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Preface

Mobile Health Technologies, also known as mHealth technologies, have emerged, amongst
healthcare providers, as the ultimate Technologies-of-Choice for the 21st century in delivering
not only transformative change in healthcare delivery, but also critical health information to
different communities of practice in integrated healthcare information systems. mHealth
technologies nurture seamless platforms and pragmatic tools for managing pertinent health
information across the continuum of different healthcare providers. mHealth technologies
commonly utilize mobile medical devices, monitoring and wireless devices, and/or teleme‐
dicine in healthcare delivery and health research. Today, mHealth technologies provide op‐
portunities to record and monitor conditions of patients with chronic diseases such as
asthma, Chronic Obstructive Pulmonary Diseases (COPD) and diabetes mellitus. The intent
of this book is to enlighten readers about the theories and applications of mHealth technolo‐
gies in the healthcare domain. The book is divided into two sections, with Section 1 consist‐
ing of four chapters and Section 2 consisting of two chapters.

Section 1, including Chapter 1 through 4, illustrates the opportunities, benefits and challeng‐
es of mHealth technologies in managing patients with chronic diseases. Chapter 1 reviews
recent progress in the field of wearable technologies, with a focus on key solutions for fall
detection and prevention, Parkinson’s disease assessment, cardiac disease, blood pressure
and blood glucose management. Chapter 2 explores the use of mHealth technologies for the
empowerment of patients with diabetes so as to improve their health outcomes and well-
being. Chapter 3 explores the opportunities and challenges in adopting telemedicine pro‐
grams for the management of patients with respiratory diseases. Chapter 4 presents
opportunities and challenges of monitoring chronic disease patients with mHealth technolo‐
gies.

Section 2, including Chapter 5 and 6, illustrates the applications of mHealth technologies in
streamlining the management of chronic diseases. Chapter 5 discuses a mobile Cloud-based
blood pressure application for healthcare education. Chapter 6 presents the development of
a mHealth application called SmartWoundCare, designed to document and assess chronic
wounds on Smartphones and tablets.

Dr. Wilfred Bonney,
University of Dundee,

Scotland, UK





Section 1

mHealth Theories





Chapter 1

The Emerging Wearable Solutions in mHealth

Fang Zhao, Meng Li and Joe Z. Tsien

Additional information is available at the end of the chapter

http://dx.doi.org/10.5772/63557

Abstract

The marriage of wearable sensors and smartphones have fashioned a foundation for
mobile health technologies that enable healthcare to be unimpeded by geographical
boundaries. Sweeping efforts are under way to develop a wide variety of smartphone-
linked wearable biometric sensors and systems. This chapter reviews recent progress
in the field of wearable technologies with a focus on key solutions for fall detection and
prevention, Parkinson’s disease assessment and cardiac disease, blood pressure and
blood glucose management. In particular, the smartphone-based systems, without any
external wearables, are summarized and discussed.

Keywords: wearable inertial sensors, accelerometer, gyroscope, ECG patch, classifica‐
tion algorithm, smartphone, fall detection and prevention, Parkinson’s disease, car‐
diac rhythm, blood glucose, blood pressure

1. Introduction

Nowadays, dramatic advances in microelectromechanical systems (MEMS) technology have
paved the way for wearable sensors to make inroads into mHealth, providing the potential for
medical care and research to take place outside the standard doctor’s office or hospital. A wide
variety of wearable biometric sensors, such as bracelets, watches, skin patches, headbands,
earphones, and clothing [1, 2], have been designed and developed. Regardless of the various
forms and functions of these sensors, their unifying design focus is to allow for unobtrusive,
passive, and continuous monitoring. Beyond sensing capability, another key characteristic is
their ability to seamlessly connect with a mobile device to transfer all biometric data into a
software application (APP) that can be shared with healthcare providers, researchers or family
members. Inertial sensors, the most ubiquitous wearables, combined with dedicated algo‐
rithms are able to “count” steps (i.e., pedometers), gauge physical activity levels, indirectly

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.



estimate energy expenditure [3], and implement activity recognition [4]. Today, the Holter
monitor, the most commonly used ambulatory electrocardiography device for assessing cardiac
abnormalities, is one of the technologies that may soon become obsolete, since prolonged
continuous rhythm monitoring is available by wearing an electrocardiogram (ECG) patch on
the chest [5]. Other notable examples of sensor technologies under development which allow
for a more personalized understanding of our health include cuffless blood pressure monitor‐
ing and noninvasive blood glucose tracking. Through progressively miniaturized, smart‐
phones are equipped with comparatively advanced sensing capabilities (i.e., accelerometer,
gyroscope, magnetometer, camera, and many more) and powerful computing capabilities,
making it  the ideal  platform for remote health monitoring without the extra expense of
purchasing and inconvenience of using dedicated wearables. As a result, smartphone-based
solutions have emerged most recently for fall detection and prevention [6], activity recogni‐
tion [7], Parkinson’s disease (PD) assessment [8], and cardiac rhythm measurement in mHealth.

