
the waves in a heartbeat. A novel algorithm based on the
decision tree model with a standard deviation statistical
analysis has been implemented in order to evaluate the three
ECG features and the temperature. Input data are analysed
every second; the algorithm evaluates the analysis results in
the last five seconds to determine the degree of heart rate
abnormality, according to five warning levels. �e developed
IoT system has been evaluated with healthy test subjects,
without triggering any warnings and with data from an
online database of patients who suffered from sudden cardiac
deaths. In the latter case, the algorithm is able to distinguish
the abnormal ECGpattern and raise the properwarning level.

Wearable technology can be a reliable and objective
support for humans’ senses. An example is provided in the
paper of V. Ferraro et al. about a plurisensorial device aiming
at preventing occupational disease. In particular, a prototype
was designed for coating plants, where the concentration of
Volatile Organic Compounds (VOC) is high during material
lacquering. VOC-prolonged inhalation may cause asthma,
lung cancer, pulmonary and respiratory diseases, and so
forth, so environmental monitoring and personal protective
equipment are mandatory by law. However, according to
the authors’ initial observation, the lacquering tasks were
performed in cabins equipped with an aspiration system
to reduce the inner air pollution, but the workers did not
wear the protective mask. In fact, despite the strong smell of
VOC, the workers’ perception about them was low: this is an
adaptation due to the long-term exposure. Without feeling
bad odours, the workers do not perceive the dangerousness
of VOC. V. Ferraro et al. have designed and prototyped a
wearable system able to provide objective data to the users
in order to enhance their perception of risk. �e system is
composed of an electronic nose device, a smart protective
mask, a chest band, and amobile application for smartphone.
�e electronic nose device is equipped with a VOC sensor
and gives feedback about the air quality thanks to coloured
LEDs. �e mask monitors the user’s breath by means of
temperature and humidity sensors. �e chest band measures
the respiration frequency. Data collected by the three devices
are sent via Bluetooth to the mobile application, which
provides real time and historical statistics. �e testing of the
prototype reveals that, during the tasks performed in the

cabin, the level of contaminants was high during most of the
time. According to the final interview, the workers changed
their consciousness about their health conditions and were
interested in wearing the protective mask.

T. Khan et al. present a study of the impact of an
Augmented Reality (AR) mobile application on learning
motivation of a group of undergraduate health science
students. �ey present a very complete literature review,
emphasizing the advantages and challenges of the current
state of augmented reality technology in education. Preusage
and postusage questionnaires were used as instruments for
data collection. To measure motivation, authors use the
Attention, Relevance, Confidence, and Satisfaction (ARCS)
model. Based on the ARCS factors, the authors developed
a questionnaire in the form of a five-point Likert scale. �e
results showed that using an augmented reality mobile appli-
cation can increase the learning motivation of students. �e
attention, satisfaction, and confidence factors of motivation
were significantly enhanced.

Another interesting mHealth application along with a
computational model is presented in D. Baretta et al.’s paper.
�ey present an experimental system formed by a mobile
application, a wearable device, and a computational model
that is conceptually framed in self-efficacy theory with a
particular emphasis on self-efficacy beliefs and goal setting
constructs. �e computational model represents a mathe-
matical description of a behaviour change model based on
self-efficacy theory that needs to be tuned according to real
case studies. �e proposal of the authors turns out to be an
innovative approach to promote physical activity behaviour
change among inactive adults.
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Injuries due to unintentional falls cause high social cost in which several systems have been developed to reduce them. Recently, two
trends can be recognized. Firstly, the market is dominated by fall detection systems, which activate an alarm after a fall occurrence,
but the focus ismoving towards predicting and preventing a fall, as it is themost promising approach to avoid a fall injury. Secondly,
personal devices, such as smartphones, are being exploited for implementing fall systems, because they are commonly carried by
the user most of the day. This paper reviews various fall prediction and prevention systems, with a particular interest to the ones
that can rely on the sensors embedded in a smartphone, i.e., accelerometer and gyroscope. Kinematic features obtained from the
data collected from accelerometer and gyroscope have been evaluated in combination with different machine learning algorithms.
An experimental analysis compares the evaluated approaches by evaluating their accuracy and ability to predict and prevent a fall.
Results show that tilt features in combination with a decision tree algorithm present the best performance.

1. Introduction

Health centers have to deal with a large number of patients
due to unintentional falls, resulting in huge cost on the
society. For example, the average hospital cost for fall injury
is over $ 30,000 [1]. Thus, there is a critical need for the
development of cost-effective systems to reduce the injuries
of a fall and to give faster assistancewhen a fall occurs. Several
risk factors for falling can be identified, and specific interven-
tions can be designed in order to reduce injuries. To this end,
several systems were developed and are now available. Most
of these systems concern fall detection [2–8], and they only
notify user’s acquaintances after a fall occurrence. However,
there are systems with the goal of predicting and preventing a
fall, called fall prediction and prevention systems (FPPSs) [9–
13]. Such systems track and report data fromwearable sensors
without engaging the users in the monitoring process. FPPSs
include sensors to collect data and software applications to
process them: first, data are collected from sensors, then, the
collected data are analyzed to extract an appropriate feature
set. Afterwards, a machine learning algorithm is applied on

the obtained data. Since smartphones nowadays are broadly
used as personal digital assistance and they are equipped
with precise sensors and communication component, they
are used commonly in FPPSs as amonitoring device to collect
data.

Fall prediction systems typically estimate real-time or
future fall risk. These systems are helpful in reducing
the financial and health consequences of a fall. Since
both prediction and prevention systems evaluate a fall
risk sometimes prediction and prevention terms are inter-
leaved. These systems are essential to check the feasibility
of performing recovery mechanisms before a fall occur-
rence.

Real-time fall prediction system aims to identify an
abnormal gait pattern in order to estimate the probability
of a real-time fall occurrence [14–16]. In real-time fall risk
prediction, data are collected from sensors, and are analyzed
to compute the appropriate feature set. Then, the risk of a
possible fall is evaluated through classification algorithms.
Real-time systems continuously assess the fall risk while the
user is doing his/her daily activity. When an abnormal gait is

Hindawi
Advances in Human-Computer Interaction
Volume 2019, Article ID 9610567, 12 pages
https://doi.org/10.1155/2019/9610567

https://orcid.org/0000-0002-8505-239X
https://orcid.org/0000-0003-4459-4843
https://orcid.org/0000-0003-0065-8614
https://orcid.org/0000-0002-7135-7694
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/9610567


2 Advances in Human-Computer Interaction
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Figure 1: Fall prediction and prevention taxonomy.

detected then the user is alerted [14–16], or an external aid,
such as a walker or robot, is exploited to prevent a probable
fall [17, 18].

Future fall prediction is estimated through some clinical
assessment tests. Probable future falls are prevented through
improving gait and mobility by some exercises [17, 18]. These
tests often involve questionnaires or functional assessments
of posture, gait, cognition, and other risk factors. These
clinical tests are subjective and qualitative and typically use
threshold assessment scores to categorize people as fallers and
nonfallers. Typically, these tests are timed up and go (TUG)
[19], Berg Balance Scale (BBS) [20], sit to stand (STS) [21],
and one leg stand (OLS) [22] to evaluate balance and lower
limb strength.

The design of a fall prediction and prevention system
faces several significant challenges. They need to be accurate,
reliable, robust, and cost-effective [1]. In this paper, a fall
prediction and prevention system is described in three parts:
fall factors (i.e., fall symptoms), their features, and machine
learning algorithms. This paper investigates every mentioned
stage and experimentally evaluates the various approaches.
This paper does not present systems using sensors such as
camera and sound since they are prone to violate individual’s
privacy comparing to kinematic wearable sensors. In this
paper, accelerometer (for measuring the acceleration) and
gyroscope (for measuring the angular rate around one or
more axes of the space) are considered for evaluation. These
sensors are chosen since they are easily accessible and do not
disturb the privacy of the user.Themain contributions of this
paper are the following:

(i) A comprehensive discussion on fall prediction and
prevention systems

(ii) Preparing a dataset with realistic parameters to simu-
late abnormal gait

(iii) Finding the most representative fall factors
(iv) Evaluation of the fall factors based on the extracted

feature on commonly used machine learning algo-
rithms

This paper is organized as follows. In Section 2, existing
FPPSs are classified according to the fall factors.Then, in Sec-
tions 3 and 4, feature extraction techniques and machine
learning algorithms are described. Evaluation criteria are
illustrated in Section 5. Afterwards, experimental results are
shown in Section 6. Finally, conclusions are presented in
Section 7.

2. Classification of Fall Factors

Fall prediction and prevention is a multifaceted problem
that can be broadly categorized into two different domains:
physiology and kinematics, as can be seen in Figure 1.

Physiological solutions consider intrinsic fall factors, i.e.,
parameters which mostly originate from the body. These
solutions entail an in-depth medical evaluation of the risk
factors and exploit sensors related to body monitoring:

(i) Electrocardiogram (ECG) sensor
Typically, ECG is used to assess the electrical and
muscular operations of the heart but ECG sensing can
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also determine abnormalities that might lead to a fall
[23, 24].

(ii) Electromyography (EMG) sensor
EMG is a technique for evaluating the electrical
potential produced by muscle cells. EMG in combi-
nation with other medical sensors is used in FPPSs
[23].

(iii) Blood pressure sensor
Blood pressure sensing is a physiological sign that can
be investigated to determine abnormalities that may
lead to a fall [23].

(iv) Galvanic Skin Response (GSR) sensor
GSR is a method for measuring the electrical charac-
teristics of the skin. GSR in combination with ECG
and EMG are used to predict and prevent falls [23].

Fall factors in physiological analysis are as follows:

(i) Neuromuscular noise
The increased neuronal noise associated with aging
increases gait variability and consequently fall risk
[25].

(ii) Heartbeat
An irregular heartbeat increases the risk of a fall [23,
26].

(iii) Skin electrical characteristic
Since the sweat glands are controlled by the sympa-
thetic nervous system, which controls also emotions,
a variation of the skin electrical characteristic could
demonstrate a state of stress, which indicates the risk
of a fall [23].

Unlike physiological solutions, kinematics-based FPPSs
consider user’s posture or gait variables. These solutions
usually exploit movement sensors to investigate the extrinsic
parameters of fall, i.e., characteristics of the movement of the
body:

(i) Accelerometer
An accelerometer is a device that measures accelera-
tion, i.e, the rate of change of the velocity of an object.

(ii) Gyroscope
A gyroscope gives the angular rate around one or
more axes of the space. Angular measurement around
lateral, longitudinal and vertical plane are referred
to as pitch, roll and yaw, respectively. Typically, in
FPPSs, the gyroscope is used in combination with an
accelerometer.

(iii) Motion sensor
A motion sensor detects the movement of an object
in the environment.

(iv) Piezoelectric sensor
A piezoelectric sensor measures the variations in
pressure and force using the piezoelectric effect and
converts them into an electrical charge.

Kinematic-based FPPSs focus on future or real-time fall
occurrence. Future fall solutions evaluate a user to estimate
his/her fall risk: if the fall risk is high, a probable future fall can
be prevented through some exercises [27]. In contrast, real-
time fall solutions avoid a fall while the user is doing his/her
daily activity by alerting the user [14–16] or using an external
aid such as a walker or robot [17, 18].

As extrinsic fall factors are among the most common
causes of fall, this study surveys kinematic-based FPPSs,
considering in particular data acquired with gyroscope and
accelerometer sensors.Themain kinds of factors in kinematic
analysis which can increase the risk of fall in FPPSs are
explained in the following.

2.1. User Profile. User profile can affect the fall risk. For exam-
ple, the risk of a fall for elderly people is higher than
young people, and the risk of a fall is higher in people who
experienced a previous fall. Fall risk can be assessed through a
weighted generic formula that combines all these factors [28].

2.2. Velocity. People with increased fall risk tend to walk
slowly. As such, the actual fall risk can be quantified according
to gait speed [29]. Gait speed is estimated by measuring
duration and length of user’s steps. The step duration is
calculated as the time between two consecutive foot contacts.
The step length is calculated as the sum of the displacement
during the swing phase and the stance phase.

2.3. Acceleration. Changing of body movement in a prefall
state causes alternation in the acceleration, so by processing
the Acceleration Time Series (ATS), a fall event can be
predicted. As Figure 2 illustrates, human motion during the
time period 𝑆 can be presented with 𝑛 smaller periods 𝑇𝑠
[30]. Period 𝑇𝑠 itself consists of 𝑚 short periods 𝑇 with 𝑚
acceleration samples. Basically, ATS is characterized by a
series of elements 𝑐𝑖 over time, where each element describes
the feature of the movement during period 𝑇𝑠.
2.4. Tilt. Tilt is inclination from horizontal or vertical line.
When a user significantly tilts in a direction, it shows an
abnormal posture, which can lead to a fall. So, the user tilt
can be a factor to assess the risk of a fall. Table 1 illustrates the
notations to measure user’s tilt [14–16].

Some traditional standard balance tests, such as sit to
stand (STS), uses trunk tilt to evaluate the risk of a fall. The
trunk tilt is calculated based on the angles between the sensor
and the horizontal line of the ground [31].

2.5. Postural Transition Duration. Posture specifies the posi-
tion of the body. Any activity begins with a posture and ends
with another posture. Postural transition duration specifies
the duration of a transition from a posture to another one.
Balance control and stability of the body during postural tran-
sitions are key factors for avoiding falls. Postural transition
duration can be an indicator of fall because it is significantly
correlated with the fall risk [31]. Higher transition duration
means lower muscle strength, and consequently higher fall
risk.The duration of the postural transition can be computed
by means of the accelerometer and gyroscope by measuring
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Figure 2: ATS accelerometer.

Table 1: Results of different approaches with decision tree and support vector machine classifications.

Measures Tilt Speed Acceleration
DT SVM DT SVM DT SVM

Accuracy 83.88 65.7 72.11 61.53 81.42 56.66
Error Rate 16.11 34.2 27.88 38.46 18.57 43.33
Sensitivity 0.88 0.74 0.87 0.66 0.78 0.26
Generality 0.21 0.42 0.43 0.43 0.15 0.12
Precision 0.81 0.63 0.67 0.60 0.83 0.68
Recall 0.88 0.74 0.87 0.66 0.78 0.26
ROC Area 0.86 0.65 0.69 0.61 0.82 0.57

the depression on the vertical axis acceleration signal, and
the positive and negative angular rotations of the horizontal
axis.The depression of the acceleration signal comes from the
movement of the body, and the angular rotation is due to the
forward and backward leans of the trunk during transition.

2.6. Foot State. The foot state indicates the posture of the
foot during the gait cycle. Since foot state can specify the
balance of the user, investigating the foot state can help to
define the prefall state and estimate the fall risk. Some FPPSs
focus on features related to foot state such as foot clearance
(i.e., the distance of the foot and ground during walking)
and foot age (i.e., relation of the age with the foot pressure)
[32, 33].

2.7. Stability and Symmetry. Stability means the resistance of
standing against a position change. Symmetry is the balance
of the pressure on two feet. Stability and symmetry affect the
functionality of the user gait: a gait with weak stability and
symmetry has a higher fall risk. According to the stability and
symmetry of gait, an assessment model can be used to predict
the fall risk [34].

3. Feature Extraction

After acquiring signals from sensors, a feature extraction
technique should be applied to extract appropriate informa-
tion. Since data collected from sensors contain undesired
information, filtering techniques are essential. A filtering
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technique eliminates some frequencies from the original
signal to attenuate the backgroundnoise and to remove unde-
sired frequencies [29, 35]. Frequently used filters in FPPSs
are high-pass filters, which eliminate frequencies lower than
the cutoff frequency, and low-pass filters, which pass only
frequencies lower than a certain threshold frequency. After
filtering the collected data, appropriate features should be
selected. Since analyzing a high number of features requires a
large amount of memory, finding the optimal feature set can
improve the performance of the system. The main features
extracted from each fall factor are listed in Figure 3 and
described in the following.

3.1. User Profile. Falls are the result of a combination of fac-
tors involving age, sex, mobility, daily activity, cognition, and
previous fall. Thus, fall risk can be expressed as a simple
function of user profile features with appropriate weights
[28]:

𝐹𝑎𝑙𝑙 𝑅𝑖𝑠𝑘 = 0.13 (𝐼𝑎) + 0.15 (𝐼𝑠) + 0.14 (𝐼𝑚)
+ 0.1 (𝐼𝑎𝑑𝑙) + 0.18 (𝐼𝑐) + 0.33 (𝐼𝑓)

(1)

where

(i) 𝐼𝑎 is the age index: the risk of falls in the elderly is
assumed increasing with age [36];

(ii) 𝐼𝑠 is the sex index: female gender is associated with
greater risks of fall [37];

(iii) 𝐼𝑚 is the mobility index: mobility implies the ability
to move from place to place which can be indicator of
a fall [38, 39];

(iv) 𝐼𝑎𝑑𝑙 is the index derived from the activities of daily
living (ADL): fall risk and a person’s perception of
capabilities within a particular domain of activities
have strong independent correlation with ADL [40];

(v) 𝐼𝑐 is the cognition index: impaired cognition and
dementia independently predict falls [41];

(vi) 𝐼𝑓 is the previous fall index: a history of previous falls
has been recognized as being a significant risk factor
for future falls [41].

Theweights in the above formula and the choice of indices
are made by statistical result of the earlier study [28]. The
weights differ for male and female; in the above formula
weights are calculated for female gender.

3.2. Velocity. As mentioned in Section 2.2, low gait speed
increases the risk of a fall. The average speed of the gait can
be measured to estimate the fall risk [29].

3.3. Acceleration. Frequently used features of the acceleration
are described in the following. In the formulas, 𝐴(𝑡) refers
to the acceleration and 𝐴𝑥(𝑡), 𝐴𝑦(𝑡), and 𝐴𝑧(𝑡) indicate the
components of the acceleration in the 3 axes. Moreover,
𝐴𝑥𝑖, 𝐴𝑦𝑖, and 𝐴𝑧𝑖 are the 𝑖-th acceleration samples in the 3
axes.

The Signal Magnitude Area (SMA) can be used as a
feature of the acceleration signal to classify the activities of
the user [35]. SMA is computed as follows:

𝑆𝑀𝐴 = 1
𝑇 (∫𝑇
0

𝐴𝑥 (𝑡) 𝑑𝑡 + ∫𝑇
0

𝐴𝑦 (𝑡) 𝑑𝑡

+ ∫𝑇
0

𝐴𝑧 (𝑡) 𝑑𝑡)
(2)

where 𝑇 is the length of measurement time.
The Signal Magnitude Vector (SMV) is one of the com-

mon measures to calculate the resultant of the signal:

𝑆𝑀𝑉 = 1
𝑛
𝑛∑
𝑖=1

√𝐴2𝑥𝑖 + 𝐴2𝑦𝑖 + 𝐴2𝑧𝑖 (3)
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SMV demonstrates the degree of the movement intensity and
it is an essential metric in FPPSs [15, 16, 30, 35].

Moreover, the derivative (𝐴(𝑡)) of the acceleration indi-
cates the vibration of the movement and can be used as an
acceleration feature [35].

Hjorth parameters are statistical features of the signal in
timedomain [42].They are based on the variance of the signal
V𝑎𝑟(𝐴(𝑡)):

(i) 𝐻𝑗𝑜𝑟𝑡ℎ 𝑎𝑐𝑡𝑖V𝑖𝑡𝑦 = V𝑎𝑟(𝐴(𝑡)); it can indicate the
signal power.

(ii) 𝐻𝑗𝑜𝑟𝑡ℎ 𝑚𝑜𝑏𝑖𝑙𝑖𝑡𝑦 = √V𝑎𝑟(𝐴(𝑡))/V𝑎𝑟(𝐴(𝑡)); it can be
an indicator of the smoothness of the signal curve.

(iii) 𝐻j𝑜𝑟𝑡ℎ 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 =
𝑚𝑜𝑏𝑖𝑙𝑖𝑡𝑦(𝐴(𝑡))/𝑚𝑜𝑏𝑖𝑙𝑖𝑡𝑦(𝐴(𝑡)); it can effectively
measure irregularities in the frequency domain.

The Hjorth parameters are mostly used to analyze the
electroencephalography signals but they are also utilized to
analyze accelerometer and gyroscope signals in FPPSs [15].

Peak is the absolute maximum value of the signal over the
period of time, and peak-to-peak is the difference between
the minimum and the maximum value of the signal over the
period of time. The peak-to-peak acceleration amplitude and
the peak-to-peak acceleration derivative are two features used
in FPPSs [29].

The energy of the acceleration signal describes the
amount of physical activity in the vertical and horizontal
directions. It can determine the strength of the contact with
the floor, so it can be used to recognize abnormal walking
pattern such as stumbling [14, 16]. The energy of the signal
can be computed as

𝐸𝑥 = ∫∞
−∞

|𝐴 (𝑡)|2 𝑑𝑡, (4)

As described in Section 2.3, ATS can be characterized
by a series of features 𝑐𝑖. Feature 𝑐𝑖 can be determined by
calculating the resultant acceleration →𝐴𝐹:

→𝐴𝐹 = √→|𝑥|2 + →𝑦2 +
→|𝑧|2 (5)

The resultant acceleration (→𝐴𝐹) varies within a small range B
= [𝑏1, 𝑏2] around 𝑔 where 𝑔 is the gravity force, 𝑏1 < 𝑔 < 𝑏2.
Therefore, if the resultant acceleration exceedsB, an abnormal
walking is probable.

3.4. Tilt. Trunk tilt has an important role in the maintenance
of the posture. The average and standard deviation of trunk
tilt are measured during the sit to stand phase of STS test
to assess the risk of a fall [31]. Moreover, energy and Hjorth
parameters of the tilt vector are used as an indicator of the
abnormal motion [14–16].

3.5. Postural Transition Duration. The average and standard
deviation of the duration of the postural transition can be
used to estimate the user’s fall risk [27, 31].

3.6. Foot State. Step length is a feature of the foot in a gait
cycle that can be a good indicator of the fall risk. Since a
high step length decreases the stability of the user, the fall
risk increases as the length of the step grows. Single support
time is the time when only one limb is on the ground in a gait
cycle. Double support time is the time spent when both feet
are on the ground in a gait cycle.The foot age is an index of the
gait which shows how old is the gait condition of the subject.
Through the foot age, the falling risk can be quantified.
The foot age is computed through the four gait features
(step length, step center of sole pressure (CSP), distance of
single supporting period, and time of double support period)
[32].

The Minimum Foot Clearance (MFC) is another foot
state feature that indicates the vertical distance between the
lowest point of the foot of the swing leg and the walking
surface during the swing phase of the gait cycle. The foot
clearance is an important gait parameter that is related to the
risk of falling. The low foot clearance for a step during the
walking increases the probability of fall because of hitting to
an obstacle.The foot clearance is extensively studied to detect
trips and falls [33, 43, 44].

4. Machine Learning Algorithm

Features extracted from the input signals are processed by a
machine learning algorithm in order to classify the abnormal
behavior and the normal daily activity. Exploited machine
learning algorithms in FPPSs are described in following.

(1) Threshold-based Algorithm utilizes a threshold to
classify the feature set of the user gait. After extracting the
desired features from the input signals, these features are
compared with predefined thresholds. Since the thresholds
have an important effect on the performance of the algo-
rithm, the biggest challenge of a threshold-based algorithm
is determining the thresholds. Moreover, the performance of
the algorithm depends on the number of features which need
to be analyzed. However, complexity and power consumption
of this type of algorithms are low, so it can be adequate for
devices with limited resources. Some examples of different
FPPSs that exploit a threshold-based algorithm are described
in the following.