This chapter provides a review of recent progress in the field of wearable systems and solutions
that have already entered into or have the potential to apply in mHealth. Aging of the
population is a global issue, and it presents tremendous challenges to society and healthcare
systems all over the world. The most common healthcare issues of the aging population include
the following: (i) falls that are considered as one of the major hazards for the elderly, especially
for those living alone [9]; (ii) neurological disorders that are categorized as major chronic
diseases inducing motor impairments, with PD as one of the most frequently occurring
conditions [10]; and (iii) cardiac disease, hypertension and diabetes are the most common
chronic diseases affecting the elderly [11]. Therefore, a critical analysis of the state-of-the-art
wearable solutions for these age-related care issues and chronic diseases are presented.

The remainder of this chapter can be separated into five sections. The wearable solutions for
motion monitoring are discussed in Section 2. Firstly, the basic architecture of the wearable
motion monitoring systems is described, followed by a summary of the state-of-the-art
smartphone-based fall detection and prevention systems, with a focus on the sensor used,
extracted features, the classification algorithm, and the outcomes in each system. The wearable
solutions for PD are then discussed. A selection of external wearable solutions and smart‐
phone-based systems that used pattern recognition algorithms to classify motor signs of
functional activities impairment in PD are presented and compared. Section 3 illustrates the
wearable solutions for cardiac activity monitoring. Several commercially available portable
devices are presented. Section 4 describes the approaches for cuffless blood pressure moni‐
toring and noninvasive blood glucose monitoring. Unfortunately, these approaches are not
satisfactory to date. Finally, conclusion offered in Section 5 points out important observations
and areas that need further research.

2. Wearable solutions for motion monitoring

Mirroring the increasingly widespread adoption of wearable inertial sensors in personalized
healthcare is an equally remarkable development in algorithms to classify human activity [7].

Mobile Health Technologies - Theories and Applications4
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As a result, inertial sensor technologies can go well beyond step counts to a wealth of person‐
alized activity information to help guide health and wellness. Earlier work by Bouten et al. [12]
established a significant relationship (r=0.89) between accelerometer output and energy
expenditure due to physical activity, impelling wearable sensor to become capable of estimat‐
ing energy expenditure in diabetes or obesity management. Subsequent work by Najafi et al.
[13] founded a significant correlation between postural transition (PT) and falling risk using a
gyroscope, which led to a variety of other works to exemplify the prominence of wearable
inertial sensors in fall detection and prevention in elderly care. The activity recognition by
wearable inertial sensors has also been used in the assessment and rehabilitation of many
neurological diseases [14], such as Parkinson’s disease (PD), stroke, cerebral palsy (CP),
multiple sclerosis (MS), and Huntington’s disease (HD), which can induce motor impairment.
Transformations are under way in movement monitoring to provide care in the daily lives of
those afflicted with these diseases as a result of all these breakthroughs.

2.1. Architecture

The basic architecture of motion monitoring systems for mHealth consists of three common
phases namely, sensing, processing and communication (Figure 1). Feature extraction and
motion classification algorithm used in the processing phase may differ greatly from system
to system.

Figure 1. Basic architecture of activity tracking systems for mHealth.

2.1.1. Sensing

Multimodal MEMS sensors can be utilized to identify physical activities, including acceler‐
ometer, gyroscope, magnetometer, barometer, etc. The terms accelerometer, gyroscope, and
magnetometer will refer to triaxial accelerometers, triaxial gyroscopes and triaxial magneto‐
meters, respectively, unless otherwise stated. Each type of sensor is sensitive to a kinematic
quantity: accelerometer for sensing acceleration along three orthogonal directions; gyroscope
for detecting angular momentum; magnetometer for gauging changes in orientation by
measuring the strength of the local magnetic field along three orthogonal axes; and barometer
for determining rapid changes in altitude (e.g., walking up/down stairs) by measuring absolute
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atmospheric pressure to infer altitude above sea level. Their combination can even estimate
three-dimensional (3D) orientation and displacement.

2.1.2. Processing

The processing phase encompasses preprocessing, feature extraction and physical motion
classification steps. Preprocessing needs to be first applied to the raw data collected from
MEMS sensors to improve the signal-to-noise ratio. The signals are often smoothed by median
filters of a short sliding window to remove spurious noise [15]. Accelerometer data are often
high-pass filtered to separate acceleration caused by gravity from acceleration due to body
movement [16].

After preprocessing of MEMS data, features are generally extracted from sequential epochs of
time using window techniques. The most commonly used approach is the sliding window
often with 50% overlap between consecutive windows [17], which is the most suitable for real-
time or online applications. Statistical measures of the time domain and frequency domain
features are widely used to reduce the MEMS data of each window epoch to a finite number
of derived parameters from which a physical movement can be inferred.

Prior to classification, feature selection techniques [18] may be applied to find the optimal
feature subset, which can best distinguish between movements, from all of the features
generated. Feature selection is of particular importance as inappropriate or redundant features
may deteriorate the overall classification performance. The selected features from the MEMS
sensor data are exploited by the classification algorithms in the development of a model that
can identify specific physical movements. Classification methods used in activity recognition
include (but are not limited to) hidden Markov models (HMM), K nearest neighbors (KNN),
support vector machines (SVM), discrete wavelet transform (DWT), decision tree classifiers
(DTC), random forests (RFs), linear discriminant analysis (LDA) or feed-forward neural
network (Bpxnc).

2.1.3. Communication

After processing, the classified motion data can then be sent to medical staff (e.g., a caregiver
or a physician) for remote monitoring or back to the user or patient for self-monitoring. Once
an abnormal movement (i.e., fall event) is detected, the wearable mHealth systems sent out a
signal to seek help from the monitoring center or a caregiver via smartphones.

2.2. Fall detection and prevention

Falls are one of the major causes of injuries and hospital admissions of elderly people. Those
who suffer from neurological diseases (e.g., stroke, PD) also give rise to increased fall risks.
Falls can potentially cause severe physical injuries, such as bleeding, fracture and central
nervous system (CNS) damage, and long lie times (remaining involuntarily on the ground for
a prolonged period) after the fall can lead to disability, paralysis, even death. Therefore, the
first line of defence against fall hazards is to prevent them and the second line of defence is to
provide emergency treatment in time.

Mobile Health Technologies - Theories and Applications6
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2.2.1. Smartphone-based systems

Initially, dedicated wearable kinematic sensors have been developed with the ability to assist
in identifying falls [19, 20] and estimating the likelihood of future falls by monitoring activity
levels or analyzing the individual’s gait [21, 22]. However, their widespread adoption has been
limited by the cost associated with purchasing the device and the low utilization coefficient
by the user (who may often forget or refuse to wear the specially designed wearables). There
has been a shift toward smartphones in recent years, as the smartphone with multimodal built-
in MEMS sensors, coupled with its ubiquitous nature and increased computational power,
make it the ideal platform for fall monitoring in mHealth. The first smartphone-based fall
detection app iFall [23] utilized an integrated accelerometer to recognize the difference in
position before and after the fall. Later in 2010, the PreFallD [24] was developed considering
both the wearer’s acceleration and orientation during the fall event. Table 1 summarizes and
compares the features of the existing smartphone-based fall detection and prevention systems
or applications. The literatures that presented very preliminary investigations and did not
declare the performance of their proposed solutions are not included here.

Arti

cle 

Appli

cation 

Sensors

(Placement)

Algorithm Performance Notification

(Information)

[23] Detection Accelerometer

(Any)

Threshold Demonstrated fall can be

detected by smartphone.

SMS (time, GPS

coordinates), audible

notification.

[24] Detection Accelerometer &

gyroscope &

magnetometer

(chest, waist, thigh)

Threshold 2.67% (Average FN), 8.7%

(Average FP)

Audio alarm, voice

call.

[25] Detection Accelerometer

(trouser pocket)

DWT 85% (RC), 95% (PR) SMS (GPS

coordinates), email

(Google map),

twitter.

[30] Detection Accelerometer

(chest, waist, thigh)

Threshold 97% (PR), 2.67% (average FN),

8.7% (Average FP)

Audio alarm, voice

call

[26] Detection Accelerometer

(Waist)

C4.5 DT, NB, SVM 98.85% (AC for DT); 86.47% (AC

for SVM); 87.78% (AC for NB)

SMS

[97] Detection Accelerometer

(waist)

Threshold Detected 54 out of 67 simulated

falls.

Email, SMS.

[31] Detection Accelerometer

(waist)

Threshold 0.81 (SP), 0.77(SE) SMS (time, location)
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Arti

cle 

Appli

cation 

Sensors

(Placement)

Algorithm Performance Notification

(Information)

[39] Detection Accelerometer &

gyroscope

(hand, shirt, or trouser

pocket)

Threshold,

One-class SVM

75% (AC for hand);

77.9412% (AC for shirt pocket);

84.2857%

(AC for trouser

pocket)

Undisclosed

[98] Detection Accelerometer

(waist)

Threshold Capability of differentiate

between running and

falling

SMS (time, GPS

coordinates)

[44] Detection Accelerometer

(waist)

Threshold, ANN 100% success rate for a total

of 500 epochs.

Message (GPS

coordinates)

[6] Detection,

prevention

Accelerometer &

gyroscope (waist)

Threshold The uFall and uTUG can ran

on a smartphone to realize

long-term and real-time

monitoring.

Audio alarm, email,

SMS.

[99] Detection Accelerometer

(shirt, or trouser

pocket)

Threshold 97% (average SE), 100%

(average SP)

Undisclosed

[32] Detection Accelerometer (Shirt

pocket)

threshold 92.75% (SE), 86.75% (SP) Text message

[40] Detection Accelerometer

(trouser pocket)

SVM 95.7% (PR), 90% (average RC) vibration, audio

alarm, SMS (time,

location)

[27] Detection Accelerometer &

gyroscope (hand,

pocket, waist)

Semisupervised

learning

85.3% (SE), 90.5% (SP) Undisclosed

[33] Detection Accelerometer

(chest, waist, thigh)

Threshold 72.22% (SE), 73.78 (SP) SMS

[34] Detection Accelerometer &

gyroscope (hand,

pocket)

Threshold 80% (SE), 96.25% (SP), 85% (AC) Undisclosed

[41] Detection Accelerometer

& Wi-Fi module

(waist)

DT, SVM, NB,

RSSI

100% & 75.8% (PR & RC

for DT); 99.81% & 75.43% (PR &

RC for SVM); 98.67% & 73.20%

SMS (name, time,

location)
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Arti

cle 

Appli

cation 

Sensors

(Placement)

Algorithm Performance Notification

(Information)

(PR & RC for NB).