Features of the acceleration signal of human upper trunk
[30] in a short time interval before the fall are denoted as𝜆. After obtaining the ATS of the user, P(ATS |𝜆) states the
probability of a fall occurrence during the user motion. Two
thresholds P1 and P2 are specified to predict and detect a fall.
As Figure 4 illustrates, the output of P(ATS |𝜆) is an input to
the algorithm. Then, based on predefined thresholds, if P is
higher than P1, the fall risk is notified, if P is higher than P2,
a possible fall is noticed.

SMV, SMA, peak-to-peak, and derivative of acceleration
signals are computed as feature set of user gait [35]. After-
wards, thresholds are determined to define a near fall state.

The gait status can be classified based on mean and
standard deviation of stability and symmetry [34]:

(i) If index ≤ mean+std, then the gait status is normal:
the subject walks normally and there is not fall risk.



Advances in Human-Computer Interaction 7

P (ATS|)

P<P1

P<P2Fall predicted

No fall
YES

NO

YES

Fall detected

NO

Figure 4: Threshold-based algorithm.

(ii) If mean+std < index ≤ 3∗mean, then the gait status is
attentive: the subject needs to care when walking.

(iii) If index > 3∗mean, then the gait status is dangerous:
the subject should present a risk to fall.

(2) Decision Tree (DT) is a directed tree with a root
node without incoming edges and all other nodes, known
as decision nodes, with one incoming edge and possible
outcoming edges; a leaf node is a node without outcoming
edges. At the training stage, each internal node splits the
instance space into two or more parts. After that, every path
from the root node to a leaf node forms a decision rule to
determine which class a new instance belongs to [45]. Each
internal node represents a test on an attribute or on a subset
of attributes, and each edge is labeled with a specific value or
range of values of the input attributes. DT is a fast algorithm
but the computation cost on the tree grows as the size of the
tree increases.

Figure 5 illustrates how a decision tree algorithm can be
used in the classification of normal and abnormal walking
[14–16]. Firstly, accelerometer and gyroscope signals are
collected, then a general tilt vector is computed. Afterwards,
appropriate features (e.g., energy; Hjorth parameters) are
calculated from tilt vector. Then, DT is used to determine the
abnormal walking.

(3) Support Vector Machine (SVM) finds the best hyper-
plane with the maximum margin to separate two classes.
SVM can be defined as linear or nonlinear according to the
kind of hyperplane function. SVM is a prevailing classifica-
tion model for gait pattern recognizing [46–48]. SVM can be
used to determine the threshold value to classify the user gait
[30].

(4) Fuzzy Logic defines amembership function in order to
assign to objects a grade ofmembership ranging between zero
and one. For example, if𝑋 is a class of objects, with a generic
element denoted by 𝑥, a fuzzy set 𝐴 in 𝑋 is characterized by
a membership function 𝑓𝐴(𝑥). The value of 𝑓𝐴(𝑥) represents
the “grade of membership” of 𝑥 in 𝐴, which is a real number

in the interval [0, 1]. The nearer the value of 𝑓𝐴(𝑥) to unity,
the higher the grade of membership of 𝑥 is in 𝐴 [49].

Based on the relationship between fall risk and age, the
fuzzy logic is used to prevent a fall using the sole pressure
sensor to estimate the age [32]. Firstly, the fuzzy membership
function for young age, 𝜇𝑌, middle age, 𝜇𝑀, and elderly age,
𝜇𝐸, are calculated based on the four extracted features (step
length, step center of sole pressure width, distance of single
supporting period, and time of double support period) of the
user gait. Then, a fuzzy logic is used to estimate the foot age.

5. Evaluation Criteria

Evaluation criteria of a machine learning algorithm are
described in the following. In all presented formulas, P
and N represent the total number of positive and negative
instances. A positive and negative instance can be defined
as an abnormal/normal walk. True Positive (TP) and True
Negative (TN) are defined as correct identification of a true
classification of positive and negative instance, respectively.
False Positive (FP) and False Negative (FN) misidentify
positive and negative instances, respectively.

(1) Specificity or True Negative Rate (TNR) measures
the rate of negative instances that are correctly identified as
negative:

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = #𝑇𝑁
#𝑇𝑁 + #𝐹𝑃 (6)

Moreover, 𝐺𝑒𝑛𝑒𝑟𝑎𝑙𝑖𝑡𝑦 is computed as 1 - Specificity.(2) Sensitivity or True Positive Rate (TPR) measures the
rate of positive instances that are correctly identified as
positive:

𝑆𝑒𝑛𝑠𝑖𝑡𝑖V𝑖𝑡𝑦 = #𝑇𝑃
#𝑇𝑃 + #𝐹𝑁 (7)

(3) Accuracy of an algorithm computes the number of
samples correctly classified:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = #𝑇𝑃 + #𝑇𝑁
#𝑃 + #𝑁 (8)

(4) Error rate is the number of wrong classifications:

𝐸𝑟𝑟𝑜𝑟 𝑅𝑎𝑡𝑒 = #𝐹𝑃 + #𝐹𝑁
#𝑃 + #𝑁 (9)

(5) Precision is the percentage of the samples correctly
classified as true:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = #𝑇𝑃
#𝑇𝑃 + #𝐹𝑃 (10)

(6) Recall is the percentage of truly classified positive
samples:

𝑅𝑒𝑐𝑎𝑙𝑙 = #𝑇𝑃
#𝑇𝑃 + #𝐹𝑁 (11)

It should be noted that one criterion alone may not be
sufficient to evaluate the algorithm.
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Figure 5: Fall prediction and prevention algorithm based on decision tree.
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The Receiver Operating Characteristic (ROC) curve can
be used to compare different algorithms. The ROC curve is a
graphical plot that illustrates the performance of a classifier
[50]. Generality and sensitivity are plotted on 𝑥 and 𝑦 axes
of the ROC plot, respectively. The best classifier is located
at the top left corner of the ROC graph, which represents
100% sensitivity and 100% specificity. The diagonal line from
the left bottom to the top right corner divides the ROC
space into two parts. The space above the diagonal represents
classification with few errors, while the space below the
line shows more erroneous results. For example, Figure 6
compares four possible algorithms: A(0.1,0.9), B(0.1,0.22),
C(0.9,0.15), and D(0.8,0.6). 𝐴 has the best prediction among
the four instances. The further the result is from the diagonal

in the above space, the better the accuracy is. 𝐶 is the worst
among the four instances, because it is below and far from
the diagonal line. 𝐵 is a good classifier but not as much
as 𝐴, because it is above but not far from the diagonal
line. Moreover, since 𝐷 is closer to diagonal line, it is more
acceptable than 𝐶.

To show how ROC curve is plotted, the output of two
classifiers is illustrated in Figure 7. The 𝑥-axis shows the
probability that the user gait is abnormal, and the 𝑦-axis
represents the number of instances with the same probability.
For instance, point (0.8, 5) means that the gait of 5 users is
predicted as abnormal with probability 0.8, and the gait of all
users is abnormal because it is located along the abnormal
distribution. To prepare the ROC curve, firstly, a random
variable 𝑋 is defined and a threshold (𝑇) is set. Everything
above the threshold (𝑋 > 𝑇) is classified as abnormal and
below the threshold (𝑋 < 𝑇) as normal. Then, sensitivity
and generality of this classification with threshold 𝑇 are
computed. To generate the ROC curve, the sensitivity versus
the generality for all possible thresholds should be plotted.
Figure 7(a) shows a classifier with its associated ROC curve.
Since the distributions of normal and abnormal cases barely
overlap, the corresponding ROC curve of the classifier is close
to the upper left corner of the plot. Figure 7(b) shows another
classifier, where the distribution of normal and abnormal
cases overlap almost completely, so the ROC curve of the
classifier is close to diagonal line.

6. Experimental Results

In this section, the state-of-the-art FPPSs with accelerometer
and gyroscope have been implemented and then compared
according to the criteria described in Section 5.

First objective of the experiment is empirical comparison
of fall factors to find the most representative one among
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Figure 7: ROC of a good classifier (a) and poor classifier (b).

acceleration, tilt, and velocity.The second objective is evaluat-
ing different machine learning algorithm based on presented
features for each fall factor in the presented dataset. It should
be noted that the goal of the experiment is not finding an
optimal feature set for each fall factor.

A fall occurs due to passive causes like weakness, balance
deficit, gait deficit, visual deficit, and mobility limitation. The
following are the most frequently used methods to simulate
an abnormal gait, which can lead to a fall:

(i) Walking with straightened knee [14–16].
(ii) Walking with leg length discrepancy [14–16].
(iii) Walking on a rough surface [51].
(iv) Walking through obstacles [35].

In the experiments, an abnormal walk is modeled as
irregular gaits obtained by walking through obstacles which
can cause stepping, tripping, and stumbling. Thus, a flat
area with different types of obstacles is prepared. Obstacles
included empty boxes (height: 37 cm, length: 20 cm, and
width: 17 cm) and plastic bottles (height: 20 cm; diameter: 6
cm), which are placed 60 cm far from each other.

Since the real falls cannot be experimented due to the
risk of injury, only forward fall is simulated with protection.

However, the applied method in this paper can easily be
generalized to other type of falls (i.e., backward; lateral). Users
are asked to walk through obstacles without looking them
for 10 seconds. The users in the experiments are 19 men
with weight in the range of 65-110 kg and height in the
range of 160-185 cm and 3 women with weight in the range
of 50-60 kg and height in the range of 157-165 cm. All
users are without gait disturbances. Furthermore, users are
in the range of 18-35 years old. Data is collected through
MATLAB R2015b. WEKA tool version 3.6.13 (WEKA is
an open source data mining tool that can be downloaded
from http://www.cs.waikato.ac.nz/ ml/weka/) has been used
to classify the obtained data.

An iPhone 4S is adopted in the experiments, equipped
with the STMicro STM33DH 3-axis accelerometer and the
STIMicro AGDI 3-axis gyroscope. Commonly adopted sam-
pling frequencies range from some dozens to hundred of
Hertz such that they are constant and higher than gait cycle
frequency. In the experiment, the frequency is fixed to 10Hz.
Since the body Center of Pressure (COP) reveals several
information of user gait, the smartphone is placed on the
lower back of trunk, near the real Center Of Mass (COM)
position, assuming that this position moves parallel to the
COP, and the same acceleration and positions will be mea-
sured [52].

http://www.cs.waikato.ac.nz/%20ml/weka/
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In the following, velocity, acceleration, and tilt fall factors
with different combinations of machine learning algorithms
have been evaluated.

SMA, SVM, maximum derivative, Hjorth parameters,
peak-to-peak, and energy features of acceleration are con-
sidered in the experiments. Moreover, mean, standard devi-
ation, energy, and Hjorth parameters of tilt and mean of
velocity are considered as the features in the experiment. The
performance of different features with a particular machine
learning algorithm was already presented in previous studies.
The novelty of this paper is the comparison of different fall
factors with presented features on different machine learning
algorithm.

Table 1 shows the result of the experiments when the
decision tree and support vector machine are selected to
classify the obtained data. As reported in the last line of
Table 1, a higher ROC area corresponds to a better accuracy.
The comparison of the results fromdifferent fall factors shows
that the tilt always has better accuracy among the other fall
factors. Combination of tilt with decision tree gives 83.9% of
accuracy and with support vector machines gives 65.7% of
accuracy. So, the preciseness of tilt factor shows that it can be
adopted as a deserved representative of fall factors in FPPSs
implemented with personal monitoring device.

There are several factors that can affect the decision to
choose a machine learning algorithm. In literature there are
several studies which compare the performance of different
machine learning algorithms [53–55]. The best machine
learning algorithm cannot be universally identified because
machine learning algorithms are task-dependent. In addition,
the best machine learning algorithms for a particular task
depends on several factors.The feature set is the primer factor
which impacts on the performance. In addition, also dataset
characteristic such as number of samples, type and kind of
data, and skewed data can impact on the performance. In a
skewed dataset, almost all samples fall in one particular class
rather than in the other classes.

The comparison of the different machine learning algo-
rithms with the presented setting in this paper shows that DT
has better performance than SVM in all the combinations.
Although DT has better performance comparing to the SVM,
it cannot be generalized to all experiments and datasets. The
reason is based on the no free lunch theorems that indicates
there is not superiority for any machine learning algorithm
over the others, so the best classifier for a particular task is
task-dependent [56, 57]. However, it should be noted that
DT requires more memory space when the size of the tree
grows. Moreover, as Figure 8 shows, the tilt fall factor with
DT algorithm has the best performance to detect abnormal
walks, and speed has the lower performance. Since in the
experiment patients tilt in a direction, it is not surprising that
tilt is the most representative fall factor.

7. Conclusion

This paper analyzed different aspects of fall prediction and
prevention systems. It provides a comprehensive overview
of various fall factors and corresponding features. Moreover,
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Figure 8: ROC on different approaches of 22 userswith 110 samples.

different machine learning algorithms in fall prediction
and prevention systems have been reviewed. Furthermore,
multiple combinations of features and fall prediction and
prevention algorithms have been experimentally evaluated
to find an optimal solution. Based on the presented results
tilt features in combination with the decision tree algorithm
present the best performance among the other permutations
of fall factors and fall prediction and prevention algorithms.

Future work may include

(i) generalizing the dataset to older adults or patients
with neurological disorders;

(ii) adopting new machine learning algorithms in the
comparison list;

(iii) comparing systems across other performance metrics
such as time, accuracy with respect to the size of
dataset, number of features, memory consumption,
and power consumption.
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Products embedded with wearable technologies can be a useful tool to support humans’ senses in situations where they can be
insufficient, mistaken, or misleading. In this article, we discuss the findings of a two-year Transnational European Research Project
named “POD: Plurisensorial Device to Prevent Occupational Disease.”The research was based on the evidence that human senses
are not always reliable in making objective judgments. The specific field of application was coating plant, an environment that
exposes workers to the risk of inhaling dangerous particles. The results obtained in the first part of the research pointed out that
workers, largely relying on their sense of smell, which instead is often untrustworthy, do not protect themselves enough. Based on
this ground, we designed a wearable system for providing workers with objective data both on their respiration activity and on
the quality of the air in the working environment, with the ultimate goal of engaging them in wearing their personal protecting
equipment (PPE). The article describes the development and testing of the solution; an example of how wearable technologies can
enhance senses and improve workers’ health.

1. Introduction

A report of the Scientific Committee on Occupational Expo-
sure Limits (SCOEL) published on June 2014 highlighted
that 15% of all adult respiratory diseases are a consequence
of work-related exposures. Within working environments,
volatile organic compounds (VOC) are one of the highest
causes of asthma, lung cancer, chronic obstructive pulmonary
disease, cystic fibrosis, and respiratory tract infections. Fol-
lowing this data, the Research Project, “POD: Plurisensorial
Device to Prevent Occupational Disease,” was carried out
by the Design Department of Politecnico di Milano, in
collaboration with the Department of Design Engineering
fromDelftUniversity of Technology andComftech, an Italian
company specialized in smart textile. The project faced the
issue of coating plant environments, whereworkers are highly
exposed to the risk of inhaling hazard substances. According
to the International Labour Office, prevention is the best
way to reduce the number of diseases and improve workers’
health. There are two levels of prevention: (i) environmental
monitoring and (ii) the use of personal protective equipment

(PPE). PPEs are mandatory by law but, despite this, their
usage is comparatively sparse. The objective of the research
was to understand why the use of PPEs is still poor and verify
if the design of a wearable system based on sensor technology
could enhance users’ awareness about the importance of
wearing protective devices.

Our research started with both a general exploration of
human senses, focusing on smell, and an analysis of how
workers perceive the environment through their senses.

2. How Workers Sense and Act

In order to understand howworkers sense and act, we needed
to both interview and observe them in a real coating plant.
For such an analysis, the choice of the proper participants
was relevant. Thanks to the support of Anver (Associazione
Italiana Verniciatura, i.e., the Italian Painting Association),
three SMEs from the northern area of Milan were identified.
These three companies perform similar activities within their
coating plants: coating of furniture and of small-to-medium
mechanical parts.
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Figure 1: Workers working in a cabin.

The three chosen coating plants have less than 20 employ-
ees. The main reason for this choice was that, in large
companies, the operations of lacquering and finishing are
often automated (i.e., performed by robots). Moreover, in
small companies, it is easier to establish a direct contact with
workers, to observe their behaviour, and to collect useful
feedbacks. The first company is specialized in finishing and
lacquering of metals and polymers, and the second one in
finishing and lacquering of wood, steel, and metal, and so
does the last one.

The user analysis, performed in each of the three com-
panies, was divided into two parts: (i) observation: analysis
of workers’ behaviours in order to understand if and how
they use current PPEs; (ii) interviews: with both workers
and employers, in order to figure out which was their
perception about the risk in the working place, what was
motivating/demotivating workers in wearing the personal
protective equipment, and if they were willing to accept an
interactive monitoring system.

Both observation and interviews were led by three
researchers and involved a total number of twenty work-
ers (one woman and nineteen men) and were carried out
between December 2015 and January 2016. We first observed
the workers while performing their tasks, and then we
submitted an interview addressing four main topics: (1)
working activity and protective equipment, (2) mask’s aes-
thetic and comfort, (3) safety perception, and (4) the use of
personal technological devices. Hereafter, our main findings
are described.

First of all, in each analyzed coating plant, we noticed the
presence of a cabinwhere the lacquering activity is performed
(see Figure 1). The cabin is equipped with an aspiration
system that takes away the varnish particles from the indoor
environment, so as to reduce the inner air pollution.

While in the cabin, all workers are supposed to wear a
Personal Reusable Protective Mask for their personal safety
but, as far as we observed, they do not. Indeed, even if the
Volatile Organic Compounds (both in powder and liquid
paints) have a very strong smell, after a while, getting used to
such odours, the workers’ perception about them decreases.
Therefore, not perceiving the smell intensity anymore, they
do not feel any necessity to wear the protective mask,
despite being regularly exposed to dangerous particles. These
workers are indeed experiencing the so-called “adaptation
phenomenon,” that is, the reduction in the perception of an
odour following a long-term exposure to it [1].

We were really able to experience such adaptation:
indeed, both during the observation and the interviews,

workers were comfortable and did not seem to perceive any
bad odour, while we had a completely different perception.
One of us started coughing and had to leave the cabin,
another one immediately felt irritation of her respiratory tract
and sawblue particles (aworkerwas using a blue paint) on the
tissue after blowing her nose, and the last one hardly stopped
sneezing.

All the interviewed workers (20) stated that they wear the
Protective Mask just when the so-called overspray is visible,
a circumstance that occurs only when they are painting large
objects or object with a complex geometry. In addition, they
trust the factory aspiration system, judging it enough to
protect them from the inhalation of dangerous particles and
prevent them from respiratory diseases.

Other reasons for not wearing any protection are the
following: the mask’s discomfort due to the stiff connection
to the face and the poorly breathable fabric, suffering from
skin allergies (especially during summer time), and being
distracted and forgetting about them. All the interviewed
workers asked for a new mask designed with more attention
to wearability and comfortable materials.

Moreover, the user session made it explicit that each
worker relies on his/her own sense of smell and that, being
immersed in the same environment, the workers tend to
conform to the behaviours and opinions of others. Since
their smell is altered, their perception towards the possibility
of severe diseases (i.e., incurring in lung cancer, chronic
obstructive pulmonary disease, cystic fibrosis, and respira-
tory tract infections) is modified. So, the problem becomes
evenmore severe—workers are likely to rely on both their and
other ones’ subjectivity. We listened to statements like: “Well,
he has beenworking here for ten years. If he is not wearing the
mask, it means that it is not necessary”; “If all my colleagues
wore the mask, I would do it as well.”

According to the World Health Organization and Europe
Mortality database in 2011 in Europe, it was estimated that
a total of 7200 cases of respiratory diseases were related to
occupational exposures to VOC and dust. The annual Inail
(i.e., Italian National Institute for Insurance towards Works
related Injuries) Report from 2015 confirms the European
trend, putting respiratory diseases at the third place (13,5%)
in Italy among occupational ones, also stressing the severity
of their consequences. Such data show the importance of
wearing PPEs in order to prevent the inhalation of dangerous
particles.

To us, also thanks to our personal experience in the coat-
ing cabin, the severity of the risk was evident. Furthermore,
an emblematic story was told to us by a worker: his father, a
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nonsmoker, used to work in the same coating plant and died
from lung cancer at the age of 65. Despite that, the worker at
stake does not perceive the correlation between not wearing
the mask and getting sick. Therefore, he does not protect
himself.This story, together with the statistical data related to
respiratory diseases, reinforced our willingness to introduce a
medium to supportworkers’ sense of smell and sensitize them
towards the use of PPEs.

The investigated workers are not fully aware of the
importance of regularly wearing protective equipment since,
without feeling bad odours anymore, they do not perceive
Volatile Organic Components as dangerous to their respi-
ration system. They are thus trapped in a vicious circle:
being used to certain odour reduces perception; reduced
perception is disabling seizing of risks. Until confronted
with an “abstract” concept (i.e., protecting their health),
it is hard to make people change their behaviour; they
need to perceive a tangible benefit [2]. Giving a tangible
benefit, in this case, could mean excluding subjective opinion
by introducing objective data that can enhance the work-
ers’ perception making them aware of the risk they are
taking.

As already noted, besides the lack of proper odours
perception, the workers do not wear the mask because of
comfort issues. They all stressed that if the mask had been
more comfortable and made of different materials, they
would be willing to wear it more regularly. This was another
important insight to be taken into consideration in the next
steps.

Regarding the embedding of technology, it was necessary
to understand if and how users were willing to accept the idea
of wearing a technological apparatus and if they had any kind
of preparation related to technologies. We thus described to
our potential users the possibility to have a wearable system
informing them about the quality of the air and monitoring
their personal vital parameters. 85% of them responded that
they were interested in having feedbacks about the air quality
and their vital parameters. They stated that, confronted with
evidences about their exposure to chemicals and their health
status, they would be more motivated to wear the protective
mask.

3. The Human Sense of Smell

The user session with the workers of the three coating plants
confirmed us that smell, as all human senses, may generate a
perception that is not fully realistic. Even if we are not always
aware of it, our sense of smell plays a very important role
in our everyday life, constantly monitoring the environment
around us. In any moment of our live, we perceive different
odours: from the coffee we drink in the morning to the
soap we use for washing to the fabric softener of the clothes
we wear. In general, smell’s three main purposes are (i) the
detection of hazards, (ii) the detection of pheromones, and
(iii) the detection of food.

However, human senses have their limits that can be
made more evident by factors as habits, illness (e.g., a cold is
sufficient to neutralize our sense of smell), or pathology. Due

to such limits, our senses can be deceived, as is evident in any
case of optical illusion [3, 4].

In our case, the most important feature to stress is that,
among all human senses, smell is the one that “get bored”
more easily: when entering a florist or a pastry shop, we
are very aware of all the aroma surrounding us but after
some minutes we are no longer able to smell them. Humans
have the tendency to get used to odours, at the point that
they do not perceive them anymore or not with the same
intensity as before [3]. According to Dalton and Wysocki,
“Any individual living orworking in an odorous environment
can experience changes in odour perception, some of which
are long lasting. Often, these individuals report a significant
reduction in the perception of an odour following long-term
exposure to that odour (adaptation)” [1].

This phenomenon can be readily observed in situations
where ambient odours are chronically present as for the
case of workers in the observed coating plants. Individuals
who live or work in such an odorous environment often
report that, with continuous exposure, their perception of the
ambient odour intensity is greatly reduced. Furthermore, as
we noticed with our users, the perceptual changes that result
from daily exposure can be quite profound and durable. For
example, it is commonly reported that, following extended
absences (hours to days) from the odorous environment,
reexposure to the odourmay still fail to elicit perception at the
original intensity [5]. In our case study, this perceptual change
seems to represent a very persistent kind of adaptation.

4. Wearable Technology and Sensors

When the limits of our senses endanger our health, it might
be the case to introduce a technological medium. Technol-
ogy might resolve the problem of subjective perception by
collecting objective data that can be communicated to users
through smart devices. If well designed, such communication
can reach the aim of changing humans’ habits and behaviours
without coercion [6].

In our idea, technology could enhance workers’ percep-
tion of risk, providing them with objective data to base
their decision on wearing PPEs upon. We focused on the
use of smart technologies belonging to the class of wearable
technology, which represents a large and rapidly increasing
research area in sectors like medical devices, electronics,
textiles, and telecommunication [7].The purpose of wearable
technologies is indeed to facilitate everyday life and also
protect and inform users in order to avoid human errors,
as those related to subjectivity of senses and perception [8].
These technologies are mostly based on sensors [9] and
can monitor and/or stimulate, treat, and replace biophys-
ical human functions. This way, wearable technologies led
towards a stimulation and extension of our sensoriality [10].

Nowadays, the market offers wearable devices like the
Philips Respironics CAPNO2mask Mainstream Monitoring
Mask, a noninvasive mask for adults with respiratory disease
which simultaneously delivers oxygen and measures main-
stream end-tidal CO

2
. Another example is the IBMEmployee

Wellness and Safety solution, an IoT solution for preventing
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Figure 2: POD Interactive Protective System: (1) Electronic Nose Device, (2) Personal Protective Reusable Mask, (3) Chest Band, and (4)
Mobile Application.

injuries at the workplace in different industries. IBM provides
to workers the mobile app that operates in real time and
informs the worker about the potential work-related risks.

Besides few examples like the above-mentioned two,
in the field of health, wearable technologies have so far
predominately focused on diet and physical activity, moti-
vating physical activity and maintaining exercise routines.
A good example is JAWBONE, a wrist-band that monitors
and tracks the user’s sleep, activity, and diet. All the data
are provided to users via a mobile app. Another widespread
use of sensor technology, usually not wearable, is outdoor or
indoor environmental monitoring aimed at informing users
about pollution in their cities, homes, offices, and so forth
(i.e., Electronic Nose by NASA; TZOA by Woke Studios;
Speck�).

Despite sparse applications, in our case, awearable system
could give more control to the user by focusing on risk
prevention. According to IJsselsteijn et al. [11], in the next
years, one of the strongest areas of innovation related to
wearable technologies will indeed regard preventive health
systems.

The value of wearable technologies also lies in their prox-
imity to human body, synthetized in the paradigm: anytime,
everywhere, and by anyone [12]. They can provide real-time
feedbacks, informing the user immediately if something goes
wrong.

5. Overcome the Weakness of Smell: POD
Wearable System

5.1. Method. The insights from the user session, confronted
with the literature review, let us to reason about designing
the wearable system named POD (Plurisensorial Device to
Prevent Occupational Disease) based on sensor technology
that monitors both the air quality and the worker’s vital
parameters. Our aim was to influence the perception of risk
by workers, so as to motivate them to wear the protective
equipment. We generated the entire system according to the
results discussed in Ferraro et al. (2018) [13], following the
typical phases of a design process [14–16]:

(i) User Analysis: it lasted four months (participants
selection, user observation, and semistructured inter-
views) engaging a total number of twenty workers.

(ii) IdeationPhase: it included a concept generation phase
and a focus group with users to select the most
promising concept. It lasted four months.

(iii) Concept Development: it lasted eightmonths and was
related to the engineering and the prototyping of the
system.

(iv) User Testing: it lasted twomonths and was performed
within the first of the analyzed companies thanks
to very open-minded owner willing to innovate and
experiment.

We developed a system made up of (i) a wearable alert device
called the Electronic Nose Device, (ii) a Smart Personal
Protective Reusable Mask, (iii) a Chest Band, and (iv) a
Mobile Application (Figure 2). The system POD was both
engineered and prototyped.

The Electronic Nose Device, illustrated in Figure 3, gives
real-time feedbacks to the user about the air quality in the
coating plant. It replaces the human nose in sensing the
environment. It is based on a Volatile Organic Compound
sensor that monitors the level of Volatile Organic Com-
pounds (VOCs). The selected sensor module (USM-MEMS-
VOC) is based on a highly stable TGS 8100 semiconductor
MEMS sensor. This module uses short response times and
measurement cycles thanks to specificDigital SamplingTech-
nology (DSP). Additionally, this sensor needs less than 20 mA
in continuously operation mode and it requires 1,8V voltage
supply which is suitable for an application as ours, where the
device has to be operative up to 9 hours. Another advantage
was the small dimension of the module (17x15x3mm) which
makes it suitable for the implementation in wearable devices.

The Electronic Nose gives feedbacks leveraging on two
senses not altered by the working environment: the vision
and the touch (Figure 4). Indeed, the RGB LED placed on the
PCB board provides three different colors: green (everything
is fine), yellow (the situation is getting dangerous), and red
(theVOC concentration is very high) associated, respectively,
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Figure 3: Assembly of Electronic Nose Device with electronics.
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Figure 4: Feedback about air quality Electronic Nose Device.

with no vibration, low vibration, and strong vibration. The
data gathered from the VOC sensor are transmitted and
stored via Bluetooth technology (BLE module integrated on
the PCB) to the mobile app. These data can be visible to the
user not only in real time but also as a long-term passive
feedback, by showing both the daily output about the air
quality and the air quality chart over a longer period (i.e.,
weekly or monthly report).

Such a device becomes a medium between the human
senses and the environment, supplying the reduced percep-
tion of the smell and reminding workers to wear the mask in
order to safeguard their health.

We also redesigned the mask, evaluated by the inter-
viewed workers as unpleasant to wear. We decided to solve
such a problem by focusing on the use of alternative mate-
rials (see Figure 5). In order to improve the transpiration
and reduce the risk of skin irritation during summer, we
replaced traditional rubber with a thermoformed spacer

textile padded with soft foam. In order for the mask to
be softer and smoother in contact with the head, we used
thermoformed textile for the laces.

Another problem highlighted in the user session was the
weight of the mask. For this reason, we decided to use the
nonwoven thermoformed fabric for the carbon filters that are
then welded to the mask’s base. This way, by decreasing the
use of plastic pieces, we reduced the overall weight of the
mask.

The mask is also equipped with a temperature and
humidity sensor aimed at monitoring the user’s breath
(humidity and respiration frequency) and checking if the
mask is worn: if the mask gets in contact with the face,
the sensor automatically turns on and the information is
transmitted to the Mobile Application via Bluetooth. Here
we choose to integrate the Sensirion SHT31 sensor which
relies on innovative CMOSensor� technology that makes it
very accurate. Considering that we needed a sensor easy to
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Figure 5: New mask design with thermoformed nonwoven textile filter bag and lacing detail.

Figure 6: Mobile App for the worker.

integrate in the protective mask, SHT31 was a suitable choice
due to its small dimensions (2,5x2,5x0,9mm—slightly bigger
if integrated as a module on the PCB). It is a low power
consumption sensor; it uses supply voltage between 2,7V and
5.5V and the energy consumption is equivalent to 4,8𝜇W.

The Chest Band (Figure 6) is a textile band sensor to be
worn under the T-Shirt throughout the entire working day. It
monitors the user’s breathing frequency.

All the data gathered by the three devices (i.e., the Nose,
the Mask, and the Band) are transmitted via Bluetooth to
a mobile application (Figure 6) that gives the user three
simplified parameters: breathing rate, air quality (related to
the level of VOC), and Protective Mask wearing frequency.

Thanks to the Application, the user has a complete
account of his/her behaviours and physical parameters - if
he/she was wearing the Protective Mask when the air was
polluted and how and when his/her breathing frequency was
getting worse.

These data are shown both on a daily basis and in a weekly
and monthly statistic. Statistical data are intended to increase
the visible benefits inwearing the ProtectiveMask: theworker
is able to see the health progress made thanks to the mask.
Indeed, he/she will realize (see following section) how his/her
breathing frequency improves while wearing the mask.

This way, we created a wearable system with several
features: (i) complement the human nose in real-time sensing
of the environment, (ii) monitor the user respiration giving
feedbacks to increase awareness about personal health, and

(iii) show statistical data of the Mask wearing frequency in
relation to the presence of dangerous particles.

Nowadays, the use of PPEs in dangerous working envi-
ronments is the only way for workers to prevent serious
disease. Existing personal equipment are “static” products.
We instead developed an interactive system, made up of
“dynamic” products empowered with sensors and technol-
ogy.

6. Results

The wearable system (see Figure 7) was first prototyped and
then tested with end users, in order to assess its qualities and
flaws. In general, we wanted to check if and how the system
would be perceived useful to enhance senses and improve
users’ health.

In more details, one of the most important objectives
of this test was to understand if representing data as grad-
ual chromatic change rather than numbers was clear and
motivating for the users. At this stage, we did not focus on
technical issues related to the device’s precision.

Before the user testing, our expectations were that (i) the
electronic nose would be a useful wearable solution to sup-
port human smell; (ii) the redesign of theMask, improving its
aesthetics and wearability, would reduce barriers in wearing
it; (iii) the data elaborated by sensors would be transmitted to
the user in a clear manner.
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Figure 7: Mask, electronic nose, and chest band prototype.

Figure 8: On the left, worker in a cabin wearing Electronic Nose Device. On the right, worker getting near to the paint with Electronic Nose
Device.

The testing of the prototype carried out in May of 2017
[13] on a total number of five workers was framed into two
phases: a general observation coupled with data recorded
by the sensors and collected in the working space and an
unstructured interview aimed to have general feedbacks
about the system and understand its efficacy.The observation
was made up of two steps: (i) the workers were asked to
wear the chest band and to use the electronic nose for 30
minutes; this step was useful to figure out if they understood
the functioning of the electronic nose (see Figure 8); (ii) they
wore both the electronic nose and the mask for 30 minutes
as well (see Figure 9). We carried out five different sessions
with different workers for a total number of 5 hours of testing,
followed by the unstructured interviews submitted to each
worker.

The functional prototypes of the Protective Mask, the
Electronic Nose Device, and the real Chest Band allowed
us to control the vital and environmental parameters during
the observation, while the users received real-time feedbacks.
The sensors showed the breathing rate value and VOC
consistence in the air. These parameters were observed both
when the Protective Mask was worn (on) or not (off). The
purpose of comparing these parameters was to understand
whether the efficacy and accuracy of sensors’ information
were good and fast enough and to confirm the theory that
the hazard substances in the coating plant influence workers’
breathing and to check whether something changes when the
Protective Mask is worn.

We were following the results about air quality and
breathing rate trough a demo of the mobile application. The
devices (Electronic Nose, the Mask, and the Chest Band)
were connected to the Mobile App via Bluetooth connection.
The workers were performing working actions in the cabin,
the same that they execute normally, wearing first just the
Electronic Nose and the Chest Band and then also the
Protective Mask.

In Figure 10, we can see how the wearable system displays
the monitored parameters: (i) changing the dot colour from
red to green according to the air quality; (ii) thumbs up or
down for the wearing of the mask; (iii) breathing graph. It

can be seen how all the parameters are interdependent. In
the first image, we can see the results for breathing rate and
consistence of VOC in the environment when the Protective
Mask is not worn (figures on left side). In the right-side figure,
we show and compare the same parameters when the mask is
worn.

During the session, we noticed that the air quality was
not constant. Before starting the activity, in the cabin any air
contaminant was not present: indeed, the device remained
on the “green” range that we identified between values of 0
and 255 (on the scale of analog read between 0 and 1023).
When the activity started, the line on the graph started to
increase and, depending on the distance between the worker
and the object to be painted, it was increasing or decreasing.
In general, we found that the level of contaminants tends to
remain on the “yellow” range, numerically the range between
255 and 511 (on a scale of analog between 0 and 1023). This
means that the mask wearing is required. In the presence of
overspray, the line on the graphwas increasing up to the “red”
range, numerically the range between 511 and 767, in which
wearing the mask becomes necessary. This occurred when
concave objects were painted. Another case in which the line
was in the “red” range was when the worker was opening the
painting can, mixing and pouring paint. Summarizing the
results, wearing the mask was required almost at any time.
Quantifying the results, from the plot time-contaminants
emerged that over one hour, 40 minutes were signaled as
yellow and the remaining 20 minutes as red.

Wearing all the elements of the system during the obser-
vation sessions allowed the workers to evaluate the comfort,
thematerials, and the overall wearability.Theobservationwas
video-recorded, and the data collected from the prototypes
were saved and subsequently analyzed. After the observation,
each user was asked to partake in an unstructured interview.

The results gathered from the general observation, the
sensor measuring, and the unstructured interviews gave an
overview of the system efficacy in changing the consciousness
of workers towards their health conditions.

The Electronic Nose was considered a necessary element
in any coating plant. The workers appreciated the possibility
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Figure 9: On the left, worker wearing the mask in cabin. On the right, worker wearing Electronic Nose Device, Mask, and Chest Band.

Figure 10: Monitoring results.

to wear it in a versatile way: on the pants’ pocket, on the shirt’s
collar, and on the shirt’s sleeves. The most important feature
of the Electronic Nose, the feedback in form of light and
vibration, received a very good evaluation. Both the employer
and employees were interested in wearing one. Sentences
coming from the users were the following: “Wow, I feel safer
with this device”; “I would like to have it, so I would know
how my breathing is and when I certainly need to wear the
mask”; “It makes me feel superhuman, it smells what I’m not
able to feel in the environment.”

Regarding the Protective Mask, workers evaluated rather
positively its wearability and general comfort; they liked the
materials and the overall look of the new design.

The Chest Belt was evaluated as a noninvasive element;
workers found it very comfortable and easy to understand.

The functions of all the elements resulted to be clear
to users and the Mobile Application perceived quite under-
standable both to the workers and the employer. They were
able to read the feedbacks in real time, understanding the
functioning of the whole system.

The employers specifically found the electronic nose and
its data on the application useful to check the efficacy of the
factory aspiration system over time.

7. Discussion

A systematic literature review on wearable systems showed
that personal monitoring systems on the market today pro-
vide mainly single-parameter assessment and transmission
and that there is currently no smart wearable system available
that integrates biosensors, intelligent processing, and alerts to
support users in improving health [14]. According to the same
article, “to fully realize the health and wellness benefits of
smart wearable technologies, researchers and providers have
to work towards adoption of these technologies by studying

user requirements and developing a comprehensive approach
to health and wellness services.”

The research project described here started in June 2015
and lasted two years. It was executed taking into considera-
tion the following:

(i) The Scientific Committee on Occupational Exposure
Limits (SCOEL) rates that 15% of all adult respiratory
diseases are a consequence of work-related exposures
and are caused by the so-called Volatile Organic
Compounds (VOC).

(ii) According to the International Labour Office, preven-
tion is the best way to reduce the number of diseases
and improve workers’ health.

The aim of the research project was to develop a wearable
device able to support the human sense of smell, therefore
preventing respiratory disease. This is a novelty, since in
the field related of wearable technologies, the emphasis is
generally given to the ability to elicit conscious health life
style, such as doing exercises (Kidd and Breazeal, 2006;
Ruttkay et al., 2006; Bickmore et al., 2004; Goetz et al., 2003;
andGockley andMataric, 2006) [15–19], giving social support
(Kidd et al., 2006; Kriglstein and Wallner, 2005) [20, 21], and
helping with lifestyle change (Bigelow et al., 2000; Looije et
al., 2006) [22, 23]. Moreover, there are no evidences in the
use of wearable technologies to “support and enhance human
senses.”

In this project, what we really wanted to achieve was to
give more control to the “user,” developing a product that is
“personal” and “tailored” on the specific topic of respiratory
disease by focusing on risk prevention. The added value is the
dimension of wearable technologies whose peculiarity is also
to fulfil the paradigm: anytime, everywhere, and by anyone.

Researches in field of wearable technologies have been
around for a century and have always been the domain of
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engineers [14]. As Buchanan states [24], engineers are used
to design for the “necessary,” while designers design for the
“possible.” We aimed to develop an effective system able to
provide objective data to the user, but we were very much
concerned with how to provide those objective data and give
a shape to the wearable technology.

We wanted to understand if and how wearable technolo-
gies could be perceived as an added value by workers who are
subject to the reduction in the perception of odour because
of the adaption phenomenon. We did not want to reason, as
engineers do, on the mere function and performance but on
how valuable is considered the use of wearable technology for
the final user.

Based on those assumptions, we decided to develop the
entire research activity by using a human-centered design
approach, an approach to problem solving that incorporates
the wants and needs of end users in every stage of the project
by using qualitative methods.

The added value given by qualitative methods (observa-
tion, interviews, and focus group) is to focus on the user and
his/her problems, that is, the core of the system, rather than
on just functionality.

Indeed, according to Creswell [25], the use of qualitative
methods is useful to explore and understand themeaning that
an individual or a bunch of users belonging to the same target
group confer to a specific social problem that, in our case, is
the weakness of smell in the perception of risk.

8. Conclusions and Further Developments

Human senses are fundamental to interpret the world sur-
rounding us. However, they have limits. In this article, we
focused on the limits of our sense of smell.

The observation of workers within three different coating
plants confirmed what is already well known in literature: our
olfactory receptors get used even to strong odours if they are
exposed to them over a prolonged period of time, ending up
in not being able anymore to properly sense them. The long
exposure to the same odour generates a significant reduction
in its perception (adaptation phenomenon). Such adaptation
is the main cause, for the workers we observed, of the lack
of consciousness about the bad quality of the air they are
inhaling.

Human practical behaviours are closely related to our
sensorial perception of the environment: if the odour of
potentially hazard substances (Volatile Organic Compounds)
is not perceived anymore, the resulting behaviour will not
be adequate to the situation. Indeed, workers do not wear
Protective Equipment because they do not sense any risk.

However, when our health is in danger, the subjectivity
of human perception should be overcome by introducing a
technology able to complement it, so as to elicit behavioural
changes. Nowadays, the development of microelectronics
gives the possibility to integrate sensors in light and wearable
devices, able to monitor the environment and provide users
with real-time feedbacks.

The added value of wearing wearable technologies is in
the possibility to provide the user with objective data and an

immediate feedback, instead to rely on the subjectivity of our
senses.

The overall aim of the described research project was to
safeguard health condition of workers of coating factories by
two actions: increasing their awareness of health risks and
inducing them to wear Protective Equipment. We pursued
our aim designing three interactive devices based on existing
sensorial technology. The results of the user tests seem to
be promising: they gave us a first confirmation that the
designed system can be a valuable proposal. Nevertheless,
more research is required to demonstrate the effectiveness of
the system.

The research project resulted in two international patents:
“Plurisensorial system adapted for the prevention of profes-
sional diseases in the working environment and method for
the use of the system” and “Wearable device for controlling
gaseous pollutants.”

Since March 2018, the two patents are object of a research
project entitled “User empowerment: shaping technology
to change user behaviour” funded by the company BLS
(https://www.blsgroup.it) that develops and sells respiratory
protection devices. The objective of the collaboration is to
improve the system and test it on a wider population of users
not only in coating plants but also in other sectors where the
presence of VOC is very high such as chemical industries,
manufacturing companies, and agriculture. Moreover, we
want to test it at a European level, in region like Spain or
Netherlands, where branches of BLS are established.

In collaboration with the company, we are in the process
of exploiting the results of the POD project and of translating
them into a commercial product. So far, an improvedworking
prototype was developed and tested in five different working
environments (i.e., building sites, coating plants, and manu-
facturing companies). The results are promising and will be
released in the next two months.
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The practice of regular physical exercise is a protective factor against noncommunicable diseases and premature mortality. In spite
of that, large part of the population does not meet physical activity guidelines and many individuals live a sedentary life. Recent
technological progresses and the widespread adoption of mobile technology, such as smartphone and wearables, have opened the
way to the development of digital behaviour change interventions targeting physical activity promotion. Such interventions would
greatly benefit from the inclusion of computational models framed on behaviour change theories and model-based reasoning.
However, research on these topics is still at its infancy. The current paper presents a smartphone application and wearable device
system called Muoviti! that targets physical activity promotion among adults not meeting the recommended physical activity
guidelines. Specifically, we propose a computational model of behaviour change, grounded on the social cognitive theory of self-
efficacy. The purpose of the computational model is to dynamically integrate information referring to individuals’ self-efficacy
beliefs and physical activity behaviour in order to define exercising goals that adapt to individuals’ changes over time. The paper
presents (i) the theoretical constructs that informed the development of the computational model, (ii) an overview of Muoviti!
describing the system dynamics, the graphical user interface, the adopted measures and the intervention design, and (iii) the
computational model based on Dynamic Decision Network. We conclude by presenting early results from an experimental study.

1. Introduction

Noncommunicable diseases such as cardiovascular and res-
piratory diseases, cancer, diabetes, and obesity are the
main cause of mortality in Western countries and cause
unimaginable costs for public health [1]. Although physical
activity constitutes an important protective factor against
such diseases [2], large part of the population does not
respect the recommended physical activity guidelines and
lives a sedentary life [3]. Hence, there is the need to find
new, effective, and large-scale solutions to promote behaviour
change in the direction of a higher physical activity.

Recent availability of effective and inexpensive sen-
sors, generally embedded into commercial devices, such as

wearables and smartphones, has opened the way to the
development of smartphone applications (apps) oriented to
promote health behaviour change [4]. Healthcare apps are
becoming one of the most important and promising tools
for delivering behaviour change interventions [5, 6]. With
regards to physical activity (PA) behaviour, mobile sensors
can perform direct, intense, and longitudinal measurements
of physical parameters (e.g., the heartbeat) and may produce
detailed records of the individual behaviour (e.g., exercise)
that are immediately available for analysis [7]. Thanks to
such opportunities for data collection, new technologies
can rapidly manage and combine different input datasets,
provide accurate predictions about the influence pattern
among interested variables (e.g., behavioural, psychological),
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and deliver behaviour change interventions that are adaptive
to individual and context changes over time [8]. For these
reasons,mobile technology has been hypothesized to support
the science of behaviour change and it constitutes a pref-
erential tool both for modeling behaviour change theories
and for testing them in real world settings [4, 9, 10]. In
spite of that, existing PA apps are characterized by a lack of
adherence to behaviour change theories [11] and relatively
little attention has been paid to the adoption of specific com-
putational models grounded in behaviour change theories
[12]. More specifically, even though digital interventions that
made extensive use of behaviour change theories produce
larger effects on behaviour [13], Cowan and colleagues [11]
evidenced that Health & Fitness apps mostly included only
minimal theoretical content.