[28] Detection Accelerometer &

gyroscope &

magnetometer

(chest)

Fisher’s

discriminant

ration and J3

criterion,

hierarchical

classifiers

97.63% (AC) for fall;

95.03% (AC) for total

MMS (time, GPS

coordinate, map)

[35] Detection Accelerometer

(waist)

Threshold 83.33% (SE), 100% (SP) SMS, voice call,

twitter, email,

Facebook

[100]Detection Accelerometer

(waist)

Threshold Detected 47 out of 50 samples. SMS (time, GPS

data)

[29] Prevention Accelerometer &

gyroscope (trouser

pocket)

C4.5 DT, Hjorth

mobility and

complexity

99.8% (AC) Message, vibration

[42] Detection Accelerometer

(trouser pocket)

OneR, ReliefF,

SCMA, K*, C4.5,

NB

90% success ratio, 83.8% &

82.0% (PR & RC for NB);

83.8% &

82.0% (PR & RC

for J48 DT); 88.9% & 88.6% (PR &

RC for K*).

SMS (GPS

coordinate)

[36] Detection Accelerometer

(waist)

Threshold 90% (SP), 100% (SE), 94% (AC) SMS

[37] Detection Accelerometer &

encompass (pocket)

Cascaded

classification

92% (SE), 99.75% (SP) Message (GPS

coordinate)

[38] Detection Accelerometer (side,

or back pocket,

arm, neck)

Threshold &

orientation

95% (PR), 90 (AC), 100% (RC) Undisclosed

[43] Detection Accelerometer

(Pocket)

PNN1, PSVM2 PNN: 0.9861 (mean AUC);

PSVM: 0.9914 (mean AUC)

Undisclosed

1PNN-Personalized Nearest;
2PSVM-Personalized SVM.

Table 1. Smartphone-based fall detection and prevention systems.
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The most common sensor used in fall detection and prevention was the accelerometer,
followed by the gyroscope (Table 1). In most of the studies, threshold-based algorithm was
adopted for fall detection due to its low complexity. The most commonly used feature for
threshold-based algorithm is the magnitude vector of acceleration signal:

2 2 2| | | | | | | |T x y zA A A A= + + (1)

where Ax, Ayḥ, and Az represent accelerometer signals of the x-, y-, and z-axis, respectively. The
threshold value could be predefined (fixed) or adaptive (changed with user-provided phys‐
iological data, such as height, weight).

The surge in computing power has fashioned a foundation for complex machine-learning
classification algorithms for fall detection and prevention to be implemented in smartphones.
The classification algorithms used in the processing phase vary considerably across systems.
Yavuz et al. [25] utilized DWT and achieved a better true-positive (TP) performance while
decreasing the false positives (FP) when compared to threshold-based algorithm. Zhao et al.
[26] implemented three machine-learning algorithms—namely C4.5 DTC, NB, and SVM and
compared their performances based on recognition accuracy. Fahmi et al. [27] designed a
semisupervised algorithm to detect a genuine fall event with smartphone. He and Li [28]
employed a combined algorithm of Fisher’s discriminant ratio (FDR) criterion and J3 criterion
for feature selection and hierarchical classifiers to recognize 15 activities including fall events.
Majumder et al. [29] applied Hjorth mobility and complexity to identify high-risk gait patterns,
hence developed a fall prevention system called iPrevention.

Once a fall event is detected, the systems send out notifications including audible alarms,
vibrations, automatic voice calls, short message service (SMS), multimedia messaging service
(MMS), E-mails, Twitter messaging, etc., (Table 1). Notification messages may contain infor‐
mation regarding time and location (GPS coordinates or Google Map).

2.2.2. Performance evaluations

There is no uniform standard for outcome evaluations of fall detection or prevention systems
now. The outcomes are often represented by four possible situations [24, 30]: TP, a fall occurred
and was correctly detected; FP, the system declared a fall that did not occur; true negative
(TN), a fall-like event was not misclassified as a fall event; false negative (FN), a fall occurred,
but the system missed it. The reliability of systems is usually evaluated based on the following
parameters: sensitivity (SE) = TP/(TP+FN), which is the ratio of fallers correctly classified as
fall event [27, 31–34]; specificity (SP) = TN/(TP+FN), which is the ratio of fall-like events
correctly classified as nonfallers [35–38]; accuracy = (TP+TN)/(TP+FP+FN+TN), which is the
ratio of true results in the whole data set [26, 28, 29, 39]. Some works measured the performance
in a different way; they utilized precision = (∩)/and recall—namely, the number of correct results
divided by the total outputs—as the performance indexes [40–42]. Some other works evaluated
the proposed system by measuring the area under the receiver operating characteristic curve
(AUC), where the curve represented SE versus FN [43].
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2.2.3. Limitations and challenges

Despite the expanding body of evidence to support the use of smartphones for fall detection
and prevention, it is important to recognize the limitations in this area of science. The promi‐
nent weakness is problems induced by the limited battery life of the smartphone. The rate at
which the smartphone’s battery is consumed is dependent on both internal and external
factors. Internal factors are built-in sensor dependent, including the sampling rate and
resolution mode. High-resolution mode can dramatically increase the rate of power consump‐
tion. External factors are related to the number of sensors used, data recording time, and
complexity of the algorithms. Mellone et al. [6] showed that a battery could power a smart‐
phone (Samsung Galaxy S II) for 30 h with only one sensor used and 16 h with three sensors
activated. Majumder et al. [29] reported that a fully charged battery can only power an iPhone
for 3 h at the most, when running a machine learning algorithm. Energy efficiency will continue
to be an important criterion when choosing the algorithm, unless advancements in battery
technology could lead to higher density energy storage.