Self-efficacy theory [14, 15] is one of the most prominent
psychological theories about behaviour change and it lays
its foundations on the construct of self-efficacy. Self-efficacy
(SE) has been defined as the beliefs in one’s capabilities
to organize and execute the courses of action required to
produce given attainments [14]. Such beliefs affect several
areas of human endeavor [15] and these effects are par-
ticularly relevant with regards to health-related behaviours
[16–18]. More specifically, it has been consistently shown
that self-efficacy is a key determinant for the adoption and
maintenance of PA behaviour [17, 19, 20], as well as a
mediator of the effects of interventions on physical activity
[21–24].

Self-efficacy beliefs develop as a consequence of four
sources of information: enactive mastery experience, vicar-
ious experience, verbal persuasion, and physiological or
affective states management [15]. Among them, mastery
experience has been shown to be the most potent source of
self-efficacy in different domains and populations [15, 25–27].
It refers to the direct experience of performing a specific task
and, hence, it represents an authentic indicator of the individ-
ual ability to accomplish similar tasks in the future. Indeed,
when people engage in tasks and activities, they interpret the
results of their actions and they use such interpretations to
develop beliefs about their capability and to subsequently act
according with the created beliefs. Experiences interpreted
as successful generally increase confidence while experiences
interpreted as unsuccessful generally undermine it [15]. As a
consequence, in light of the reciprocal influence between self-
efficacy and behavior, the selection of any specific behavioral
goal should be set with the aim to gradually support both
the achievement of successful experiences and the increas-
ing of self-efficacy. For this purpose, goals should be (i)
doable in order to permit individuals to master successful
experiences and (ii) challenging in order to adequately
reinforce self-efficacy beliefs once the goal has been achieved
[15, 28].

In recent years, we assisted the first attempts of developing
computational models based on self-efficacy theory in order
to promote PA [29, 30]. Self-efficacy theory is particularly
suitable to be modeled because of its nature that is explicitly
dynamic (i.e., it takes into account time-varying information
such as individual achievements, self-efficacy beliefs and
expectations) and, thus, permits adapting the intervention to

the individual over the course of the intervention itself [12].
The advantages of developing a computational model based
on a behaviour change theory, such as self-efficacy theory,
mainly rely on the capacity of predicting directionality and
magnitude of effects among variables (e.g., target behaviour
and its psychological determinants),and simulating and test-
ing how they change and influence each other across contexts
and over time [31].

First computational models of self-efficacy focused on
different approaches and frameworks. Pirolli [30] proposed
a computational model, called ACT-R-DStress, aiming to
(i) model interactions among behavioral goals, memories
of past experiences, and behavioral performance, and (ii)
explains and predict both the dynamics of self-efficacy and
the individual performance in an exercise program. For these
purposes the ACT-R-DStress exploited the computational
neurocognitive architecture that characterizes the ACT-R
theory’s simulation environment [32]. Differently, Martin et
al. [29] developed a dynamical model of social cognitive
theory adopting principles from control system engineer-
ing with a focus on system identification methodologies.
Specifically, system identification compares what happens in
different states and contexts of the person over time to what
was predicted by a precise mathematical model of a given
theory. Such methods have been applied to PA promotion
and to generate dynamical models for future predictions to
be tested against social cognitive theory (for an overview see
[33]).

The current paper presents an innovative computational
model that is conceptually framed in self-efficacy theory
with a particular emphasis on self-efficacy beliefs and goal
setting constructs. The computational model is embedded in
a digital behaviour change intervention delivered byMuoviti!,
a mobile app and heart rate monitor system that aims at the
promotion andmaintenance of PA among adults notmeeting
the recommended PA guidelines. The main contribution of
the current work is twofold: (i) generating a computational
model that combines input data collected through mobile
technology (i.e., amount of PA collected through a heart
rate monitor, SE assessed through ecological momentary
assessment) in order to set PA goals that are dynamically
adapted to each individual’s achievement and changes in SE
over time and (ii) tuning the proposed computational model
according to early empirical findings from real case studies.

2. Materials and Methods

2.1. Overview of Muoviti!

2.1.1.The Experimental System. Theexperimental system that
constitutes Muoviti! is made of three key components (see
Figure 1):

(i) A heart rate (HR) wristband needed to measure
the amount of PA performed. More specifically, two
commercial, low-cost and reliable HR monitors (i.e.,
MioAlpha, PulseON) have been tested. Such devices
nonetheless provide an estimate of the relevant phys-
iological parameters which is precise and reliable
enough for our purposes [34, 35].
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send
new PA goal DM mySQL

calculate
new PA goal

send
METs and SE

serversmartphone
smartwatch

send HR

Figure 1: The general architecture of Muoviti!

1. Login phase 4. Self-Efficacy statement3. Physical parameters 
detection

2. Age statement

Figure 2: Screenshots from the Graphical User Interface (GUI) of the Muoviti! App.

(ii) A smartphone app which (i) handles the user inter-
face, (ii) ecologically assesses SE through an ad hoc
short questionnaire, (iii) collects information from
the heart rate monitor, and (iv) transfers information
to/from the back office.

(iii) A back office with a server that stores the data relative
to each person and executes the modeling algorithm,
thus formulating tailored PA suggestions for the next
training period.

Muoviti! operates as follows. At the beginning of each
weekly training period, a suggested PA goal for the week is

generated on the basis of two different input data: (i) goal
achievement during the previous week and (ii) SE beliefs
in doing physical activity during the previous week. Finally,
Muoviti! splits the weekly PA goal into daily short-term
goals, translates them into concrete PA tasks (e.g., minutes of
running, or fast walking), and presents them to the user (see
below in the ‘Computational model’ paragraph).

2.1.2. Graphical User Interface. Figures 2 and 3 illustrate
the main components of Muoviti!’s graphical user interface.
During the login process, users are asked to specify the login
credentials (Figure 2.1), their age (Figure 2.2), and other
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1. Activity calendar 2. Training session
information

3. Training session
execution

Figure 3: Screenshots from the GUI of the Muoviti! App.

parameters like weight and waistline (Figure 2.3) that are
useful to evaluate possible benefits or drawbacks emerging
from exercising. Furthermore, the figure shows the interface
for the collection of values to assess users’ self-efficacy after a
physical activity session (Figure 2.4). Each week the training
sessions calendar is automatically updated on the basis of
previous training sessions results (Figure 3.1). The user can
manually place the activities suggested by the system to fit
better with other duties (e.g., working hours). The calendar
provides the patient with important information about the
training event (Figure 3.2), like the weather forecasting,
the duration and intensity of the activity to do, with the
possibility for the user to change the position of the activity
in the agenda. Finally, the system supports the user in self-
monitoring and collecting significant data when the activity
is accomplished (Figure 3.3), in particular the heart-beat rate,
a visual warning about the correct execution of the activity,
and the shortcuts to statistics and graphs about the results
obtained.

Finally, Figure 4 illustrates how the individual perfor-
mance has varied over the time, to provide people with an
immediate feedback about the results obtained day by day
and week by week. Muoviti! currently allows visualizing the
heart-beat rate graph of the last training session, the curves
of weight and waistline variations week by week, the burned
calories graph, session by session, and the percentage of
vigorous activity with respect to moderate activity.

2.2. Measures

2.2.1. Physical Activity. The computation of the PA goal
for the new training period (i.e., output data) is expressed
in terms of METs (Metabolic Equivalent of Task) that is
a measure of the amount and quality of performed PA
normalized to the physical characteristics and age of the
individuals. Specifically, it METs represent the ratio of the

metabolic rate (the rate of energy consumption) during a
specific exercise to a reference metabolic rate:

1𝑀𝐸𝑇 =
𝑘𝑐𝑎𝑙

𝑘𝑔
∗ ℎ (1)

MET is used as a mean of expressing the intensity and
energy expenditure of activities in a way comparable among
persons of different weight. Actual energy expenditure (e.g.,
in calories or joules) during an activity depends on the
person’s body mass; therefore, the energy cost of the same
activity will be different for persons of different weight.When
the subject begins performing a PA training session, she/he
asks the app to start the collection of PA data through the
Bluetooth connection with the wristband. The app translates
the HR collected by the wristband into the equivalent energy
expenditure (METs), given by the following formula [36]:

𝑀𝐸𝑇 𝑚𝑖𝑛𝑢𝑡𝑒𝑠 = 4 ∗ 𝑇𝑖𝑚𝑒𝑀𝑃𝐴 + 8 ∗ 𝑇𝑖𝑚𝑒𝑀𝑃𝐴 (2)

where TimeMPA and TimeVPA are the periods of time the
subject is involved in moderate physical activity (MPA) and
vigorous physical activity (VPA) and parameters 4 and 8
represent the corresponding MET expenditure per minute.
A PA session is defined as moderate if the registered HR
values are in the range [6 ∗ 𝑀𝐻𝑅/10, 7 ∗ 𝑀𝐻𝑅/10], while it
defined as vigorous if the registeredHRvalues are in the range
[7 ∗ 𝑀𝐻𝑅/10, 8 ∗ 𝑀𝐻𝑅/10]. MHR represent the maximum
heart rate depending on the subject age and it is calculated by
subtracting age to a standard value (i.e., 220 – age).

2.2.2. Self-Efficacy Beliefs. SE beliefs are ecologically assessed
at the end of each training session, through a set of questions
to the person, each concerning a specific aspect of the
physical activity. Currently, two questions are proposed to the
user to evaluate the self-efficacy beliefs referring to the PA
they have just performed:
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Figure 4: Screenshots from the GUI of the Muoviti! App.

(i) Howmuch do you feel able to do a similar training next
week, despite its duration?

(ii) Howmuch do you feel able to do a similar training next
week, despite its intensity?

The SE score is given by the arithmetic mean of the provided
answers:

𝑆𝐸
𝑖
=

∑𝑛
𝑖=1

𝑎𝑛𝑠𝑤𝑒𝑟
𝑖

𝑛
(3)

where n is the number of questions posed to the user and
answeri is the value given by the user on a 4-point Likert
scale, ranging from 1 (not able at all) to 4 (absolutely able).
The advantages of assessing SE through digital ecological
momentary assessment rely on the opportunity to minimize
recall bias, maximize ecological validity, and better under-
stand behaviour in real-world contexts [37].

2.3. Intervention Design. Muoviti! aims to homogeneously
merge physical and psychological variables into a unique
conceptual framework, in order to build up tailored PA
goals. For this purpose, at the end of the weekly period,
the app interacts with the user by notifying the degree of
accomplishment of the weekly goal and sends the recorded
data to the back office. Muoviti!’s back office aggregates PA
accomplishments and SE scores from each single training
session in order to get a global evaluation of the users’ PA
accomplishments and SE beliefs over the week. The global
evaluation of PA achievements and SE beliefs over the weekly
period may assume the following facets and codes:

(i) Physical activity:

(a) The weekly PA goal was achieved (PA+);
(b) The weekly PA goal was not achieved (PA-);

(ii) Self-efficacy:

(a) The weekly PA self-efficacy was high – average
SE equal or higher than 2.5 (SE+);

(b) Theweekly PA self-efficacywas low – average SE
lower than 2.5 (SE-).

After this assessment is made, the PA goal for the next week is
proposed. Table 1 shows the decision rules about how global
evaluations of PA and SE are combined in order to set new
goals.

Finally, according to the user preferences, the PA goal for
the next training period is successively split in daily short-
term goals in order to support an effective action planning.
The goal setting strategies at each period are taken with the
aim of obtaining a successful result in a long-termperspective
that is determined according to the general guidelines for PA
promotion, which state that a person should perform 600
METs per week of PA [3].

2.4. Computational Modeling. The developed computational
model combines knowledge about the PA performed, mea-
sured through the data collected by the wearables and an
ecological momentary assessment of self-efficacy beliefs. The
model was employed to define and dynamically adapt, a PA
plan consisting of suggestions about the PA goal to be carried
out every week, with the aim ofmaximizing the probability of
bringing the person to the recommended PA level at the end
of the long-term training period. The mathematical model
adopted is a Dynamic Decision Network (DDN), a sequence
of simple Bayesian Networks (BN), each representing the
person’s situation at a specific training period (i.e., one week).
Figure 5 shows the current decisional model inMuoviti! (Part
(a)) and the future one (Part (b)). The basic BN embodies
variables which represent the physical activity performed, the
estimated self-efficacy of the period, and the possible external
factors (e.g., weather) influencing the performed activity.The
DDNmodel includes decision variables at each training stage,
which represent the PA goal proposed for the week, and a
utility function on the final level of PA achieved. Moreover,
the mathematical model of Muoviti! clearly combines self-
efficacy with objective measurements of PA, being able to
build up a personalized plan taking into account possible
different trajectories towards the final goal.

The DDN model has been preferred to other approaches
present in the literature (for instance, based on neurocogni-
tive simulation [30] or on the theory of dynamic systems [29]
because it represents with accuracy the sequence of decision
points (the weekly PA suggestions) that we have envisioned
in our approach. An explanation of the model can be given
as follows: the NEW GOAL variable (on Figure 5, part (a))
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Figure 5: Part (a): the model basic decision step and Part (b): the relation between two consecutive “time slices” in the DDNmodel.

represents the decision to be taken at the beginning of each
training period. It is influenced by the two basic variables
describing the state of the subject: the SE and the level of
success obtained in the preceding period, measured as the
ratio of achievedMETswith respect to the currentGOAL.The
achievedMETs can bemeasured directly in our experimental
system, and the SE can be evaluated from the result Q of a set
of questions posed to the subject. Figure 5, Part (b) shows how
the basic decision step is embedded in the sequence of time
slices constituting the DDN. The structure of the model can
be explained by considering its two main purposes:

(1) Providing an integrated estimation of SE on the basis
of the self-report assessment of SE (i.e., Q) and SE
autocorrelation in preceding periods. We consider
that SE is a long-term developing psychological deter-
minant of PA; therefore, its values in succeeding peri-
ods are correlated. The model conditions the SEt+1
value at the beginning of period t+1 to its preceding
value SEt, which has already shown its effects on the
results (MET/GOAL) obtained in period t. We also
introduced a variable EXT to explain away a decrease
in SE when the observed PA shows a reduction due
to factors external to the training (e.g., an illness or a
period of bad weather).

(2) Providing planning decisions. The sequence of deci-
sions represented by the GOALt variables must lead
the subject to achieve the desired PA level before
the end of the program; the decision to be taken
in each period must be compatible with this long-
term target (i.e., 600 METs per week). We call the
sequence of decisions from the present time until the
end of the program a strategy. The overall objective

is modeled by defining a utility function computed
on the expected value assumed by the MET variable
in a stable, long-term situation. The utility value
distribution can be computed, for each strategy, on
the basis of the present state assuming no external
interference. In this way an updated assessment of the
possible strategies can be carried out at each decision
step.

Themodel tuning consists of the derivation of the conditional
probability tables (CPT) from the experimental collection of
data, as described in the next section.

3. Results

Muoviti!’s computational model represents a mathematical
description of a behaviour change model based on self-
efficacy theory that needs to be tuned according to real case
studies. To this scope, we assume that potential users of
Muoviti! can be classified into different basic profiles and
that such profiles are represented by the different values in
the CPTs present in the model. In this section we present
early findings from a study based on real case data. For these
purposes, we recruited 60 potential users ofMuoviti!, chosen
among people involved in indoor physical activity, mostly
using treadmills. Participants (35 female, 25male) were asked
to use Muoviti! for a period of eight weeks, splitting the
proposed amount of MET into two sessions, as suggested
by the application. Each participant was in the 35-60 years
old range, equipped with an Android smartphone and a
wearable device capable to detect heart-beat rate, provided
by us (i.e., PulseOn) or on their own. The study started
with 120 MET as a goal to accomplish in the first week.
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Figure 6: The case structure of our case study.

According to the results obtained, crossing self-efficacy and
MET values obtained at the end of the week training session,
the new goal could be increased or decreased by 120 MET
with respect to the previous, or not modified, till a maximum
value of 600 MET to reach. The collected data were used to
build up a user profiling, suitable for the future set-up of
the Dynamic Bayesian Network: each user was characterized
by METs and SE values obtained in the eight weeks of the
study, for a total of 16 descriptors. These descriptors were
compared with an optimal user profile, exploiting the case-
based reasoning paradigm and the CREPERIE platform [38,
39]. In CREPERIE, a case is a finite collection of pairs (cei,
vi), i ∈ [1, ∞), where case elements ce=(id, t, n), where id
∈ Z+ - {0} is the case element identifier, t ∈ T identifies the
range of values associated to ce (i.e., String, Integer, Double),
and n ∈ String is the name of the case element; v ∈ t is the
value associated to each ce. Case elements can be arranged
into a vector or a tree. CREPERIE defines different kinds
of similarity functions to use in the retrieval step, according
to the nature of the case elements values. In particular, the
following one has been adopted in our case study, given that
the values are numbers:

𝑠𝑓 (𝑛, 𝑥 𝑦) = 1 −
V𝑐𝑒 (𝑥) − V

𝑐𝑒
(𝑦)

max − 𝑚𝑖𝑛
(4)

where x and y are two cases, n is the attribute corresponding
to ce(x) and ce(y), and max = vce(n) ∈ x U y: vce(n) ≥ vce(m),
for all vce(m) ∈ x U y andmin = vce(k) ∈ x U y: vce(k) ≤ vce(j),
for all vce(j) ∈ x U y. In other words, max and min can be
substituted by the extremes of the normalization interval if
needed.

Once sf(n, x, y) has been calculated for all n in x and y, the
similarity between case x and y is defined as follows:

𝑠𝑖𝑚 (𝑥, 𝑦) =
∑
𝑛∈𝐷

𝑠𝑓 (𝑛, 𝑥, 𝑦)

∑
𝑛∈𝐷

𝑤
𝑛

(5)

where wn ∈ [0, 1] is the weight of the attribute n, sim(x, y) is
the local similarity between cases x and y, and D is the set of
attributes in the cases.

Figure 6 shows the case structure adopted in our case
study: the case elements were composed of 16 descriptors,
eight met values reached during eight weeks of training and
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Figure 7: The profiling of Muoviti! app users according to the
CREPERIE platform. Similarity values are on Y axis, while case
element IDs are on the X axis.

eight self-efficacy values calculated at the end of each week.
The MET values are multiples of 120 in the range [120, 600],
in accordance with the theoretical background of the model.
The SE values are in the range [1, 4], according to (3). The
denominator in the sf(n, x, y) calculus was equal to 480, given
that the extremes of the met domain set were 120 and 600,
respectively. Finally, we have considered wn=1 for all n.

Figure 7 shows the profiling of participants according to
their similarity with the optimal profile. Four main clusters
have been created: static, characterized by very low similarity
degree with the optimal profile (less than 50%), capable,
composed of profiles very similar to the optimal one (more
than 70%), and a sort of “grey zone” with similarity between
50% and 70% where two subcategories can be identified,
namely, complicated and slow but gradual. Complicated pro-
files are characterized by scarce physical performance and
low self-efficacy, although they would potentially be able
to reach proposed objectives; slow but gradual profiles are
characterized by excellent physical performances, according
to which they could be compared to optimal profile, but very
low self-efficacy.

Table 2 shows some samples of users’ data from the graph
in Figure 7. The optimal profile data used in the case-based
reasoning is shown at the end of the table.
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Table 2: Samples of users’ data referring to the current profiles emerged from the comparison with an optimal profile.

Week
1st 2nd 3rd 4th 5th 6th 7th 8th

Profile 1–Capable
Goal (METs) 120 240 360 480 360 480 480 600
Achievement YES YES YES NO YES YES YES NO
Self-Efficacy HIGH HIGH HIGH LOW HIGH LOW HIGH LOW

Profile 2–Slow but gradual
Goal (METs) 120 240 360 360 360 480 480 360
Achievement YES YES YES YES YES YES NO NO
Self-Efficacy HIGH HIGH LOW LOW HIGH LOW LOW LOW

Profile 3–Complicated
Goal (METs) 120 240 240 240 360 480 360 240
Achievement YES YES YES YES YES NO NO YES
Self-Efficacy HIGH LOW LOW HIGH HIGH HIGH LOW HIGH

Profile 4–Static
Goal (METs) 120 120 240 120 120 240 120 120
Achievement NO YES NO NO YES NO YES YES
Self-Efficacy HIGH HIGH LOW HIGH HIGH LOW LOW LOW

Optimal Profile
Goal (METs) 120 240 360 480 600 600 600 600
Achievement YES YES YES YES YES YES YES YES

4. Discussion and Conclusions

This paper presented an innovative approach to promote
PA behaviour change among inactive adults. The approach
is based on the development of a computational model
grounded in self-efficacy theory and on the integration of
mobile technologies and dynamic decision networks. The
main aim of Muoviti! is to suggest personalized PA goals
that adapt to individuals’ changes in PA and self-efficacy over
time. Early findings revealed the presence of four clusters of
user profiles, reflecting the respective progression patterns
towards the long-term goal. However, further research is
needed to confirm such results by tuning the computational
model around a greater number of real case studies. After
having tuned the mathematical model in an experimental
setting, Muoviti! will be tuned in real life contexts too. The
purpose of this additional research phase is to develop a
mathematical model that takes into account external (e.g.,
weather, time of the day, and day of the week), demo-
graphical (sex, age), and psychological (e.g., stress, outcome
expectancies, and action control) factors that may influence
the exercise behaviour. Furthermore, in the same vein, future
research will aim to tune the current computational model in
different populations (e.g., clinical populations) and contexts
(e.g., rehabilitation settings) in order to validate its scalability.
Finally, next works will be also devoted to develop an effective
Android app for distribution: to this aim, many steps should
be completed. In particular, the adherence of our approach
to recent GDPR regulations must be implemented. At the
current stage for development, personal data (like the heart-
beat rate) of the users are stored inside their smartphones,
while elaborations of the system are anonymized and stored

in a cloud platform to be easily retrieved and used. Anyway,
this is not sufficient to allow full sharing and downloading of
the app through usual channels, like play-stores and websites.
For this reason, at the end of this preliminary phase of
analysis, where permissions to exploit user data have been
only signed by the participants for research scopes, our
strategy in future developments of the Muoviti! app will be
completely revised.
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Recently, many people have become more concerned about having a sudden cardiac arrest. With the increase in popularity of
smart wearable devices, an opportunity to provide an Internet of Things (IoT) solution has become more available. Unfortunately,
out of hospital survival rates are low for people suffering from sudden cardiac arrests. The objective of this research is to present
a multisensory system using a smart IoT system that can collect Body Area Sensor (BAS) data to provide early warning of an
impending cardiac arrest. The goal is to design and develop an integrated smart IoT system with a low power communication
module to discreetly collect heart rates and body temperatures using a smartphone without it impeding on everyday life. This
research introduces the use of signal processing and machine-learning techniques for sensor data analytics to identify predict
and/or sudden cardiac arrests with a high accuracy.

1. Introduction

Heart problems have a significant impact on the quality of
life of any who suffer from them. Through the widespread
use of new technologies, there is a potential for advanced
healthcare systems. The development of smart wearable IoT
system for health monitoring is revolutionizing our lives [1].
Medical services have made large advancements in recent
years. Computing and communication technologies have the
potential to offer a wider variety of services for patients.
Through this advancement, a patient’s quality of life would
improve and provide a benefit to a large portion of the
population.

Through the availability and advancement of wearable
IoT devices, it aids patients in monitoring and controlling
their health metrics. An example of the benefits is that a
patient can bemade aware of the status of their conditionwith
the aid of such devices at any time.That information can then
be made available to the treating health care professional to
provide prompt action for a condition or save the life of the

user in an emergency. Connected health is proving to be a
major application for developing technologies.

The concept of connected healthcare systems and smart
embedded IoT devices offers a potential for both commercial
companies and individuals to benefit. The goal is to use
investigations performed on new technologies to enable the
creation, enhancement, and expansion of connected health
systems with the objective of developing a system that can
help patients obtain a better awareness of their health status
and provide early medical warnings.

The goal of the IoT is to enable things to be connected
anytime and anyplace, with anything and anyone ideally
using any path/network and any service [2, 3]. This goal
requires more development inmany areas including commu-
nication and applications. Many research and development
entities are involved in development activities. Cisco defines
the Internet of Everything (IoE) as connectivity of people,
data, things, and processes in networks of connections [3]; in
other words, IoE is a network of computers and devices of all
types and sizes, all communicating and sharing information.
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According to Cisco, there will be 50 billion devices connected
to the Internet by 2020 [4]. IoT can be described as a network
of networks.

A special dedicated IEEE standard is under development
for the architectural framework of the IoT, namely, IEEE
P2413 [5]. This standard defines IoT as a system of intercon-
nected people and physical objects along with Information
and Communication Technology (ICT) to build, operate, and
manage the physical world via smart networking, pervasive
data collection, predictive analytics, and optimization [6].
The IoT standard provides a reference model, defines archi-
tectural building blocks, and affords development mecha-
nisms for the relevant systems.

As the Internet continues to grow, one of the key enablers
is the IPv6 [7] global deployment which supports the ubiq-
uitous addressing of any communicating “smart thing”. It
will provide access to billions of smart things allowing new
models of IoT interconnection and integration. However,
as a result of network expansion, more requirements will
be added to network functions, network management, and
network composition. IPv6 must enable the interconnection
of heterogeneous IoT components together with heteroge-
neous applications. 6LoWPAN [8] is an optimized version
of IPv6 for Low Power Wireless Personal Area Networks. It
is basically IPv6 implemented on resource-constrained IoT
devices.

IoT security is one of the main research topics as there
is a need to provide security for the growing number of
connected devices. For example, there is a need to ensure
that IoT devices are only providing information to authorized
entities [20]. IoT hardware development has many related
research issues as new devices are introduced and many of
them are small and have limited battery life. Moreover, the
IoT sensor devices must be integrated into the Internet using
communication protocols.These protocols must consider the
low energy of the sensor battery especially when sensors are
deployed in remote locations.

There are many protocols developed and more to be
developed that consider the use of low power for IoT
devices. For example, an efficient service announcement and
discovery protocol in IP-based ubiquitous sensor networks
is proposed [8]. The protocol adopts a fully distributed
approach to ensure optimal acquisition times, low energy
consumption, and low generated overhead, with timely reac-
tion to topology changes. The protocol is capable of realizing
optimal acquisition times with minimal cost in terms of
energy and generated overhead, making it suitable for mobile
networks.

The Internet Engineering Task Force has done the major
standardization work for the Constrained Application Pro-
tocol (CoAP) that allows seamless integration of low power
devices into the Internet [21]. CoAP can run on most devices
that supportUser Data Protocol and the network architecture
that use this protocol is a hot research topic [22–26]. IoT
devices use different protocols (Bluetooth, Zigbee, etc.) and
different networks (LANs; WANs). Thus, an IoT platform
has three building blocks: Cloud Computing is used as an
enabling platform that supports IoT-based systems to allow
connecting a large number of devices and sensors. IoT-based

healthcare applications can use Cloud Computing platforms
to facilitate sensors communication, instead of implementing
separate means to have all the sensors communicate directly.

1.1.MajorContributions. In this paper, our aim is to develop a
smart IoT system that is unique and stands out when it comes
to eHealth based IoT systems for predicting a personalized
cardiac arrest, because they naturally combine the detection
and communication components. Our major contributions
are as follows:

(i) Developing a multisensory smart IoT-based cyber-
human system for heart abnormality prediction.

(ii) Proposing a smartphone-based heart rate detection
system using a wearable Body Area Sensor (BAS) system.

(iii) Designing, developing, and implementing a low power
communication module to send data to the smartphone.

(iv) Implemening amobile system for remote supervision of
users, which can be used to detect personalized health crisis.

The rest of the paper is organized as follows: in Section 2,
we describe the background and relevant related work. In
Section 3, we discuss the solution process of designing our
system architecture and we explain the circuit design of our
system. In Section 4, we discuss the data collection process
and follow with Sections 5 and 6, which are data analysis,
results, and evaluation of our smartphone-based prototype
system. Finally, in Section 7, we conclude the paperwith some
future research directions.

2. Related Works

There are many research projects that attempt to charac-
terize a user’s heart abnormality; however, most of them
have lack of key components. Many individuals currently
perform research in eHealth andmany companies have taken
advantage of this work by designing systems that connect
patients with doctors around the world. We examine two
different categories of related systems: comprehensive health
care using embedded systems and connected eHealth smart-
phone applications. Our proposed system is more related
to connected eHealth smartphone applications since we
are developing an application on smartphone that connects
with a smart IoT device while most companies focus on
comprehensive health care systems that allowusers to interact
with one another and benefit from resources.

2.1. Comprehensive Health Care Systems. “PatientsLikeMe”
focused on helping patients answer the question: “Given my
status, what is the best outcome I can hope to achieve, and
how do I get there?” They answered patient questions in
several forms like having patients with similar conditions
connect to each other and share their experiences [27]. But,
they did not mention data security and the usability of the
system.

Another related system is called “DailyStrength”. It is
a social network centered on support groups, where users
provide one another with emotional support by discussing
their struggles and successes with each other. The site con-
tains online communities that deal with different medical
conditions or life challenges [28]. It is very similar to
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“PatientsLikeMe” in the sense that both of them are free
platforms that involve patients and doctors interacting. Two
major discrepancies between them are that “DailyStrength”
does not involve research institutes and does not have a
mobile application. Also, both systems are not IoT-based
system.

In another work, a robust model was developed that
included multiple pulse parameters, EEG, and skin conduc-
tance sensors into a shirt [42]. Another systemwas developed
for connecting facial expressions and voice recognition with
EEG patterns [43]. Other researchers proved that EEG alone
exhibits characteristics for different emotions [44]. Facial
recognition software has been compared with heart rate
variability in order to better understand patterns associated
with various emotions [45]. It has also been proven that
certain pulse patterns are associated with physical stress and
not from emotional stress [46]. But, their systems are mobile
and they did not use IoT as a platform for their system.

Another comprehensive health care system is called
“Omnio” which is an all-in-one application for Medical
Resources [29]. It provides, among its services, clinical
resources, diagnostic resources, disease guides, and drug
information. Everyday Health [30] is a company which owns
websites and produces content relating to health andwellness.
It has higher ratings and publishes many health articles that
can be very helpful for patients. In addition, it has a smart
search that provides users with easy access their materials.

2.2. Connected eHealth Mobile Applications. Even though all
the systemsmentioned above provide health services, they do
not provide any smart devices that can be used to monitor
user’s daily activities and alert them when needed. There
are many heart monitors that provide users with their ECG
signals so they can keep track of their condition but none of
whichwho alert the users upon emergencies. A Smart Elderly
HomeMonitoring System (SEHMS) designed and developed
on an Android�-based smartphone with an accelerometer; it
could detect a fall of the user [31]. It provides a smartphone
user interface to display health information gathered from
the system. The main advantage of SEHMS is that it has the
remote monitoring facility for elderly who and chronically
hostile patients. But it cannot warn the user in case of
emergency.

Remote Mobile Health Monitoring (RMHM) is a system
that providesmonitoring of a user’s health parameters such as
his or her heart rate, which is measured by wearable sensors
[32]. It allows care givers and loving one tomonitor the user’s
to facilitate remote diagnosis. The system does not have the
capability of monitoring in real time.

The idea of predicting heart attacks remains a challenge
and that is the focus of our research. Every research group
specifies its own approach on how they plan to achieve
its objective. We decided to use a combination of body
temperature and ECG to predict heart abnormalities. Other
systems have different approaches with different hardware
implementations. None of them were discussed about power
consumption rate during data collection. Our system uses a
low power Bluetooth module to collect a longitudinal data
wirelessly using a smartphone.

In [33, 34], authors presented a comparison between
different data mining techniques for heart attack prediction.
They present just prediction algorithms rather than a com-
plete system with a data collection device and a computing
platform. The best techniques that are most commonly used
for predicting heart problems are:DecisionTree,Naı̈ve Bayes,
NeuralNetwork, andK-mean.Our researchnot only includes
a complete system with an IoT device and a computing
platform, but also uses one of those data mining techniques
(Decision Tree) to predict heart problems. This makes our
system unique in the sense that we created a low power
smart IoT system and used a data mining technique in our
prediction algorithm. Upon testing our prediction algorithm,
we obtained results with a high accuracy for all our healthy
and unhealthy test subjects. We illustrate the difference
between our system and the other related works in Tables 1
and 2.

To address the drawbacks of the above-mentioned
research and systems, in this paper, we propose a smart IoT-
based heart rate monitoring system. Our system is designed
to address directly some of the drawbacks of the existing
systems and potentially yield good prediction results. The
most important aspect of our system is the warning that
allows the user to prevent an injury before it actually happens.
To the best of our knowledge, our system is the first smart
IoT-based health assistance which uses a subject-specific
BodyArea Sensor signals for predicting heart related injuries.

3. System Architecture

The strength of our system relies on existing wireless com-
munications to provide low power with maximum freedom
of movement to users in their physical activity. In addition,
we have used small, light-weight smart IoT devices that are
user friendly, like the smartphone and the wrist-band.

To integrate the sensors, we used the output of the embed-
ded sensors to perform an extensive set of experiments for
evaluating and discriminating between normal and abnormal
heart rate patterns. Subjects wear the embedded sensors
and carry their smartphone in their pocket or hold it in
their hands. The embedded ECG and temperature sensors
constantly collect the heart parameters while the subject is
living a normal life. After receiving the data through a low
power Bluetooth communication channel, the smartphone
will process the data to classify whether the user’s condition
is normal or abnormal. A quantitative heart rate analysis is
performed in the Android platform which gives the user the
option of viewing his/her real-time plots of the ECG signal
and body temperature.

To determine abnormal heart patterns, we first establish
a criterion for normal heart rate. Quantitative analysis of
heart rate stability and pulse symmetry will yield a series of
parameters, like heart rate, RR intervals (RR interval is the
duration between two consecutive R peaks in an ECG signal),
and ST segments (ST segment is the flat section of the ECG
signal between the end of the S wave and the beginning of
the T wave. It represents the interval between ventricular
depolarization and repolarization). We then design an early
warning system to monitor those parameters for signs of
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Table 1: Qualitative comparison of existing work based on different features.

Approach Use IoT Device Mobility Low Power System Cyber Physical System Cost Effective
PatientsL-ikeMe [27] No Yes No No No
Daily Strength [28] Yes Yes No No No
Om-nio [29] Yes Yes Yes Yes No
Everyday Health [30] Yes No No No No
SEHMS [31] No Yes No Yes No
RMHM [32] No No No Yes No
PHM [33] Yes Yes No Yes No
Qardiocore [34] No No No Yes No
Maksimović [35] No No No Yes No
Stecker [36] No No No Yes No
Mancini [37] No No No Yes No
Sun [38] No No No Yes Yes
Communicore [39] No No N0 Yes No
Kavitha1 [40] Yes No No Yes No
Jagtap [41] No No No Yes No
Our Approach Yes Yes Yes Yes Yes

Table 2: Quantitative comparison of existing work based on different features.

Approach Average Max HR Approximate
Accuracy

Average Max
Sampling Rate

Number of Device (s)
Used

Power Consumption
in Watts

PatientsL-ikeMe [27] 160 90% 120 1 ∼ 500 mWatt
Daily Strength [28] 156 85% 110 1 N/A
Om-nio [29] 140 80% 100 1 N/A
Everyday Health [30] 144 85% 80 1 N/A
SEHMS [31] 155 78% 90 2 N/A
RMHM [32] 162 82% 140 2 N/A
PHM [33] 145 70% 150 1 N/A
Qardiocore [34] 135 78% 110 1 N/A
Maksimović [35] 155 85% 105 2 N/A
Stecker [36] 167 77% 130 1 N/A
Mancini [37] 151 87% 135 2 ∼ 600 mWatt
Sun [38] 160 75% 95 1 N/A
Communicore [39] 148 72% 150 1 N/A
Kavitha1 [40] 156 68% 155 1 N/A
Jagtap [41] 148 72% 145 2 N/A
Our Approach 135 95% 160 1 ∼ 444 mWatt

cardiac arrest during any activity. Although the system con-
tinuously monitors ECG patterns, the planned design only
triggers a warning if the ECG patterns and body temperature
of the user reaches a certain threshold level, wherein the
user might face a potential heart attack. At that moment, the
system transmits a warning to the subject in the form of a
message or a vibration alert. Figure 1 illustrates the prototype
embedded smart IoT system.

The IoT device constantly collects data from the user
and sends it to smartphone via a Bluetooth communication
module. All the processing and data analysis take place in
the application where the user has the option to view user

real-time plots. These plots provide the user a basic idea of
his/her body’s status. The user does not have maintained a
record of his/her data to ensure that s/he is in a healthy or
unhealthy state since the application’s job is to alert the user
upon an emergency. Finally, when the algorithm senses an
abnormality it immediately alerts the user.

3.1. Hardware. The initial prototype system consists of a low
power Bluetooth chip, an Arduino Uno�, a pulse sensor, and
a temperature sensor as shown in Figure 2. The other com-
ponents are the power supply unit along with a smartphone
with an application.

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=5&cad=rja&uact=8&ved=0CEEQFjAE&url=http%3A%2F%2Fwww.b-shoe.com%2F&ei=VLCOU9GDKIWoyAShrYGYBw&usg=AFQjCNGWxYCXoz1UrAxPu76ZXmGN34_64A&sig2=fkesmk_hRNOvKjEfFgkR6Q&bvm=bv.68235269,d.aWw
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=5&cad=rja&uact=8&ved=0CEEQFjAE&url=http%3A%2F%2Fwww.b-shoe.com%2F&ei=VLCOU9GDKIWoyAShrYGYBw&usg=AFQjCNGWxYCXoz1UrAxPu76ZXmGN34_64A&sig2=fkesmk_hRNOvKjEfFgkR6Q&bvm=bv.68235269,d.aWw
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Figure 1: Proposed system architecture.
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Figure 2: Hardware components for early prototype system [9–12].

The Arduino simply serves as an Analog to Digital Con-
verter (ADC) [47]. An Arduino is an open-source physical
computing platform based on a simple I/O board and a
developmental environment that implements the process-
ing/wiring language. The Arduino is programmed to read
analog signals from the pulse and temperature sensors and
create a data packet to convert the signals into digital form.
Subsequently, it sends those packets to the phone as a
response to the data sending request. It also manages the
Bluetooth communication by coordinating with the RN42
Bluetooth chip. The Bluetooth chip basically equips the
Arduino with the ability to connect to the smartphone
application.

The data read from the sensors is always an analog value
between 0 and 5 volts since that is the operating voltage of
this microcontroller. The Arduino then maps those voltage

values to digital values ranging from 0 to 1023. Since the y-
axis for ECG signals is also a voltage, all we had to do is scale
the digital values to back voltage.

Basically, we read the sensor value from the Arduino
through analog pin 0 and thenmultiply it by 5 and divide it by
1023 to get the correct voltage value. This only applies to the
pulse sensor since the expected output from the temperature
sensor is in degrees Celsius.

To avoid the inaccuracy in simultaneous reading from
multiple analog pins, we not only need a delay between each
reading, but also need to read from the same analog pin twice.
We read the temperature data from the sensor twice and send
the second reading, then do the same for the pulse sensor.
We need to send different symbols before the sensor readings
to be able to parse the data at the receiving end (android
application). Before sending a temperature reading we send
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a ‘/’ and before sending a pulse reading we send a ‘-’, which
makes data parsing simple.

3.1.1. Hardware Modifications. After testing our early pro-
totype system, we worked on modifying the hardware to
develop a better IoT device that can later on be used as
a user friendly wearable device. In this section, we will
discuss the new hardware components used, the design of the
wearable device, and the performance of the device (power
consumption /current draw).

(1) New Hardware Components. Rather than using the
Arduino Uno, we decided to use the Arduino Mini instead.
They both have the same microcontroller, clock speed, oper-
ating voltage, and range of input voltage. The Arduino Uno
has an area of 36.63 cm2 which is almost 7 times larger than
the ArduinoMini. When developing a user friendly wearable
device, it is important to have smaller components to be able
to design a compact device.

To be able to upload code to the device using Mini USB
Adapter, we also needed a 0.1 𝜇F (micro-farad) capacitor
connected in series between the reset pin of the Arduino
Mini and the reset pin of the Mini USB Adapter. We used a
PCB soldering board to solder all the hardware components
together. The board, which has dimensions of 5 cm x 7 cm
(almost the same size of the Arduino Uno), has all the hard-
ware components soldered to it. To power the device, we used
a 7.4 Volt Lithium Ion battery with a current supply of 2200
mAH (milli-amperes per hour). This battery has an outlet
plug that gives it the ability to recharge. So, we also bought
a Pin Battery Connector Plug to insert the battery in. This
allows us to solder the pin plug to the boardwithout soldering
the battery itself, allowing the user to remove the battery
when it needs to be recharged. All the components that we
added (shown in Bold in this section) are shown in Figure 3.

(2) Design of the Wearable Device. After soldering all the
hardware components on the PCB board, we design the
system using Velcro strips to make it wearable. The device is
designed such that the Mini USB Adapter can be connected
only when we need to modify code on the Arduino. The final
design of the device is shown in Figure 4, where Figure 4(a)
shows the device with the Mini USB Adapter attached and
Figure 4(b) shows the device without the Mini USB Adapter.

Figure 4(b) shows the device when the battery is active;
hence, the LEDs of the Arduino Mini, Bluetooth, and pulse
sensor are all on. The wires connected to the battery can
be easily plugged in and out of the IoT device to allow the
user to power the device on and off. The battery is placed
between two PCB soldering boards.The temperature sensor’s
connection mounts over the Bluetooth chip and under the
lower PCB board, where it will be in contact with the user’s
skin when the device is worn. The pulse sensor extends to
the palm where it should be wrapped around the user’s index
finger. It is easy to measure pulse from finger during daily
activities of the user. Finally, the Velcro is glued to the bottom
of the lower PCB board and covered in black leather to give
the device a better appearance. A complete smart wearable
IoT device is shown in Figure 5.

(3) Smart IoT Device Performance. In this section, we explain
the power consumption of the IoT device in different modes.
When the IoT device is powered, the Bluetooth enters the
idle mode where it blinks on and off waiting for a connection
request. When the Android device connects to the IoT device
through the application, the Bluetooth’s LED stops blinking
and is set to green indicating a successful connection.

The performance of the device can be determined by
measuring the current consumption which tells us how long
the device can be powered. The voltage supplied from the
battery is constant since the Arduino Mini takes the voltage
it needs and supplies to the devices connected to it. The
typical way to determine the performance of the device is by
checking the amount of current that is drawn from the battery
in the different modes. The two modes in which we test
the device are the idle mode and the connected/transmitting
mode. The measuring unit of the battery is in milliamp hour
(mAH) which is an energy measure. A battery with 2200
mAH will work for an hour if the current drawn from it is
always 2200mA. Similarly, if the current draw is 1100mA, the
battery would last two hours.Therefore, to measure how long
the device can be powered in the on state without the battery
draining, we need to calculate the average current draw of
the IoT device. Table 3 shows the current draws, the device’s
lifetime, and the power consumption during the two modes
for the IoT device.

The performance of the smart IoT device shows that the
system can collect data for a long period of time in both
modes whichmakes it very useful for users.When the battery
is too low on power to operate the device, it can be recharged
by simply plugging the battery’s wires to a charger.

3.2. Software. To receive and analyze data from the IoT
device, we use a heart rate and body temperature collector
interface in the smartphone. As described in the hardware
section, we developed a Bluetooth communication channel
that is capable of transmitting data from the pulse and
temperature sensors to the smartphone. On receiving data
from the sensors, the system processes the data to identify
any abnormality in the heart rate.

To transmit data to the smartphone through Bluetooth
channel, we opened a socket from the Android application
that connected to the transmitting signals of the Bluetooth
module. To communicate with the Arduino, we created a
software serial object and specified the transmitting and
receiving pins. When the Bluetooth is supplied with power,
it immediately enters the pairing mode, where it waits for
any device to connect to it. Then the smartphone Bluetooth
adapter is opened through the application and it starts
searching for the devices. After a successful connection, the
application will produce a message on the screen informing
the user that the connectionwas successful, and theBluetooth
chip’s LED will turn from red (pairing mode) to green
(connected mode). The detail user interface of our system is
shown in Figure 6.

After connecting to the IoT device, the application will
automatically start receiving the sensors’ data. The appli-
cation parses the temperature and pulse data into separate
arrays that are then sent to different pages where they are
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Figure 4: Wearable IoT device.

plotted in real time. The user has the option of either viewing
the separate plots for each sensor data or viewing a page that
has both plots in real time. While data is being plotted, the
algorithm is constantly examining the ECG signal waiting for
any abnormality.

The user will have the option of either signing up or
logging in depending on whether the user has an account
or not. If the user has an account s/he can simply enter the
username and password to login. If not, clicking on the sign-
up button will take the user to another page where s/he will
be asked to enter some information to create an account. The
user will then be directed to the home page of the application

where s/he will have different options. The user will need to
connect to the IoTdevice before s/he can start viewing his/her
data. This can be done by pressing the connect button which
will take the user to another page where s/he can find the
device.

In the connect page, at first the user needs to turn
on the Bluetooth of the Android device. By pressing the
“TURN ON” button, the Android device will respond to the
application’s request, asking the user if the application can
open the Bluetooth and by hitting yes, the Bluetooth turns
on. The user can then go to the home page where s/he will
have several options between viewing his/her real-time plots
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Figure 5: Wearable smart IoT device.

Table 3: Performance metrics of IoT device.

Mode of operation Current Draw (mA) Lifetime (Hours) Power Consumption (mW)
Idle 26 84 192.2
Connected 60 36 444

Table4: Statistics about subjects participating in our data collection.

Gender Age [yrs.] Height [cm]
F: 4 23-26: 8 150-159: 3
M: 16 27-34: 9 160-169: 5

35-39: 3 170-179: 10
180-189: 2

of the sensed data or going to the decision page.The decision
page will basically have information that describes the user’s
current health status. The time axis in real-time graphs shows
that the graph retrieves the current time from the Android
device and displays it in real time as the axis moves with
incoming data points.

4. Data Collection

After we finalized the system and were retrieving accurate
results, we began testing on test subjects. Since, we cannot test
our systemwith real people who have a chronic heart disease,
we recruited a group of participants, a variety of age groups,
and a range of heights (see Table 4 for statistics).

The data collection process can be divided into two parts,
reading the data from the sensors and sending it to the
smartphone. For the first part, one sensor gets the heart’s
pulse rate and the other one gets the body temperature. The
sensors data is parsed and plotted on the device’s screen.

4.1. Data Collection Interface. The sampling frequency or rate
at which we are collected sensor data is the key challenge in
data collection process. For our system,we send the data from
the two sensors simultaneously, so intuitively, the sampling
rate for our system would be less than the sampling rate of

a system that reads data from just one sensor. Given that
the body temperature does not undergo as many changes
as the ECG signal, we increased the ECG’s sampling rate
by decreasing the temperature’s sampling rate. We fixed the
sampling rates for the temperature sensor and the ECG signal
at 5 Hz and 160 Hz, respectively. Figure 7 shows the block
diagram that describes the sensor data collection interface.
The Bluetooth chip is also connected to the Arduino which
enables the IoT device to transmit the sensed data to the
smartphone application.