Model Sensors Dynamic ranges Resolution

Samsung S4 Accelerometer
Gyroscope
Magnetometer
Barometer

±2 g
±500°/s
±1200 μT
300–1100 hPa

±0.001 ms−2

±0.057°/s
±0.15 μT (x/y axis) ±0.25 μT (z axis)
±1 hPa

Samsung S3 Accelerometer
Gyroscope
Magnetometer
Barometer

±2 g
±500°/s
±1200 μT
260–1260 hPa

±0.01 ms−2

±0.015°/s
±0.30 μT
±0.24 hPa

Galaxy Nexus Accelerometer
Gyroscope
Magnetometer
Barometer

±2 g
±2000°/s
±800 μT
300–1100 hPa

±0.61 m⋅s−2

±0.06°/s
±0.15 μT (x/y axis) ±0.30 μT (z axis)
±1 hPa

HTC One Accelerometer
Gyroscope
Magnetometer

±4 g
±2000°/s
±4900 μT

±0.039 m⋅s−2

±0.06°/s
±0.15 μT

LG Nexus 4 Accelerometer
Gyroscope
Magnetometer
Barometer

±4 g
±500°/s
±4912 μT
0–1100 hPa

±0.001 m⋅s−2

±0.015°/s
±0.15 μT
±1 hPa

iPhone 5/5s Accelerometer
Gyroscope
Magnetometer

±8 g
±2000°/s
±1200 μT

±0.002 m⋅s−2

±0.06°/s
±0.30 μT

iPhone 6/6plus Accelerometer
Gyroscope
Magnetometer
Barometer

±8 g
±2000°/s
±4900 μT
300–1100 hPa

±0.002 m⋅s−2

±0.06°/s
±0.15 μT
±0.16 hPa

Table 2. Specifications of the built-in sensors in some currently available smartphones.
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The resolution and dynamic range of the built-in inertial sensors vary considerably across
smartphones (Table 2). Acceptable dynamic ranges for accelerometers from ±4 g to  ± 16 g (g
= 9.81 ms−2) have been reported for fall detection applications [35, 44], which is beyond the
typical dynamic ranges of most currently available smartphone accelerometers ( ± 2 g). The
newest high-end commercially available smartphones (i.e., iPhone 6/6plus) have accelerome‐
ters with higher dynamic ranges ( ± 8 g), making these devices more suitable for detecting falls.

In addition, a major limitation of using smartphones to detect fall is that it requires the
smartphone to be consistently located and/or oriented in the same position. It may be difficult
to do so due to the multifunctional nature of smartphones. Habib et al. [45] showed that
individuals may not place their smartphone on their body whilst at home so, that being said,
it may limit the ability of the smartphone to detect fall in the home. At present, smartphone
placement and usability issues should be handled carefully.

2.3. Functional activities assessment for Parkinson’ s disease

For a population that is shifting toward an older age range, PD is categorized in the most
common chronic neurological disorders. PD is characterized as an age-related neurodegener‐
ative disorder due to the loss of dopamine-producing brain neurons, an important neuro‐
transmitter involved in the regulation of movement. Progressive tremor, bradykinesia,
hypokinesia, rigidity, and impaired postural control are common and disabling features of
most patients with PD. The motor disorder analysis is generally performed in a clinical setting
to provide subjective assessments. However, the motor fluctuation measurements in the
clinical setting might not precisely reveal the real functional disability experienced by patients
in natural environment. With the existing and on-going advance developments in MEMS
technologies, continuous, unsupervised, objective and reliable monitoring of mobility and
functional activities in natural environments is now possible, allowing for long-term, home-
based intensive care and improvement of the individual healthcare and well being.

2.3.1. Wearable inertial sensor-based methods

A growing body of literature studied the use of wearable inertial sensors to detect and quantify
tremor, bradykinesia and levodopa-induced dyskinesia (LID) in PD populations. Most studies
were focused on finding the features derived from sensor signals that are effective for detecting
differences between people with PD and healthy controls [46–49]. Results from these studies
presented a range of outcomes which included the root mean square (RMS) of accelerations,
the deviation of acceleration, step or stride variability, gait regularity or symmetry, FFT
features, entropy and many more. Only a few works established and validated motion analysis
methods or systems that used pattern recognition algorithms to classify motor signs of
functional activities impairment in PD. Table 3 provides a detailed comparison of these
different methodological approaches. Leave-one-subject-out method and cross-validation
method were used for validating the approaches.
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Arti

cle 

Sensors

(Placement) 

Algorithm Features Performance Validity

57 Accelerometer &

gyroscopes

(shanks, trunk)

Logistic regression

model with

Mamdani

fuzzy rule-based

classifier

Duration of transition,

amplitude, range,

minimum value,

maximum value,

relative time.

Differentiate between

sit-to-stand and

stand-to-sit transitions

with 83.8% SE.

Cross-

validation

52 Accelerometer

(limbs, trunk, belt)

KNN, Parzen,

Parzen density,

binary decision tree,

Bpxnc, SVM.

RMS, range. Detect the severity of

bradykinesia with an

AC range of 70–86%

depending on the

algorithm.