First, the user wears the device as described in the
hardware section and then uses the application to connect to
the Bluetooth interface as described in the software section.
From this point the user only needs to interface with the
application where s/he can navigate through the different
options.

4.2. Test Subject Data Collection. Our proposed system is
used to collect data from the users and store it in the
smartphone’s database and it can plot and process the data in
real time. To be able to write our algorithm, we had to collect
data from test subjects while doing different activities. The
three scenarios that we consider for each subject are: sitting,
walking, and climbing (upstairs). We believe that those
different scenarios can help us understand how everyone’s
heart behaves during different activities.

4.3. Test Subject Sample Data. The data collected show that
the system has a data collection system that is capable of
gathering data under any circumstances, such as in the three
scenarios described above. In this section, we show the
sample ECG data for test subjects. The sample temperature
sensor data are just plots to demonstrate the accuracy of the
sensor.
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4.3.1. Temperature Data. In this subsection, we present the
detailed data for our temperature sensing process. Tempera-
ture does not need much analysis except for converting the
data points to the time domain and smoothing the signal for
better visual representation. The “noisiness” in temperature
signal indicates a need for smoothing. The y-axis represents
the temperature in Celsius and the x-axis shows the number
of data points. To convert the data points to time in seconds,
we need to use the sampling frequency which for this case
was 100 Hz. The sampling rate that was used here was just
to demonstrate the plot in an easier way since 700 hundred

data points can be easily mapped to 7 seconds using 100 Hz.
However, the sampling rates used for our system are still 5
Hz for the temperature data and 160 Hz for the ECG data.
Figure 16 shows a set of datawhen converted fromdata points
to time in seconds.

The temperature sensor used in our work has an accuracy
of +/- 0.5, which allows it to capture changes in temperature
very quickly as shown in the 7 second plots in Figure 8.
The one on the left shows the temperature decreasing
while the one on the right shows the temperature increas-
ing.
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Figure 7: Data collection interface.
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Figure 8: Temperature sensor data accuracy.

4.3.2. ECG Data. ECG data was collected from test subjects
and analyzed on MATLAB. In this section, we show the data
of four test subjects in the three scenarios, two males and two
females. We were able to collect data for the walking scenario
using treadmills and for the climbing upstairs scenario using
stair steppers at the rec center. For each scenario, we show
the ECG signal and its corresponding heart rate. The heart
rate was ultimately calculated using the Fourier transform
method to make sure it is accurate [48]. Table 5 shows the
information of the four test subjects.

It is observed that the data collected for test subject 1
while sitting had no problems. Variations occurred when the
data collected while walking and climbing upstairs. This is a
result of the sensor moving while the subject was performing
the different activities. We collected data for multiple times
before we start analyzing. However, we decided to present the
noisy data obtained for subject 1 to show themajor distinction
between noisy and proper ECG data. Therefore, the heart
rates for subject 1 for the last two scenarios are displayed as
N/A. A sample ECG signals for sitting, walking, and climbing
upstairs for a test subject shown in Figure 9.

5. Data Analysis Techniques

Our data analysis was mostly done using MATLAB. In signal
processing, noise is a general term for unwanted alterations
that a signal may suffer during collecting, storing, transmit-
ting, or processing data [49]. We collected data from analog
sensors and transmitting them over a low power Bluetooth
communication channel. We need data enhancement tech-
niques before we can start analyzing the data as the reading
can be affected by noise through the process. Since temper-
ature values do not usually have many fluctuations, we are
more concerned about the enhancement of the ECG signals.

5.1. Noise Reduction: Filtering. Extracting features from a
noisy signal can give a heart rate of 200 when the actual heart
rate is 80.Therefore, we ensure that, before we send our signal
to the feature extraction method, almost every unwanted part
of the signal is removed.

5.1.1. Baseline Wander Removal. The baseline wander is a
problem that showsECGsignals in awavy fashion rather than



Advances in Human-Computer Interaction 11

0.5

1

Vo
lta

ge

Sitting

0.2
0.4
0.6
0.8

1
1.2

Vo
lta

ge

Walking

0

0.5

1

Vo
lta

ge

Climbing Upstairs

5 10 15 20 250
Time (secs)

5 10 15 20 250
Time (secs)

5 10 15 20 250
Time (secs)

Figure 9: ECG signals for sitting, walking, and climbing upstairs for test subject 1.

Table 5: Test subject information.

Test Subject Weight (lbs) Height (cm) Age Scenario Heart Rate

Subject 1
(Female) 125 173 20

(i) Sitting
(ii) Walking
(iii) Climbing

Upstairs

(i) 107
(ii) N/A
(iii) N/A

Subject 2
(Male) 141 177 24

(i) Sitting
(ii) Walking
(iii) Climbing

Upstairs

(i) 72
(ii) 98
(iii) 108

Subject 3
(Male) 163 180 23

(i) Sitting
(ii) Walking
(iii) Climbing

Upstairs

(i) 72
(ii) 100
(iii) 134

Subject 4
(Female) 128 184 23

(i) Sitting
(ii) Walking
(iii) Climbing

Upstairs

(i) 79
(ii) 89
(iii) 105

being more of a constant envelope. A high pass filter to the
signal improves the “look” of the signal because it removes the
low frequency component that manifests itself as a sine-like
pattern of the baseline. Removing the baseline wander gives a
better signal which can help us process data more accurately.
Equation (1) describes the process of reducing noise using
base line wonder, where 𝑤c is the cut-off frequency and 𝑁
is the filter order:

|𝐻 (𝜔)|2 = 1
1 + (𝜔𝑐/𝜔)2𝑁 (1)

First, we smooth the signal using the MATLAB built
in function ‘smooth’, which gives us that sine-wave-like
signal, then we subtract that sine-wave-like (low frequency
component) from the collected ECG signal.

5.1.2. Removal of High-Frequency Component. The time
domain operation of a low pass filter for signals is the
mathematical operation called the moving average (often
addressed to as smoothing). The enhanced version was
achieved by applying a low pass filter with a very satisfying
result as can be seen in the plot.The key when using high pass
or low pass filters is to choose the correct cut-off frequency.
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Figure 10: Fourier transform of an ECG signal.

Choosing the wrong cut-off frequency can result in huge
alterations in the signal and irrelevant or, worse, erroneous
data decisions. Equation (2) describes the operation of low
pass filtering.

|𝐻 (𝜔)|2 = 1
1 + (𝜔/𝜔𝑐)2𝑁 (2)

We apply a moving average which is achieved by using
the smooth function in MATLAB. Using the correct window
for smoothing is essential as it can affect the signal’s expected
output. For the ECG signal we used a smoothing window of
20 data points.

5.2. Extracting Features. After noise reduction, we extracted
heart rate, RR intervals, and ST segments from ECG signals.
We used these features as inputs of our prediction algorithm
along with the body temperature. In the next subsections,
we describe the process of extracting features from the ECG
signal.

5.2.1. Heart Rate. We extracted heart rate or Beats per
Minutes (BPM) from collected ECG signals. We can calculate
BPM using several techniques including taking the number
of QRS peaks in a given time, using autocorrelation, or using
Fourier transform.Thefirst technique sometimes yields inac-
curate results; however, when a signal has no baseline wander
problem, this technique should work. Autocorrelation and
Fourier transform techniques yield very accurate results.

(1) Autocorrelation. In autocorrelation, a signal is correlated
with a shifted copy of itself as a function of delay or lag.
Correlation indicates the similarity between observations
as a function of the time lag between them. We used this
technique to analyze our data as the collected ECG signals are
periodic. First, we calculate the difference between two peaks
which gives the length of one period in data points. Dividing
that number of data points by the sampling frequency gives us

R–R interval

P P

R R

Q Q
S S

T T

Figure 11: R-R interval of an ECG signal [19].

the time in seconds of one period. Inversing and multiplying
it by 60 give us the total beats per minute.

The mathematical equation for the autocorrelation func-
tion for signal processing is shown in

𝑅 (𝑘) =
𝑁2−𝑘

∑
𝑛=𝑁1

𝑥 (𝑚) ∗ 𝑥 (𝑚 + 𝑘) (3)

The equation shows the summation of the product of a
signal (x(m)) and a shifted version of it (x(m + k)). From
the equation, one can intuitively understand that, at lag
zero, the signal will have the highest amplitude since it is a
multiplication of itself without any shift.

(2) Fourier Transform. The Fourier transform extracts the
frequencies and harmonics of the signal. So, we find the
location of the maximum harmonic in the frequency plot.

The first significant harmonic in the signal is shown
approximately around 0.92 (the red circle) as shown in
Figure 10, which represents the beats per second. Simply
multiplying this by 60 gives us the beats perminute.The other
peaks in the signal represent either noise or information are
irrelevant in terms of calculating the heart rate.

The equations for the Fourier and inverse Fourier trans-
forms are shown below in (4) and (5), respectively [50].

𝐹 (𝜔) = ∫
∞

−∞

𝑓 (𝑡) ∗ 𝑒−𝑖𝜔𝑡𝑑𝑡 (4)

𝑓 (𝑡) = 12𝜋 ∫
∞

−∞

𝐹 (𝜔) ∗ 𝑒𝑖𝜔𝑡𝑑𝜔 (5)

where 𝐹(𝜔) is the frequency domain of a given signal and
𝑓(𝑡) is the time domain of the signal. For our data analysis,
we used an “fft” function in MATLAB that gives us the plot
of the signal in the frequency domain. From there, we get the
location of the maximum harmony and multiply it by 60 to
get the beats per minute.

5.2.2. R-R Intervals. Another feature that we extracted from
the ECG signal is called the R-R interval, which is the interval
between successive R peaks in an ECG signal. For normal
ECG signals, the R-R intervals do not fluctuate or suddenly
change in a drastic manner. We recorded R-R intervals by
having the standard deviation of the signal. Figure 11 gives a
visual representation of an RR interval
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Figure 12: Sample ECG with R-R interval and ST segment.

Basically, we find the R peaks and subtract the peaks
locations in time, giving us the duration between each beat.
We find the peaks using a threshold value that ensures that all
the R peaks are included. To do that, we get the maximum of
the signal and subtract it by a specified percentage to ensure
that all the intervals are above the threshold value.The reason
for this was because not all the R peaks have the same voltage
value, the voltage values of the peaks usually fluctuate which
is whywe dynamically calculate that threshold value based on
the portion of the ECG signal with which we are dealing. We
create arrays that store the R-R intervals of the ECG signal to
calculate the variability of the durations.

5.2.3. ST Segments. Also, another feature is that we extracted
ST segment voltage value from the ECG signals. We take the
ST segment into consideration for heart attack predictions
since elevated ST segments are one of the biggest indicators
of heart attacks. Figure 12 shows the sample data from one of
our test subjects. To calculate the ST segment voltage value,
we take the average of the points shown in the rectangle.

This produces a number that represents the ST segment
voltage value. The R-R interval is basically the range between
both peaks. We take a 20 percent from that range and add
it to the location of the first peak which gives us the point
where we would start adding the voltage values. Then we
take 50 percent of the range and subtract it from the location
of the subsequent peak, which gives us the point where we
would stop adding the voltage values. Those voltage values
are shown in the box in Figure 12.

After adding all the voltage values, we divide by the
number of points to get the average voltage value representing
the ST segment. Typically, the voltage values of a normal ECG
would be much lower than the voltage values of an ECG with
an elevated ST segment. We also use a standard deviation
analysis to detect if an ST segment suddenly changed. Note
that using percentages of the R-R interval to get the locations
of the ST segment voltage values and then averaging them is
not a conventional way to calculate the voltage value of the

ST segment. This is based on our analysis, which used trial
and error, and that method to extract the ST segment voltage
value provided us with the best results.

5.3. Algorithm. The algorithm is the most important part of
the system. The algorithm functions as shown in the flow
chart in Figure 13. The first step is to read the data from the
sensors at 5 Hz for the temperature data and 160 Hz for the
ECGdata. We then maintain a sampling window of 5 seconds
on which to perform all computations. After selecting the
sample window, we reduce the noise by applying the filtering
techniques discussed in Section 5.1. After removing all the
noise components from the signals, we extract the three
features from the ECG and pass on those features along
with the temperature data to our prediction algorithm. If
the results from the algorithm indicate that the current
sample window is normal, the window shifts by 1 second and
takes the next 5 seconds of data. If the algorithm detects an
abnormality, it immediately warns the user. Using a moving
window of 1 second creates the need more computation but
it provides faster and more accurate feature extraction and
prediction results. This means the next sample window will
have 1 second of new data and 4 seconds of data from the
previous sample window.

Our prediction algorithm is based on a predictive
machine-learning model called J48 Decision Tree [51]. This
model decides the target value of a new sample based on
various attribute values of the available data. We apply
that model to our algorithm with the result that the target
value would indicate whether the patient is having a heart
attack or not, and the available data would be contained
in the extracted features. We note that the decision tree
is a general model that can be used in many applications
in many different ways. We designed a novel algorithm;
Heart Attack Prediction using a Decision Tree based on
a Standard Deviation Statistical Analysis (DTSDSA); that
uses the decision tree model with a standard deviation
statistical analysis. We examine the method by which the
extracted features are processed at the decision tree. Using a
standard deviation statistical analysis, we determine whether
the features are abnormal or abnormal. Figure 14 shows the
structure of our decision tree which refers to the prediction
algorithm block in Figure 13. Our algorithm uses warning
levels from 0 to 4 to determine the degree of abnormality for
each incoming window.

We employ a sample window and a moving window. The
sample window contains the part of the ECG signal that
is being processed while the moving window specifies the
amount bywhich that samplewindow is shifted to start taking
the next sample window. Figure 15 illustrates the appearance
of both of the windows on one of our test subjects for both
sensors. As shown in Figure 14, the sample window is 5
seconds and the moving window is 1 second. This provides
an overlap of 4 seconds for subsequent sample windows. We
note that, for the 30 second ECG signal shown below, if we
did not have a moving window, we would have only had 6
sample windows (30 seconds/5 second windows).Thismeans
that the features would only be updated 6 times throughout
the entire 30 seconds. The way we implemented it, we get 26
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Figure 13: Flow diagram of our algorithm.

results instead of 6 for the entire 30 seconds.This represents a
far more practical method since heart rates change very fast,
especially during cardiac events.

For each sample window, the feature extraction function
returns a single value for the heart rate, in a one-dimensional
array with the RR interval durations, and a one-dimensional
array with the ST segment voltage values. Since heart rates
are the most important feature that describe the heart’s status,
we start by checking variations in the heart beats first. We
do so by making sure that the heart rate is consistent using
our standard deviation analysis. Any heart rate while walking
or running is obviously going to be higher than the heart
rate while sitting or resting. Since we have a wide range of
heart rates that are considered normal, we were not able to
simply apply a thresholding technique where a heart rate
above a certain threshold value would be a sign of potential
heart failure. Heart rates can vary from 55 all the way to 150
depending on the person and what the person is doing.

By using our standard deviation statistical analysis, we
only detect an issue with the heart rate when it suddenly

fluctuates out of the normal range. If the current heart rate
has an error above 7 percent, we set the warning level to 1. For
example, if a person’s average heart rate is between 80 beats
per minute for 20 seconds then suddenly goes up to 100, the
error would be 25 percent. We only proceed to check the R-
R intervals if there is a problem with the current heart rate.
For the R-R intervals and ST segments arrays, with which
we are dealing, we calculate the standard deviation of the
sample window for both features. If the R-R intervals’ error
is higher than a certain percentage, we set the warning level
to 2 and proceed to check the ST segment. If the ST segment
also has an error higher than what is considered to be normal,
we set the warning level to 3 and proceed to check the body
temperature. At this point, we already know that this sample
window is abnormal. We still check the body temperature to
see if the warning level would go up to 4 or not since up to
this point, it can be a false reading based on errors in feature
extraction due to noisy signals. Since the temperature is a
single value, we calculate the error the same way we did for
the heart rates only with different thresholds. We then return
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Figure 14: Flow diagram of decision tree algorithm.

the warning level for each sample window to process that
warning and read the next sample window.

We created a dynamic buffer that attends to the processing
of warnings that are returned for each sample window. The
buffer is responsible for collecting the warning levels and
making a decision. To implement the buffer, we created
another window called the prediction window along with a
moving window. This window initially waits to collect the
results from 8 sample windows (8 warnings). The moving
window then shifts the predictionwindow2 spots to the right.
A decision is made on each prediction window based on
a ratio that is calculated from the warning levels. Figure 16
shows the technique by which the prediction and moving
windows are established. The moving window is equivalent
to 2 warnings and the prediction window is equivalent to 8

warnings, which results in 10 prediction windows for the 30
second segment.

Assuming that the body temperatures are normal, the
worst case would be a prediction window with all 3’s which
gives a sum of 24. We add all the warning levels and divide
by 24. If the ratio is 0.5 or above, we trigger a warning to
the user. The results shown in Figure 16 are from an ECG
signal that was very noisy and did not have any characteristics
of a proper ECG. The algorithm therefore started detecting
abnormalities in the third prediction window. Running this
algorithm on normal ECG’s for healthy subjects gave us
ratios that were either zero or close to zero. Those were
our first indications that the algorithm does indeed work.
However, our next step was to run the algorithm on real
test subjects with heart failures for more validation. The
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Figure 15: Illustration of sample and moving windows.
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Figure 16: Algorithm results using prediction window.
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Figure 17: Prediction algorithm results for test subject 1 while walking.

results are shown and discussed in more detail in the next
section.

6. Results and Evaluation

To evaluate our proposed system, we developed a prototype
application and investigated its performance. We evaluated
the prototype with extensive experiments. In this section,
we explain how the data is analyzed and performance is
measured for healthy and unhealthy subjects.

6.1. Healthy Test Subjects. The results shown are for one test
subject in the three different scenarios. Since all subjects had
normal body temperatures, we will show the ECG signals
and the results of the prediction algorithm for each sample
window.The test subject’s information is shown in Table 6.

The ECG signal while walking is considered as a normal
and, therefore, no warning will trigger. The ECG signal while
walking also consider as normal. But, we had a couple of
false warnings while walking. We use the prediction window
to eliminate the false warnings in our algorithm. Figure 17
shows that the results from the prediction algorithm had
three warnings of level one while walking. Therefore, there
was no need to warn the user since it was a false error.

The algorithm triggered a few warnings as well while the
test subject was climbing upstairs. As shown in Figure 18,
there are a few warnings for each prediction window, but,

none of which above 50 percent, threshold level for indicating
a myocardial infarction (MI).

6.2. Unhealthy Test Subjects. We were able to download
datasets from a database online that has records of patients
who suffered from sudden cardiac deaths. We also ran the
algorithm on our 20 healthy test subjects and the results
validated that the algorithm works with a high accuracy for
the healthy test subjects. Table 7 shows the information of
each test subject [52].

The results showed that the algorithm gives no warnings
for all scenarios that had different heart rates. However, to
validate our algorithm using only healthy subject data is
not enough. Even though we ran our algorithm on noisy
data, we still cannot conclude that our algorithm can predict
heart problems.Therefore, we downloaded 10 datasets from a
database online that has ECG signals for patients that suffered
from sudden cardiac deaths. The ECG signals we selected for
each test subjectwasmoments before the subject passed away.

We tested our algorithm on the ECG signals from all the
subjects shown in Table 7 and the results were accurate as
expected. We show some details of the algorithm’s results for
the subject 5 fromTable 7. Figure 19 shows the ECG signal for
subject 5.

Before showing the prediction algorithm results, we will
explain the results from the feature extraction to show why
the algorithm triggered warnings.
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Figure 18: Prediction algorithm results for subject 1 while climbing upstairs.

Table 6: Information for test subject 1.

Subject Gender Age Scenario Average Heart Rate

1 Male 24
(i) Sitting

(ii) Walking
(iii) Climbing Upstairs

(i) 84
(ii) 108
(iii) 135

Heart Rates for First 11 Sample Windows

71.
94

131
.89

71.
942

119
.90

119
.90

131
.89

71.
942

71.
942

71.
942

71.
942

131
.89

Sample Window 2

(1) Heart Rate Error = 100 ∗ |131.89 − 71.94| / 71.94 =
83.3% →Warning level 1

(2) As shown in Figure 20, the R-R Intervals had very
high fluctuations which explain why the heart rate
jumped from 71.94 to 131.89 in just one second. →
Warning level 2

(3) As shown in Figure 21, the ST segment voltage values
were also fluctuating in an abnormal fashion. →
Warning level 3

The prediction results for the ECG signal are shown
in Figure 22. The warning result from the second sample
window, the one we discussed, is highlighted in yellow. We
observed a remarkable fluctuation in all the features and the
algorithm triggered warnings of level 3 for almost all the
sample windows as expected for a patient who had a history
of cardiac surgery and passed away shortly after the signal was
recorded.

7. Conclusion

In this paper, we designed and developed an integrated smart
IoT system to predict and monitor heart abnormality in
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Table 7: Information of unhealthy test subjects.

Subject Gender Age History Medication Underlying Cardiac Rhythm
1 Male 43 Unknown Unknown Sinus
2 Female 72 Heart Failure Digoxin; Quinidine gluconate Sinus
3 Female 30 Unknown Unknown Sinus
4 Female 72 Mitral valve replacement Digoxin Atrial fibrillation
5 Male 75 Cardiac surgery Digoxin; Quinidine Atrial fibrillation
6 Male 34 Unknown Unknown Sinus
7 Female 89 Unknown Unknown Atrial fibrillation
8 Male 66 Acute myelogenous leukemia Digoxin; Quinidine Sinus
9 Female 82 Heart failure None listed Sinus
10 Male 68 History of ventricular ectopy Digoxin; Quinidine Gluconate Sinus
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Figure 19: ECG signal of unhealthy subject 5.
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Figure 20: R-R Intervals on sample window 2.
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Figure 21: ST segments on sample window 2.

user. We also managed to create a low power consumption
communication channel between the smart IoT device and
the smartphone application. This research provides users a
noninvasive device that allows them to better understand
how theymay feel about their ECG.The results fromdifferent
data sets are also presented to show that this approach pro-
vides a high rate of classification correctness in distinguishing
between at normal and abnormal ECG patterns. The system
may also find multiple applications in behavior detection for
people with various disabilities.

To test the chronological durability and long-term fea-
sibility of our approach in the future, we plan to test our
system with data from the people who suffer from heart
problems. We plan to test the power consumption rate for
whole working life of the device during test on the field. We
also plan to measure the different physiological parameters
of the user during daily activities. Additionally, the system
can be used in the smart home monitoring system for future
wireless technology. Also, we can enhance the system by
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Figure 22: Prediction algorithm results for unhealthy subject 5.

adding more sensors, like, Galvanic Skin Response (GSR),
accelerometer, to the IoT device.
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The research on augmented reality applications in education is still in an early stage, and there is a lack of research on the effects
and implications of augmented reality in the field of education. The purpose of this research was to measure and understand the
impact of an augmented reality mobile application on the learning motivation of undergraduate health science students at the
University of Cape Town. We extend previous research that looked specifically at the impact of augmented reality technology
on student learning motivation. The intrinsic motivation theory was used to explain motivation in the context of learning. The
attention, relevance, confidence, and satisfaction (ARCS) model guided the understanding of the impact of augmented reality on
student motivation, and the Instructional Materials Motivation Survey was used to design the research instrument. The research
examined the differences in student learning motivation before and after using the augmented reality mobile application. A total
of 78 participants used the augmented reality mobile application and completed the preusage and postusage questionnaires. The
results showed that using an augmented reality mobile application increased the learning motivation of students. The attention,
satisfaction, and confidence factors of motivation were increased, and these results were found to be significant. Although the
relevance factor showed a decrease it proved to be insignificant.