Cross validation

55 Accelerometer &

gyroscopes

(wrist, thigh, foot,

sternum)

DT IAA1 and change in thing

inclination per second

(thigh); differentiate an

upright position from a

horizontal one (trunk,

thigh); AAM2 (wrist);

peak detection (foot).

98.9% (overall AC); Detect

significant changes in rest

and kinetic tremor with an

AC range from 78.8–94.1%

depending on the activity

performed.

Leave-one-

subject-out

method

53 Accelerometer &

gyroscopes (shoes)

Boosting with

decision stump,

LDA and SVM with

linear

and RBF kernel.

Step duration, entropy,

variance, energy

ratio, 0.5–3 Hz energy

band.

Classify patients with

PD and healthy controls

using LDA with

88% SE and

86% SP;

Distinguish mild from

severe gait

impairments with

100% SE and SP.

Leave-one-

subject-out

method

54 Accelerometer &

gyroscopes (shoes)

LDA, AdaBoost,

SVM with linear

and RBF

kernel.

Single steps,

complete gait sequence,

FFT of gait

sequences.

Distinguish patients with

PD from controls with an

overall AC of 81%;

Differentiate between

Hoehn and

Yahr III patients to controls

with

91% AC.

Cross validation

51 Accelerometer Supervised

machine-learning

models

FFT features:

Ptotal between 0.5–8 Hz,

Plocomotion

94.94% (AC), 94% (SP) Undisclosed
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Arti

cle 

Sensors

(Placement) 

Algorithm Features Performance Validity

on 0.5–3 Hz, Pfreeze on 3–8

Hz,

freeze index.

56 Four

accelerometers

(extremity) and

one accelerometers

& gyroscopes

(waist)

HMM

(for tremor)

Time, frequency and

spatial features.

87% (AC),

0.008 (MBE)

Leave-one-

subject-out

methodDT (for LID) Mean value, standard

deviation, entropy,

energy in specific

frequency subbands,

entropy.

85.4% (AC),

0.31 (MBE)

SVM (for

Bradykinesia)

Approximate entropy,

sample entropy, RMS,

cross correlation, range.

74.5% (AC),

0.25 (MBE)

RF (for FOG) Entropy 79% (AC),

0.79 (MBE)

1IAA-Integrals of the absolute value of the accelerometer output;
2AAM-active arm movement.

Table 3. Wearable inertial sensor-based methods for Parkinson’s disease.

These methods were founded on various machine-learning classifiers. Salarian et al. [50]
applied a fuzzy classifier combined with a logistic regression model to categorize sit-to-stand
(STS) transitions. Three inertial sensors were used to detect the kinematic features of the trunk
movements during the transitions. Compared to video recordings reference system, it
demonstrated the ability to differentiate sit-to-stand from stand-to-sit with a sensitivity of
83.3% in PD and 94.4% in controls. Another study by Mazilu et al. [51] presented the GaitAssist
system to detect FoG with two ankle-mounted IMUs, streaming data via Bluetooth to an
Android phone. Supervised machine-learning models, trained offline using several FFT
features, were utilized with an overall FoG hit rate of 94.94% and a specificity of 94%.

Some studies, on the other hand, evaluated various classifiers to identify ambulatory activities.
Cancela et al. [52] implemented six activity recognition algorithms, —namely KNN, Parzen,
Parzen density, DTC, Bpxnc, and SVM, to detect the severity of bradykinesia and found out
that the SVM revealed the best classification results with 86% sensitivity by using two features
(RMS and range). Barth et al. [53] employed three classifiers, including boosting with decision
stump, LDA and SVM, to measure gait patterns in PD to distinguish mild and severe gait
impairment. The system was able to classify PDs and controls with 88% sensitivity and 86%
specificity using the LDA classifier based on three activities—namely 10 m walking, heel-toe
tapping, and foot circling. It reached a 100% sensitivity and specificity to distinguish mild from
severe using optimal features—namely step duration, entropy, variance, energy ratio, and a
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Algorithm Features Performance Validity
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0.5–3 Hz energy band. Klucken et al. [54] used 694 features and three pattern recognition
algorithms (LDA, AdaBoost, and SVM) to categorize patients in different stages. The devel‐
oped eGaIT system, which consists of accelerometers and gyroscopes attached to shoes, was
able to successfully distinguish patients from controls with an overall classification rate of 81%.
The classification accuracy increased to 91% for more severe motor impairment or H&Y III
patients.

Besides evaluating classifier, other works provided a complete motor assessment by analyzing
the severity of several PD motor symptoms. Zwartjes et al. [55] used DTC to analyze motor
activity and the severity of tremor, bradykinesia, and hypokinesia in patients with PD at three
different levels of deep brain stimulation (DBS) treatment. An overall accuracy of 99.3% was
achieved. Tzallas et al. [56] developed a system called PERFORM, using four accelerometers
at each extremity and one accelerometer/gyroscope on the waist, to evaluate and quantify
various symptom severity. The severity and type of tremor were classified by HMM classifier
based on several time and frequency domain characteristics with 87% accuracy and 0.008 mean
absolute error (MBE). The C4.5 DCT algorithm was used for LID detection and severity
classification with an accuracy of 85.4% and a MBE of 0.31. A SVM classifier with optimum
features (including approximate entropy, across correlation value, and range value) achieved
74.5% accuracy and 0.25 MBE for bradykinesia assessment. The detection of FoG was realized
by an RFs classifier using the boot strap technique with 79% accuracy and 0.79 MBE. The
PERFORM system also included a local base unit and a centralized hospital unit, allowing for
the continuous remote monitoring and management of patients with PD.

2.3.2. Smartphone-based solutions

Given that smartphones are ubiquitous and have advanced built-in inertial sensors, research
has recently sought to develop smartphone-based systems for PD assessments, which can keep
the patient “connected” to his physician on a daily basis. The important features of existing
smartphone-based solutions are summarized and compared in Table 4.

Arti

cle 

Sensors

(Placement) 

Features Algorithm Performance Validity

57 Accelerometer

(undisclosed)

Mean, SD1, 25th percentile,

75th percentile, IQR2, median,

mode, range, skewness, kurtosis,

mean squared energy, entropy, cross

correlation, mutual information, cross

entropy, DFA3, instantaneous changes in

energy, auto-regression coefficient, zero-

crossing rate, dominant frequency

component, radial distance, polar angle,

azimuth angle.

RFs Discriminate patients

with PD from controls

with an average SE of

98.5% and average SP

of 97.5%.

Cross

validation
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Arti

cle 

Sensors

(Placement) 

Features Algorithm Performance Validity

8 Accelerometer &

gyroscope

& touch screen &

microphone

Average frequencies,

RMS angular velocity,

speed of movement,

amplitude of dominant

rhythm, CV4, PSD,

RMS values.

SVM, RFs 94.5% (AC), >

0.85 (AUC)

Cross

validation

58 Accelerometer

(hips)

Freeze index, energy,

cadency variation, the ratio of the

derivative

of the energy.

fuzzy Logic

algorithm

89% (SE), 97% (SP) Undisclosed

60 Accelerometer &

gyroscope

(hand)

Magnitude of acceleration and

rotational velocity, SD of acceleration,

mean magnitude of rotation rate.

BagDT 82% (AC in patients),

90% (AC in controls)

Cross

validation

59 Accelerometer &

gyroscope

(ankle, trouser

pocket, waist,

chest pocket)

Mean, variance, SD, entropy,

energy, Fi, power, RMS, interquantile

range, kurtosis, frequency domain

features.

AdaBoost.

M1,

86% & 84% & 81%

(SE at the waist, in the

trouser pocket and at the

ankle, respectively).

Cross

validation

61 Accelerometer

(hand or ankle)

Hand tremor: power between

4–6 Hz, fraction of power,

power ration in 3.5–15 Hz to 0.15–

3.5 Hz, total power from 0–

20 Hz, peak power, average

acceleration.Gait: average gait

cycle, average stride length, average

walking speed, average acceleration, the

number of steps and the speed

of turning 360°.

SVM 77% & 82%

(SE & AC for hand

resting tremor detection),

89% & 81% (SE & AC for

gait

difficulty detection).

Cross-

validation

1SD-Standard Deviation;
2IQR-Inter-quartile range;
3DFA-Extent of randomness;
4CV-Coefficient of variation.

Table 4. Smartphone-based solutions for Parkinson’s disease.

These smartphone-based solutions use the signal from the integrated accelerometers or
gyroscopes in consumer-grade smartphones and in conjunction with machine learning

Mobile Health Technologies - Theories and Applications16



Arti

cle 

Sensors

(Placement) 

Features Algorithm Performance Validity
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Mean, variance, SD, entropy,

energy, Fi, power, RMS, interquantile

range, kurtosis, frequency domain

features.

AdaBoost.

M1,

86% & 84% & 81%

(SE at the waist, in the

trouser pocket and at the

ankle, respectively).

Cross

validation

61 Accelerometer

(hand or ankle)

Hand tremor: power between

4–6 Hz, fraction of power,

power ration in 3.5–15 Hz to 0.15–

3.5 Hz, total power from 0–

20 Hz, peak power, average

acceleration.Gait: average gait

cycle, average stride length, average

walking speed, average acceleration, the

number of steps and the speed

of turning 360°.

SVM 77% & 82%

(SE & AC for hand

resting tremor detection),

89% & 81% (SE & AC for

gait

difficulty detection).

Cross-

validation

1SD-Standard Deviation;
2IQR-Inter-quartile range;
3DFA-Extent of randomness;
4CV-Coefficient of variation.

Table 4. Smartphone-based solutions for Parkinson’s disease.

These smartphone-based solutions use the signal from the integrated accelerometers or
gyroscopes in consumer-grade smartphones and in conjunction with machine learning
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algorithms to quantify key movement severity symptoms (i.e., bradykinesia, FoG, hand
tremor) and discriminate patients with PD from controls. Arora et al. [57] using an RFs classifier
with a range of different time and frequency features of the acceleration time series, achieved
98.5% average sensitivity and 97.5% average specificity in differentiating patients with PD
from controls. Another study by Printy et al. [8] developed an iPhone application using
embedded hardware of a smartphone, including gyroscope, accelerometer, capacitive touch
screen, microphone, and the front-facing camera, and a SVM algorithm to discriminate
between more severe and less severe bradykinesia with an accuracy of 94.5%. The accurate
classification of bradykinesia severity was not achieved in this work.