1. Introduction

The use of augmented reality (AR) in education is an
important topic of research [1]. AR enables the addition of
virtual objects into real environments to facilitate real-time
interaction [2]. Research on AR applications in education is
still in an early stage, and there is a lack of research on the
effects and implications of AR in the field of education [3–5].

The use of AR has become more accessible as it no
longer requires specialised equipment and may easily be
used on mobile devices [3, 5]. Most people now own mobile
devices, and the use of these devices has increased, thereby
enabling greater access to AR [1, 6]. The applications for
mobile AR in education are increasing rapidly [7], and the
feasibility of mobile AR has increased due to advances in
mobile technology [4, 8]. ARmobile applications are available
for several areas of education [2], and education related
AR applications are now more commonly found on mobile
devices [4, 9].

The use of AR may increase student learning motivation
and contribute to improved academic achievement [10, 11].
There is insufficient research on the impact of using mobile
AR in education, and there is room to explore the potential
of AR to improve student learning motivation and contribute
to improved academic achievement [4, 7, 10]. “The potential
of AR in education remains unexplored and, there is a limited
amount of studies investigating student motivation with the
use ofAR” ([4], p. 587).This research extends previous studies
performed in other countries that looked specifically at the
impact of AR technology on student learning motivation [4,
8, 11–13], with a case study from a university in South Africa.

The purpose of this research was to measure the learning
motivation of undergraduate health science students at the
University of Cape Town (UCT) before and after using a
particularARmobile application.Themain research question
was as follows: What are the differences in student learning
motivation before and after using the AR mobile application?
The main research question was underpinned by several
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Figure 1: Milgram’s mixed reality continuum [14].

subquestions examining how the attention, relevance, confi-
dence, and satisfaction aspects of learning motivation were
affected by using the AR mobile application. Empirical data
was collected to answer these questions.

The remainder of this paper proceeds as follows. First, the
conceptual background related to the use of AR in education
and our theoretical model is presented. The next section
discusses the methodology in detail, and this is followed by
the analysis and research findings. Finally, implications are
summarised, along with opportunities for future research.

2. Literature Review

The literature review includes literature published between
2013 and 2018 to ensure that the information included was
recent and relevant. The Google Scholar H-5 index was used
as the inclusion criterion for journals referenced [9].

2.1. Augmented Reality. AR combines real and virtual worlds,
supplementing the real world with computer-generated vir-
tual objects in real-time [1, 3, 12, 13, 18]. According to one
of the most commonly accepted definitions, AR is said to be
a technology that has three key requirements: combining of
real and virtual objects in a real environment, aligning of real
and virtual objects with each other, and real-time interaction
[2, 4, 7, 14, 19]. Figure 1 shows Milgram’s mixed reality
continuum which is a taxonomy of the ways in which real
and virtual elements may be combined [14]. The continuum
ranges from a completely real environment to a completely
virtual environment [5, 14]. Based on this continuum, mixed
reality may be defined as a situation in which real and virtual
objects are combined [5]. AR lies closer to the real environ-
ment end of the continuum as can be seen in Figure 1 [5, 14].
AR may be considered as a mixed reality technology which
contains more reality, as this technology includes virtual
objects in the user’s real environment, enabling interaction
with virtual content [1, 5, 7, 14]. In the case of mobile AR,
the technology involves the addition of digital elements to
the real world through a smartphone camera. Examples of
mobile AR applications include Pokémon GO, which is a
location-based mobile AR game that enables users to catch
various digital Pokémon creatures around their area and AR
GPS DRIVE/WALK NAVIGATION which provides an AR-
powered navigation system [20]. Virtual reality differs from
AR, as in virtual reality the real world is shut out and the user
steps into a digital world using a virtual reality headset such
as the Oculus Rift or Samsung Gear VR [21].

AR no longer requires specialised equipment and may
easily be used through computers or mobile devices [3, 5].
A lightly AR supplements the real world with a relatively

small amount of virtual information, while a heavily AR
contains frequently accessible virtual information [5, 19].The
amount of virtuality within the real world determines the
type of technology required to support the AR, as different
display and tracking technologies result in different degrees
of immersion [4, 5]. Immersive technologies such as head-
mounted displays are used to support heavily AR and foster
more immersion than mobile devices, which can support
lightly AR [4, 5]. An example of a lightly AR would be the
PokémonGOmobile application, which can be used through
a smartphone [20]. An example of a heavily AR is the Star
Wars Jedi Challenges mobile application which requires the
user to use a headset [22].

Many people now ownmobile devices and therefore have
access to AR [1, 6]. The use of AR for learning has been
mademore feasible due to advances inmobile technology and
the increased use of smartphones [4, 8, 9, 18]. Smartphones
and tablets are ideal to facilitate AR experiences, due to fast
processors, graphics hardware, and various onboard sensors
[18].

2.2. Augmented Reality in Education. The educational value
of AR is closely linked to the way in which it is designed,
implemented, and integrated into formal and informal learn-
ing environments [5]. An important consideration is how
AR technologies support and afford meaningful learning
[5]. Considering AR as a concept rather than a certain
type of technology would be productive for educators [5].
The involvement of educators is important to facilitate the
development of favourable AR applications for teaching,
which increases the potential for AR to be incorporated
in education [18]. AR applications have been developed for
many areas of education [2].

Some of these AR applications have been used in previous
studies [8, 11, 23]. Gopalan et al. [8] tested the impact of
AR enhanced science textbooks on lower secondary school
students in Malaysia. Chiang et al. [11] tested the use of
an AR based mobile learning system for natural science
inquiry activities on fourth-grade students in Taiwan. The
system guided students towards target ecology areas and
displayed the corresponding learning tasks or related learning
materials [11]. Akçayır et al. [23] tested the use of an AR
enhanced laboratory manual in science laboratories on first-
year students in Turkey. This study tested the impact of the
Anatomy 4D mobile application on the learning motivation
of undergraduate health science students at UCT.

2.2.1. Advantages of Using Augmented Reality in Education.
AR provides new ways of interacting with the real world and
can create experiences that would not be possible in either a
completely real or virtual world [3, 24]. AR has the unique
ability to create immersive hybrid learning environments
that combine real and virtual objects [3]. AR technologies
enable users to experience scientific phenomena that are
not possible in the real world, such as certain chemical
reactions, making inaccessible subject matter available to
students [3, 5, 23]. The manipulation of virtual objects and
observation of phenomena that are difficult to observe in
the real world can be facilitated through AR [5]. This type
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of learning experience can encourage thinking skills and
increase conceptual understanding of phenomena that are
either invisible or difficult to observe as well as correct any
misconceptions [5]. AR addresses learning difficulties that are
often encountered with visualising unobservable phenomena
[5].

The skills and knowledge that students develop through
technology-enhanced learning environments may be devel-
oped more effectively through AR technology [5]. The cog-
nitive workload may be reduced by integrating multiple
sources of information [3, 18].The immersion and interaction
features offered by AR may encourage students to engage in
learning activities and may improve student motivation to
learn [4, 8, 18]. AR provides highly interactive experiences
and can generate authentic learner activity, interactivity, and
a high level of realism [18]. Interaction with the world is
important in the learning process, and, apart from reality, AR
is one of the best ways of facilitating this interaction [18].

2.2.2. Challenges with the Use of Augmented Reality in Educa-
tion. Users of AR technologymay experience usability issues
and technical problems, and some students may find this
technology complicated [3].One of themain challenges ofAR
applications is usability; however, ease of use is also reported
as an advantage [3]. There is no evidence to suggest that
usability issues are directly related to AR technology andmay
instead stem from inadequate technology experience, inter-
face design errors, technical problems, or negative attitudes
[3]. The combination of real and virtual objects may cause
confusion as students may face difficulty navigating between
fantasy and reality [5]. The use of AR technology within a
learning environment requiresmultitasking, as students need
to engage with large amounts of information and multiple
technological devices to accomplish complex tasks [5]. This
may result in a cognitive overload and a feeling of being
overwhelmed or confused [3, 5]. The confusion indicates
the authenticity of an AR system; however, this may be
unproductive in a learning environment as students may lose
track of the real environment [5]. Some studies report that
AR decreases cognitive load, while others report cognitive
overload [3, 5]. Schoolsmay place constraints on the adoption
of AR technology, and educators may be reluctant to use
AR as this technology often requires innovative teaching
approaches to be implemented [5]. The content available
throughARapplications is often inflexible, which restricts the
teacher’s control over the content and prevents adaptation to
accommodate student needs [5].The availability of authoring
tools may resolve this challenge by allowing users to revise
and createAR applications [5]. Another challengemay be that
the stability of mobile AR technology is not guaranteed, and
difficulties may be encountered if the technology lacks well-
designed interfaces and guidance as this may result in the
technology being too complicated [3, 5]. Users may also need
time to get familiar and comfortable with AR technology [8].

2.3. Motivation in the Context of Learning. “Motivation pro-
vides a source of energy that is responsible for why learners
decide to make an effort, how long they are willing to sustain
an activity, how hard they are going to pursue it, and how

Attention

Relevance

Confidence

Satisfaction

Motivation

Figure 2: Keller’s ARCS model of motivational design [15].

connected they feel to the activity” ([4], p. 586). Motivation
is a student’s desire to engage in the learning environment
[4, 18]. Motivation is necessary for students to make an effort
towards learning and to increase academic performance
[8], as motivation plays an important role in the learning
process [12]. An important factor in increasing student
motivation is the use of effective learning strategies [11].
Motivation is important in promoting and sustaining self-
regulated learning, which often results in improved academic
performance [4]. Students that are academically motivated
tend to engage, persist, and expend effort to complete tasks
compared to unmotivated students [4]. A lack of motivation
could be a major obstacle to learner success, emphasising the
importance of creating and sustaining motivation [4, 18].

2.3.1. The Intrinsic Motivation Theory. The intrinsic motiva-
tion theory explains motivation in the context of learning
[25]. Key factors that influence intrinsic motivation are
challenge, curiosity, control, and fantasy [25]. Willpower
and positive attitude are required to sustain motivation for
learning [25]. Intrinsic motivation can influence students to
participate in academic activities without external pressure
or the expectation of external rewards [25]. Participation is
influenced based on a desire to experience the fun, challenge,
and uniqueness of the academic activity [25]. Studies have
shown that AR can have consistent positive impacts on
student motivation [4, 8, 11–13]. There are studies which
prove that AR can specifically increase student motivation
in science learning [8]. The increased student motivation
may be largely attributed to the elements of curiosity, fantasy,
and control presented using AR technology [26], as student
motivation may be directly influenced using an attractive or
stimulating medium or learning material [25].

This led to the main research question (RQ) (RQ 1):
What are the differences in student learning motivation before
and after using the AR mobile application? The attention,
relevance, confidence, and satisfaction (ARCS) model was
used to answer RQ 1.

2.4. ARCS Model. The attention, relevance, confidence, and
satisfaction (ARCS) model of motivational design as shown
in Figure 2 was used to understand the impact of AR
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technology on student motivation towards learning [4, 8,
11, 13]. Based on the ARCS model, the design of the AR
technology must attract student attention, it must be relevant
to the students, the students must be confident with the
technology, and the studentsmust feel satisfied after using the
technology [11].

Based on the ARCS model, research questions (RQ) 2.1,
2.2, 2.3, and 2.4 were developed to determine the impact of
using an AR mobile application on each of the ARCS factors
[4, 8, 11, 13].

2.4.1. Attention. Attention can be gained through perceptual
arousal or inquiry arousal [17, 27]. Perceptual arousal can
be gained using novel, surprising, and uncertain events
which hold attention. Inquiry arousal can be gained using
challenging questions or problems which stimulate curiosity
[4, 27]. Attention may be grabbed through a variety of
methods including participation, humour, conflict, variety,
and real-world examples [28].The attention factor is themost
important as it initiates themotivation for students [27].Once
interest has been created, students are usually willing to invest
their time and pay attention [27].

Based on the attention factor, research 𝑞uestion 2.1 was
proposed: How was the attention aspect of learning motivation
of UCT undergraduate health science students affected by using
the AR mobile application?

2.4.2. Relevance. Relevance can be established through using
language and examples that are familiar to the students [17,
27]. Strategies to achieve relevance include goal orientation,
motive matching, and familiarity [27]. Goal orientation can
be achieved by making students aware of how the knowledge
will help the student today as well as in the future [17, 27].
Motive matching involves assessing the students’ needs and
reasons for learning to provide choices that are conducive to
their motives [27]. Familiarity involves providing examples
that tie in with the student’s experience and relate to the
subject matter [27]. Pappas [28] mentions links to previ-
ous experience, perceived present worth, perceived future
usefulness, modelling, and choice as strategies to establish
relevance. Studies reported that a benefit of AR technology
is the ability to provide immediate and relevant information
and guidance [8, 11].

Based on the relevance factor, research 𝑞uestion 2.2 was
proposed: How was the relevance aspect of learning motivation
of UCT undergraduate health science students affected by using
the AR mobile application?

2.4.3. Confidence. Confidence involves establishing positive
expectations for achieving success among students [27].
The confidence level is often correlated with motivation;
therefore, it is important that the design of lessons provides
students with a method for estimating the probability of
their success [27]. Examples include a syllabus and grading
policy, rubrics, or a time estimate in which to complete
tasks [27]. Confidence may be built through timely and
relevant feedback which provides positive reinforcement for
personal achievements [27]. Pappas [28]mentions facilitating

self-growth, communicating objectives, providing feedback,
and giving learners control as ways to raise confidence.

Based on the confidence factor, research 𝑞uestion 2.3
was proposed: How was the confidence aspect of learning
motivation of UCT undergraduate health science students
affected by using the AR mobile application?

2.4.4. Satisfaction. Studentsmust obtain some type of reward
from learning experiences [27]. Satisfaction may be in the
form of a sense of achievement, praise, or entertainment [27].
Feedback and reinforcement are also important elements
[27]. Satisfaction is based upon motivation, and, to keep
students satisfied, they should be given the opportunity to use
(or apply) their newly learned skills as soon as possible in a
relevant setting [27]. Pappas mentions [28] praise or rewards
and immediate application as ways to increase satisfaction.

Based on the satisfaction factor, research 𝑞uestion 2.4
was proposed: How was the satisfaction aspect of learning
motivation of UCT undergraduate health science students
affected by using the AR mobile application?

2.5. Instructional Materials Motivation Survey. The Instruc-
tional Materials Motivation Survey (IMMS) was developed
to measure student learning motivation following the ARCS
model [11, 13]. Appendix A shows the IMMS, andAppendix B
shows the scoring guide for the IMMS [17]. The scoring
guide shows which statements in the IMMS relate to each
of the four ARCS factors and highlights the statements that
have been stated in a negative manner. The IMMS is “a 36-
item situational measure of people’s reactions to instructional
materials” ([29], p. 204); the IMMS has been used as a pre-
and postinstrument to test motivational needs and reactions
to a new technology such as AR [29]. The IMMS instrument
has been validated and successfully used in several previous
research studies assessing the impact of the use of technology
on student learning motivation [4]. Previous studies have
used the IMMS to develop questionnaires in the form of a
five-point Likert scale [4, 8, 13]. The “IMMS has a docu-
mented reliability coefficient of 0.96” ([4], p. 589); this can
be seen in Appendix C along with the reliability coefficients
for the attention, relevance, confidence, and satisfaction
measures. In the papers by Wei et al. [18] and Solak and
Cakir [13], the results of the IMMS questionnaire showed that
student learning motivation improved significantly due to
the introduction of AR technology. AR technology has been
found to increase student learning motivation for attention,
relevance, confidence, and satisfaction factors [4, 11]. The
IMMSwas used in this research and the results were analysed
to answer the research questions.

3. Methodology

The intrinsic motivation theory was used to understand
motivation in the context of learning [25]. The ARCS model
of motivational design was used to understand the impact
of AR technology on student motivation towards learning
[4, 8, 11, 13]. The impact on student learning motivation was
measured by comparing the learning motivation of students
before and after using an AR mobile application, using a
preusage and postusage questionnaire.
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The target participantswere undergraduate health science
students at UCT, studying towards a Bachelor of Medicine
and Bachelor of Surgery (MBChB). The target participants
were taking an anatomy course offered by the UCT Depart-
ment of Human Biology. The department had not found or
used any ARmobile applications prior to this study. Approval
for the students to use the application was obtained from the
course convenor.

The numbers of participants used by Budiman [12],
Chiang et al. [11], Di Serio et al. [4], Gopalan et al. [8], and
Solak and Cakir [13] were 112, 57, 69, 70, and 130, respectively.
The sample size for this research was 78 participants who
used the AR mobile application and completed the preusage
and postusage questionnaires. This sample size is close to
the average sample size of 87.6 calculated based on the five
previous studies which also investigated the impact of using
AR on student motivation.

The participants could not be separated into a control
and experimental group following the design of many pre-
vious studies (e.g., [8, 11, 13]), as this could result in some
students obtaining anunfair (dis)advantage in the course.The
curriculum provides students with a detailed understanding
of the normal structure and function of the human body
and how these are affected when the body suffers from
disease. The impact of disease and the role of healthcare
services are studied in a case-based group learning manner,
supported by lecturers and practical sessions. Students learn
core material as well as clinical skills, interpretation of data,
professional values and ethics, and certain procedural skills
directly related to the cases studied.Therefore, data collection
was based on the procedure used by Di Serio et al. [4] where
quantitative data was collected in two steps using a preusage
and postusage questionnaire.

3.1. Research Instruments. A preusage and postusage ques-
tionnaire were used as instruments for data collection. The
questionnaires were in the form of a five-point Likert scale
and were designed based on the IMMS used in previous
studies [4, 8, 13]. IMMS was chosen based on the successful
use in previous studies to determine the impact of AR
technology on student motivation [4, 8, 11, 13].

All the questions in the preusage questionnaire were
related to student motivation regarding the use of the
anatomy notes for the course, which included a textbook and
lecture slides. All the questions in the postusage question-
naire were related to student motivation regarding the use
of the Anatomy 4D mobile application. The questionnaires
were submitted for ethical approval before conducting data
collection. Appendix D shows the questions for the preusage
questionnaire and Appendix E shows the questions for the
postusage questionnaire. Ethics approval was obtained from
the university before proceeding with data collection. The
participants were required to provide consent before com-
pleting the preusage and postusage questionnaire and the
anonymity of all respondents was ensured as no personally
identifiable information was requested or captured.

In addition, Google Forms was used to create and dis-
tribute a short online interview that consisted of six open-
ended questions.This online interviewwas distributed to two

lecturers in the UCT Faculty of Health Sciences.The purpose
of this online interview was to gain insight into the views of
these lecturers regarding the use of AR.

3.2. AR Mobile Application. In previous studies the AR
educational tools used were designed specifically for the
courses [4, 8, 11, 13, 23]. The AR mobile application used in
this studywas not designed specifically for the course; instead
the Anatomy 4Dmobile application designed by DAQRI was
used as the educational AR tool [16, 30]. The relevance of
this mobile application to second-year MBChB students was
verified by a course convenor in the UCT Faculty of Health
Sciences prior to the study.

Anatomy 4D is a free application that uses AR to enable
interaction with pictures of the human body. The application
uses a target image, shown in Figure 3, and the camera on a
mobile device to display anARmodel of the humanbody [16].
A screenshot of the Anatomy 4D mobile application is dis-
played in Figure 4 [16]. The Anatomy 4D mobile application
was chosen based on its accessibility. All participants used
both the anatomy notes as well as the AR mobile education
application.

4. Data Analysis

Empirical data were analysed following the methods used by
Chiang et al. [11], Di Serio et al. [4], Gopalan et al. [8], Keller
[17], and Solak and Cakir [13]. The overall mean values of the
preusage and postusage questionnaire were used to compare
student learning motivation and to determine if there was a
statistically significant difference in motivation [4].

The Cronbach alpha values were calculated for both
the preusage and postusage questionnaires to determine the
reliability of the results, based on the use of this test by Chiang
et al. [11], Gopalan et al. [8], and Solak and Cakir [13]. Mean
values were calculated for both the preusage and postusage
questionnaires for the four factors that measured student
motivation based on theARCSmodel [4, 17].The significance
of the difference between mean values for the four factors
was determined and the differences in mean values were
compared to answer the research questions.

The results were used to determine if there was a statis-
tically significant difference for any of the four factors [4].
A statistically significant difference indicates how much each
of the four factors of motivation was impacted using an AR
mobile application.

Before performing analysis, the data collected from the
preusage and postusage questionnaires was exported to
Microsoft Excel. The questionnaires contained some ques-
tions that were stated in a negative manner, indicated in
Appendix B which shows the scoring guide for the IMMS.
The values for these questions were recoded before the mean
value for each ARCS factor and the overall mean values were
calculated [17].

4.1. Questionnaires. Microsoft Excel was used to calculate
the mean value for each ARCS factor for both the preusage
and postusage questionnaires. The calculated values are
displayed in Table 1; the percentage differences indicate that



6 Advances in Human-Computer Interaction

Figure 3: Anatomy 4D target image [16].

Table 1: Mean values for ARCS factors.

Preusage Postusage Percentage difference
Attention 2.93 3.83 30.72% increase
Relevance 3.37 3.26 3.26% decrease
Confidence 2.98 3.30 10.74% increase
Satisfaction 2.96 3.33 12.50% increase
Overall 3.05 3.49 14.43% increase

the mean values for attention, confidence, and satisfaction
increased while the relevance factor decreased. This allows a
comparison of the learningmotivation of students before and
after using the AR mobile application.

Although the postusage mean values for each ARCS
factor and the overall mean value showed either an increase
or decrease, it was necessary to determinewhether the change
in eachmean value was significant. Significance indicates that
the difference inmean value is greater than a value that would
be expected by chance [31]. The null hypotheses for each
factor were that the postusage mean value was equal to the
preusage mean value. A significance level of 0.05 was used;
therefore p values less than 0.05 were considered significant
while p values greater than 0.05 were considered insignificant
[31]. The probability for each ARCS factor was computed
using the central limit theorem where a value for z was
obtained [31].The p valuewas then obtained using the z tables
[31].The calculation results and p values for eachARCS factor
are shown in Table 2. The overall mean value obtained for
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Figure 4: Anatomy 4D mobile application screenshot [16].

the postusage questionnaire was 14% higher than the value
obtained for the preusage questionnaire.

The comparison of mean values for the preusage and
postusage questionnaires is shown in Figure 5.

A Cronbach alpha test was performed using IBM SPSS
to measure the reliability of the results for each ARCS
factor and the overall reliability. IBM SPSS was used by
Akçayır et al. [23] and Gopalan et al. [8]. The Cronbach
alpha reliability test was used to see how well the questions
for each ARCS construct fit together. Cronbach’s alpha is
a measure of internal consistency: an alpha score of 0.7 or
higher is regarded as acceptable, an alpha score of 0.8 or
higher is regarded as good, and an alpha score of 0.9 or
higher is regarded as excellent [32]. The Cronbach alpha
values for each ARCS factor and the total scale are displayed
in Table 3.

4.2. Online Interviews. In addition to collecting data from
student participants in the course, two lecturers in the
UCT Faculty of Health Sciences were also interviewed. The
interview was conducted online and consisted of open-ended
questions. Of interest were their views regarding the use of
AR in the classroom.

Lecturer X in the Division of Anatomical Pathology and
Lecturer Y in theDivision of Clinical Anatomy andBiological
Anthropology in the UCT Department of Health Sciences
were interviewed. Both lecturers support the use of AR to
teach health science courses at UCT as Lecturer X said
that “students are often attracted by the use of technology
as a learning tool” and “augmented reality may prove to
be useful in teaching anatomy and anatomical pathology.”
However, Lecturer X also stated that “although AR represents
an exciting new technology in Higher Education, we should
caution ourselves against embracing it blindly.” Although
Lecturer X stated that “the advantages [of AR] cannot be
stated at this point,” Lecturer Y stated that the advantages of
augmented reality include “making learning fun, appealing to
multiple learning styles and increasing motivation to learn.”

“Tools should be critically examined and researched in
order to weigh their potential benefits, the advantages [of
AR] cannot be stated at this point. Research will need to be
conducted at the time of implementation, to see if it does
offer advantages to higher education teaching and learning in
the Health Sciences.” Challenges highlighted by the lecturers
include

(i) training of staff and students on the application of the
equipment

(ii) technical difficulties
(iii) possessing of a support team to assist with necessary

software and hardware
(iv) access to internet off campus

The lecturers stated that ARmay improve student motivation
towards learning as it could “make learning more enjoyable
and interactive” and be “a ‘fun’ way to learn.” “Augmented
reality could improve student’s intrinsic motivation towards
learning. However, it must be stated that this is speculative, and
researchwould be the only reliableway to answer this question.”
Lecturer X “would like to explore the use of a smartphone app,
that could be used to bring AR into the Pathology Learning
Centre.” In contrast, Lecturer Y would “recommend [AR]
as an additional resource” and views AR “as a helpful and
attractive additional learning resource.”

5. Discussion of Findings

The overall Cronbach alpha value and the Cronbach alpha
values obtained for each ARCS factor were all greater than
0.7. An alpha score greater than or equal to 0.7 indicates
an acceptable value, while an alpha value of 0.8 or higher
indicates a good value [32]. Therefore, the Cronbach alpha
values obtained indicate that the results obtained were
reliable [32]. Obtaining reliable data that return Cronbach
alpha values exceeding 0.7 is consistent with findings from
previous studies [8, 11, 13]. The reliability of the data was
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Table 2: Significance of differences in mean values.

Attention
Hypotheses H

0
: 𝜇 = 2.93; H

1
: 𝜇 > 2.93

Calculation P (× > 2.93) = P (𝑧 > 3.83 − 2.93
1.13 ÷ √78

) = P (z > 7.03)

p value p value < 0.00001
Significance The result is significant at p < 0.05

Relevance
Hypotheses H

0
: 𝜇 = 3.37; H

1
: 𝜇 < 3.37

Calculation P (× < 3.37) = P (𝑧 > 3.26 − 3.37
1.13 ÷ √78

) = P (z > -0.76)

p value p value = 0.223
Significance The result is not significant at p < 0.05

Confidence
Hypotheses H

0
: 𝜇 = 2.98; H

1
: 𝜇 > 2.98

Calculation P (× > 2.98) = P (𝑧 > 3.30 − 2.98
1.30 ÷ √78

) = P (z > 2.17)

p value p value = 0.015
Significance The result is significant at p < 0.05

Satisfaction
Hypotheses H

0
: 𝜇 = 2.96; H

1
: 𝜇 > 2.96

Calculation P (× > 2.96) = P (𝑧 > 3.33 − 2.96
1.34 ÷ √78

) = P (z > 2.44)

p value p value = 0.0073
Significance The result is significant at p < 0.05

Overall
Hypotheses H

0
: 𝜇 = 3.05; H

1
: 𝜇 > 3.49

Calculation P (× > 2.96) = P (𝑧 > 3.49 − 3.05
1.27 ÷ √78

) = P (z > 3.06)

p value p value = 0.001107
Significance The result is significant at p < 0.05

3.49

3.33

3.3

3.26

3.83

3.05

2.96

2.98

3.37

2.93

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

Overall

Satisfaction

Confidence

 Relevance

Attention

Comparison of mean values for the preusage and postusage
questionnaires 

Pre
Post

Figure 5: Comparison of mean values for the preusage and postusage questionnaires.
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Table 3: Cronbach alpha values.

ARCS subscales Cronbach alpha values
Attention 0.845
Relevance 0.836
Confidence 0.840
Satisfaction 0.744
Total scale 0.833

expected, given the high Cronbach alpha values of the
Instructional Materials Motivation Survey (IMMS) upon
which the preusage and postusage questionnaires were based.
The values for the reliability estimates of the IMMS (all above
0.8) are shown in Appendix C while the Cronbach alpha
values obtained for the findings (all above 0.7) are shown in
Table 3.

Based on the information provided in Table 2, the signif-
icance of the change in mean value for each ARCS factor was
determined. The increases in mean values for the attention,
confidence, and satisfaction factors were significant at the
0.05 level. This indicated that the increase in mean values
obtained for these factors was significant. The decrease in
mean value for the relevance factor was not significant at
the 0.05 level. Although the null hypothesis for the relevance
factor could not be rejected, this did not mean that the
null hypothesis held true [31]. This rather indicated that the
decrease in mean value obtained was not significant. The
results of the significance test indicate that the increases in
mean values for the attention, confidence, and satisfaction
factors are significant while the decrease in the mean value
of the relevance factor is insignificant.

5.1. Advantages and Challenges. The lecturer in the Division
of Anatomical Pathology, Lecturer X, did not outline any
advantages of AR, stating that the “advantages cannot be
stated”without conductingmore research.However, Lecturer
X did say that “augmented reality could improve student’s
intrinsic motivation towards learning.” Lecturer Y stated
that one of the advantages of augmented reality included
“increased motivation to learn.” According to Di Serio et al.
[4], Gopalan et al. [8], and Wei et al. [18] the immersion and
interaction features offered by AR may encourage students
to engage in learning activities and may improve student
motivation to learn. The data collected indicated that the use
of AR did, in fact, increase the motivation to learn, or the
intrinsic motivation, of the target participants.

One of the challenges highlighted by both lecturers was
“technical difficulties,” as reported by Akçayır and Akçayır
[3]. Another challenge stated by Lecturer X was “training
staff and students on the application of the equipment.” This
is related to the challenge outlined by Gopalan et al. [8]
who stated that users may need time to get familiar and
comfortable with AR technology.

5.2. Attention. The attention factor was used to measure the
attention of students with regard to the prelearning mate-
rial, the anatomy notes, and the postlearning material, the
Anatomy 4D mobile application [11]. The 31% increase in the

mean value was significant and indicated that the Anatomy
4D mobile application was better able to hold the attention
of the students than the anatomy notes. The increase in
attention indicated that perceptual arousal was gained using
the Anatomy 4Dmobile application which led to the increase
in attention [17, 27]. The significant increase in attention is
encouraging as the attention factor is the most important as
it initiates the motivation for students [27]. RQ 2.1 asked,
How was the attention aspect of learning motivation of UCT
undergraduate health science students affected by using the
AR mobile application? Based on this finding, RQ 2.1 was
answered: after using theARmobile application, the attention
aspect of learning motivation of UCT undergraduate health
science students showed a significant increase of 31%.

5.3. Relevance. The relevance factor was used to measure
the relevance of the prelearning material, the anatomy notes,
and the postlearning material, the Anatomy 4D mobile
application [11]. Relevance can be established through using
language and examples that are familiar to the students [17,
27].The 3% decrease in themean value of relevance indicated
that the Anatomy 4D mobile application was less relevant
than the anatomy notes. The decrease in relevance indicated
that students weremore familiar with the anatomy notes than
with the Anatomy 4D mobile application. The decrease in
relevance may be attributed to the fact that the Anatomy
4D mobile application was not designed specifically for the
course as in previous studies by Akçayır et al. [23], Chiang
et al. [11], Di Serio et al. [4], Gopalan et al. [8], and Solak
and Cakir [13]. However, the 3% decrease was found to be
insignificant which indicated that the difference in mean
value is not greater than a value that would be expected
by chance [31]. This indicated that there was not sufficient
evidence at the 0.05 level of significance to conclude that the
decrease in the mean value of the relevance factor was sig-
nificant. Therefore, the decrease observed in the mean value
for the relevance factor was insignificant. Based on this, both
the anatomy notes and the Anatomy 4D application showed
relevance given themean values of 3.37 and 3.26, respectively.
RQ 2.2 asked, How was the relevance aspect of learning
motivation of UCT undergraduate health science students
affected by using the AR mobile application? Based on this
finding, RQ 2.2 was answered: after using the AR mobile
application, the relevance aspect of learning motivation of
UCT undergraduate health science students showed a slight
decrease of 3%, which was found to be insignificant.

5.4. Confidence. The confidence factor was used to assess the
confidence of students with regard to the prelearning mate-
rial, the anatomy notes, and the postlearning material, the
Anatomy 4D mobile application [11]. The increase of 11% in
themean value of confidence indicated that students feltmore
confident with the Anatomy 4D mobile application than the
anatomy notes. The increase in confidence indicated that
the Anatomy 4D mobile application may have established
positive expectations for achieving success among students
[27]. RQ 2.3 asked,Howwas the confidence aspect of learning
motivation of UCT undergraduate health science students
affected by using the AR mobile application? Based on this
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Table 4

Di Serio et al. [4] Chiang et al. [11] This study Variance with average
A 15% 11% 31% +18%
R 5% 15% -3% -13%
C 7% 11% 11% +2%
S 13% 11% 13% +1%

finding, RQ 2.3 was answered: after using the AR mobile
application, the confidence aspect of learning motivation
of UCT undergraduate health science students showed a
significant increase of 11%.

5.5. Satisfaction. The satisfaction factor was used to measure
student satisfaction after using the prelearning material, the
anatomy notes, and the postlearning material, the Anatomy
4D mobile application [11]. The increase in the mean value
of satisfaction indicated that the students felt more satisfied
after using the Anatomy 4D mobile application than when
using the anatomy notes. Satisfaction may be in the form
of a sense of achievement, praise, or entertainment [27].
The increase in satisfaction indicated that students were
entertained using the Anatomy 4D mobile application [27].
RQ 2.4 asked, How was the satisfaction aspect of learning
motivation of UCT undergraduate health science students
affected by using the AR mobile application? Based on this
finding, RQ 2.4 was answered: after using the AR mobile
application, the satisfaction aspect of learning motivation
of UCT undergraduate health science students showed a
significant increase of 13%.

5.6. Summary. The use of the AR mobile application
increased the motivation of the students by 14%. The
attention, confidence, and satisfaction of the students were
increased by 31%, 11%, and 13%, respectively, and these
increases were found to be significant. The 3% decrease in
the mean value of the relevance factor was found to be
insignificant.The increase in themean values of the attention,
confidence, and satisfaction factors is an outcome that is
consistent with previous studies. However, the decrease in
relevance is an outcome that is not consistent with the results
of previous studies. Di Serio et al. [4] found that the attention,
relevance, confidence, and satisfaction factors were increased
by 15%, 5%, 7%, and 13%, respectively. Chiang et al. [11] found
that the attention, relevance, confidence, and satisfaction
factors showed significant increases of 11%, 15%, 11%, and 11%,
respectively. The 13% increase in satisfaction obtained was
consistent with the 13% increase found by Di Serio et al. [4]
and the 11% increase in confidence obtained was consistent
with the 11% increase found byChiang et al. [11] (see Table 4 ).

The overall mean values obtained are shown in Table 1.
Based on these values and the mean values obtained for
each ARCS factor, RQ 1 may be answered. Student learn-
ing motivation after using the AR mobile application was
14% higher than student learning motivation before using
the Anatomy 4D mobile application. Therefore, using the
Anatomy 4D mobile application had a positive impact on
student learning motivation. The overall outcome of the

research is consistent with previous studies which showed
a positive impact on student learning motivation. Students
were moderately motivated when using the anatomy notes
and slightly more motivated when using the Anatomy 4D
mobile application [4].

6. Conclusion

The objective of this research was to understand the impact
of an AR mobile application on the learning motivation of
undergraduate health science students at UCT.The literature
indicated that there is insufficient research on the impact of
using mobile AR in education, and there is room to explore
the potential of AR to improve student learning motivation
and contribute to improved academic achievement [4, 7, 10].
The literature review summarised various concepts which
led to developing the research questions that were based on
the attention, relevance, confidence, and satisfaction (ARCS)
model of motivational design [17]. Augmented reality (AR)
was defined as combining real and virtual worlds, sup-
plementing the real world with computer-generated virtual
objects in real-time [1, 3, 12, 13, 18], and AR was explained
in the context of education. Mobile AR was discussed given
that ARmay easily be used throughmobile devices [3, 5].The
design involved using the Anatomy 4Dmobile application as
the educational AR tool.

The literature review looked at the use of AR in education
followed by an overview of some previous studies which used
AR applications [8, 11, 23]. Various advantages and challenges
of the use of AR in education were also discussed. Motivation
in the context of learning and the intrinsic motivation
theory, which was used to explain learning motivation, were
then discussed [25]. This led to the main research question
(RQ) (RQ 1): What are the differences in student learning
motivation before and after using the ARmobile application?
The ARCSmodel was used to answer RQ 1.The ARCS model
and each ARCS factor was used to understand the impact
of AR technology on student motivation towards learning
[4, 8, 11, 13]. The Instructional Materials Motivation Survey
(IMMS)was used to develop the instruments for this research
[17].

The methodology and design of the research were dis-
cussed, as well as the methods of data collection and data
analysis. The data analysis was used to interpret the findings
to answer the research questions. The outcomes of this
research showed that the use of an AR mobile application
increased the learning motivation of undergraduate health
science students at the University of Cape Town (UCT). The
results are consistent with previous studies by Di Serio et al.
[4], Chiang et al. [11], Gopalan et al. [8], and Solak and Cakir
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[13].The overall mean value obtained for the current teaching
method was 3.05 and the overall mean value for the use of the
Anatomy 4D mobile application was 3.49. An increase in the
attention, confidence, and satisfaction factors was found after
using the Anatomy 4D mobile application, while there was a
decrease in the relevance factor.

The results of this study add to previous studies con-
ducted to measure student learning motivation after using
an AR educational tool. Similar research studies should be
conducted over extended periods of time to reduce the
novelty effect which may have acted as a disturbing factor
[4]. This study along with many other previous studies has
proved the contribution of AR technology in education;
however, research on this topic is still in an early stage
[13]. Further research should be conducted to determine
which learning activities would benefit the most from AR
technology [4]. Akçayır et al. [23], Chiang et al. [11], Ibáñez
et al. [10], and Solak and Cakir [13] showed that AR tools
had a positive impact on academic performance. Further
research should be conducted to assess the impact of AR
on academic performance, as suggested by Lecturer X who
said, “research would need to be conducted as to whether it
improves understanding of content, assessment performance
etc.”

Appendix

A. Instructional Materials Motivation
Survey (IMMS [17])

(1) (or A) = not true
(2) (or B) = slightly true
(3) (or C) = moderately true
(4) (or D) = mostly true
(5) (or E) = very true

(1) When I first looked at this lesson, I had the impression
that it would be easy for me.

(2) There was something interesting at the beginning of
this lesson that got my attention.

(3) This material was more difficult to understand than I
would like for it to be.∗

(4) After reading the introductory information, I felt
confident that I knew what I was supposed to learn
from this lesson.

(5) Completing the exercises in this lesson gave me a
satisfying feeling of accomplishment.

(6) It is clear to me how the content of this material is
related to things I already know.

(7) Many of the pages had so much information that it
was hard to pick out and remember the important
points.∗

(8) These materials are eye catching.
(9) There were stories, pictures or examples that showed

me how this material could be important to some
people.

(10) Completing this lesson successfully was important to
me.

(11) The quality of thewriting helped to holdmy attention.
(12) This lesson is so abstract that it was hard to keep my

attention on it.∗
(13) As Iworked on this lesson, I was confident that I could

learn the content.
(14) I enjoyed this lesson somuch that Iwould like to know

more about this topic.
(15) The pages of this lesson look dry and unappealing.∗
(16) The content of thismaterial is relevant tomy interests.
(17) The way the information is arranged on the pages

helped keep my attention.
(18) There are explanations or examples of how people use

the knowledge in this lesson.
(19) The exercises in this lesson were too difficult.∗
(20) This lesson has things that stimulated my curiosity.
(21) I really enjoyed studying this lesson.
(22) The amount of repetition in this lesson caused me to

get bored sometimes.∗
(23) The content and style of writing in this lesson convey

the impression that its content is worth knowing.
(24) I learned some things that were surprising or unex-

pected.
(25) After working on this lesson for awhile, I was confi-

dent that I would be able to pass a test on it.
(26) This lesson was not relevant to my needs because I

already knew most of it.∗
(27) The wording of feedback after the exercises, or

of other comments in this lesson, helped me feel
rewarded for my effort.

(28) The variety of reading passages, exercises, illustra-
tions, etc., helped keep my attention on the lesson.

(29) The style of writing is boring.∗
(30) I could relate to the content of this lesson to things I

have seen, done or thought about in my own life.
(31) There are so many words on each page that it is

irritating.∗
(32) It felt good to successfully complete this lesson.
(33) The content of this lesson will be useful to me.
(34) I could not really understand quite a bit of thematerial

in this lesson.∗
(35) The good organization of the content helped me be

confident that I would learn this material.
(36) It was a pleasure to work on such a well-designed

lesson.

∗Asterisked items should be recoded prior to data analy-
sis (1 = 5, 2 = 4, 4 = 2, and 5 = 1).
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Table 5: IMMS scoring guide [17].

Attention Relevance Confidence Satisfaction
2 6 1 5
8 9 3 (reverse) 14
11 10 4 21
12 (reverse) 16 7 (reverse) 27
15 (reverse) 18 13 32
17 23 19 (reverse) 36
20 26 (reverse) 25
22 (reverse) 30 34 (reverse)
24 33 35
28
29 (reverse)
31 (reverse)

Table 6: IMMS reliability estimates [17].

Scale Reliability estimate (Cronbach 𝛼)
Attention 0.89
Relevance 0.81
Confidence 0.90
Satisfaction 0.92
Total scale 0.96

B.

See Table 5.

C.

See Table 6.

D. Preusage Questionnaire

(1) When I first looked at the anatomy notes, I had the
impression that studying from themwould be easy for
me.

(2) Therewas something interesting in the anatomy notes
that got my attention.

(3) The anatomy notes were more difficult to understand
than I would like for it to be.

(4) After reading the introductory information, I felt
confident that I knew what I was supposed to learn
from the anatomy notes.

(5) It is clear to me how the content of the anatomy notes
is related to things I already know.

(6) Many of the notes had so much information that it
was hard to pick out and remember the important
points.

(7) The anatomy notes are eye-catching.
(8) Successfully learning from the anatomy notes is

important to me.

(9) The quality of the writing of the anatomy notes helped
to hold my attention.

(10) The anatomy notes are so abstract that it was hard to
keep my attention on it.

(11) As I read through the anatomy notes, I was confident
that I could learn the content.

(12) I enjoyed studying from the anatomy notes so much
that I would like to know more about this topic.

(13) The pages of the anatomy notes look dry and unap-
pealing.

(14) The content of the anatomy notes is relevant to my
interests.

(15) The way that information is arranged on the pages
helped keep my attention.

(16) The exercises in the anatomy notes were too difficult.
(17) The anatomy notes have things that stimulated my

curiosity.
(18) I really enjoyed studying the anatomy notes.
(19) The amount of repetition in the anatomy notes caused

me to get bored sometimes.
(20) The content and style of writing in the anatomy

notes convey the impression that its content is worth
knowing.

(21) After working on the anatomy notes for a while, I was
confident that I would be able to pass a test on it.

(22) The anatomy notes were not relevant to my needs
because I already knew most of it.

(23) The variety of reading passages, exercises, illustra-
tions, etc., helped keep my attention on the anatomy
notes.

(24) The style of writing of the anatomy notes is boring.
(25) I could relate the content of the anatomy notes to

things I have seen, done, or thought about in my own
life.

(26) There are somany words on each page of the anatomy
notes that it is irritating.

(27) The content of the anatomy notes will be useful to me.
(28) I could not really understand quite a bit of thematerial

in the anatomy notes.
(29) The good organization of the content helped me be

confident that I would learn this material.
(30) It was a pleasure to work on such well-designed notes.

E. Postusage Questionnaire

(1) When I first looked at the Anatomy 4D mobile
application, I had the impression that studying from
it would be easy for me.

(2) There was something interesting in the Anatomy 4D
mobile application that got my attention.
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(3) The content of the Anatomy 4D mobile application
was more difficult to understand than I would like for
it to be.

(4) After downloading the Anatomy 4D mobile applica-
tion, I felt confident that I knew what I was supposed
to learn from the mobile application.

(5) It is clear to me how the content of the Anatomy 4D
mobile application is related to things I already know.

(6) The Anatomy 4D mobile application had so much
information that it was hard to pick out and remem-
ber the important points.

(7) The Anatomy 4D mobile application is eye-catching.
(8) There were stories, pictures, or examples that showed

me how the information in the Anatomy 4D mobile
application could be important to some people.

(9) Successfully learning from the Anatomy 4D mobile
application is important to me.

(10) The quality of the content in the Anatomy 4D mobile
application notes helped to hold my attention.

(11) The content in the Anatomy 4D mobile application is
so abstract that it was hard to keep my attention on it.

(12) As I used the Anatomy 4D mobile application, I was
confident that I could learn the content.

(13) I enjoyed studying from the Anatomy 4D mobile
application so much that I would like to know more
about this topic.

(14) The Anatomy 4D mobile application looks dry and
unappealing.

(15) The content of the Anatomy 4D mobile application is
relevant to my interests.

(16) The way that information is presented on the
Anatomy 4D mobile application helped keep my
attention.

(17) Using the Anatomy 4D mobile application was too
difficult.

(18) The Anatomy 4D mobile application has things that
stimulated my curiosity.

(19) I really enjoyed using the Anatomy 4D mobile appli-
cation.

(20) The amount of repetition in the Anatomy 4D mobile
application caused me to get bored sometimes.

(21) I learned some things that were surprising or unex-
pected from the Anatomy 4D mobile application.

(22) After working with the Anatomy 4D mobile applica-
tion for a while, I was confident that I would be able
to pass a test on it.

(23) The Anatomy 4Dmobile application was not relevant
to my needs because I already knew most of it.

(24) The content of the Anatomy 4D mobile application is
boring.

(25) I could relate the content of the Anatomy 4D mobile
application to things I have seen, done, or thought
about in my own life.

(26) When using the Anatomy 4D mobile application,
there is so much information on the screen that it is
irritating.

(27) The content of the Anatomy 4D mobile application
will be useful to me.

(28) I could not really understand quite a bit of thematerial
in the Anatomy 4D mobile application.

(29) The good organization of the content on the Anatomy
4D mobile application helped me be confident that I
would learn this material.

(30) It was a pleasure to work on such a well-designed
mobile application.
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