Some studies, on the other hand, aimed to detect FoG, a common motor impairment to suffer
an inability to walk in PD patients. Pepa et al. [58] presented a smartphone-integrated accel‐
erometer-based system to detect the FoG. They developed a linguistic fuzzy modelling (LFM)
with Mamdani rule structure by fusing the information of freeze index, energy sum, cadency
variation, and energy derivative ratio with a sensitivity of 89% and a specificity of 97%. In the
smartphone-based system for FoG detection proposed by Kim et al. [59], data are derived from
both embedded accelerometer and gyroscope. An AdaBoost.M1 classifier using several time
and frequency domain features showed the best sensitivity of 86% at the waist, 84% and 81%
in the trouser pocket and at the ankle, respectively.

Two other studies used the smartphone to measure the hand tremor symptom. Kostikis et al.
[60] utilized a Breiman’s RFs to classify upper limb tremor and achieved 82% accuracy in
patients with PD and 90% accuracy in controls, with 0.9435 AUC. The feature metrics were
derived from the acceleration vector and rotational velocity vector when patients performed
two MDS-UPDRS postures—namely “Extended” and “Rest”. Pan et al. [61] designed a
prototype mobile cloud-based mHealth app on the Android platform called “PD Dr” to
measure the severity of both hand resting tremor and gait difficulty, using the built-in
accelerometer. The SVM classifier was used with a sensitivity of 77% and a specificity of 82%
for hand resting tremor detection, and 89% sensitivity and 81% specificity in gait difficulty
detection. Lasso regression approach was built to estimate the symptom severity. There was
a strong correlation with PD disease stage (r=0.81), hand resting tremor severity(r=0.74), and
gait difficulty severity (r=0.79).

2.3.3. Limitations and challenges

Given the relatively small number of classifier-based studies in this area and the wide variety
of research questions addressed, ranging from activity classification to different symptom
severity level assessment, it is currently difficult to address which classifier is ideal in PD
populations for mHealth. Meanwhile, the accuracy levels of the classifiers were generalized
on small sample sizes ranging from 5 to 27 subjects [50–53, 55–61]. Only one out of these studies
enlisted a relatively larger sample of 92 patients with PD and 81 controls [54]. It is therefore
important to evaluate the performance of classifiers according to larger, homogeneous
population sets. Moreover, It is difficult to evaluate how effective or well performing of a
classifier, because its performance also depends on the selected features and the properties of
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wearable sensors (i.e., resolution, noise level). Therefore, the effectiveness of wearable inertial-
based methods in mHealth regimens still has to be further examined.

Using a smartphone for PD management seems promising in mHealth, yet there are the same
issues as those in smartphone-based fall detection systems. The performance and usability of
smartphone-based solutions remain limited by the relatively lower quality of embedded
sensors, and the limited battery life of smartphones, as well as the need to wear the smartphone
in a fixed position.

Only very few studies provided a complete overall assessment of PD [55, 56]. Most of the
existing solutions with external wearables sensors or the smartphones built-in sensors have
limited focus on a particular motor symptom, and lack the important characteristic for PD-
monitoring services, such as long-term recording, qualitative and quantitative assessments.
Therefore, more effort should be put into providing a complete tool that comprises the most
common PD motor disabilities, such as tremor, bradykinesia, LID, and FoG.

3. Wearable solutions for cardiac monitoring

Heart disease, a worldwide chronic condition, is the leading cause of death in many countries.
There are various parameters that capture the characteristics of cardiac activity. Among them,
resting HR is one of the simplest, yet most informative, cardiovascular parameters. Heart rate
variability (HRV) has been identified as a prognostic marker for cardiac abnormalities.
Although the “gold standard” for assessing cardiac abnormalities remains a 12-lead Holter, a
large number of innovative and versatile wearable devices, including chest strips, wrist-worn
devices, earphones, and smart clothing, have emerged as alternatives, which can provide the
opportunity for prolonged, continuous cardiac rhythm tracking in real-world environments.
Today, several portable devices are commercially available for determining cardiac status via
a single-lead ECG, either by wearing a patch for continuous rhythm tracking [5] or using a
smartphone for rhythm capture whenever needed. If multiple leads are needed to increase the
accuracy of arrhythmia diagnosis, there are smart shirts that allow for 3- to 12-lead ECG
monitoring [2].

3.2.1. ECG patch monitor

An ECG patch monitor (EPM) attached to the skin on the chest via an adhesive carrier generally
consists of electrodes, a signal-processing subsystem, and a wireless data transmission
subsystem. The two most representative examples of single-lead EPM are the Zio Patch
recorder [62] and NUVANT PiiX event recorder [63].

The Zio Patch can be categorized as a single-lead Holter with a memory of up to 14 days of
stored rhythms. The Zio Patch has a frequency response of 0.15–34 Hz, an input impedance
greater than 3 MΩ, a differential range of  ± 1.65 mV, and a resolution of 10 bits. There is a
button on the patch allowing the patient to mark a symptomatic episode. Once the recording
period is complete, the patient mails the patch back to iRhythm Clinical Centers (iCC), where
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the recorded ECG data will be processed and analyzed by the Zio ECG Utilization Service
(ZEUS) system with the capability of detecting up to 10 categories of rhythms. Rosenberg et
al. [64] compared the Zio Patch with a 24-h Holter monitor in 74 consecutive patients. The mean
wear time was 10.8 ± 2.8 days. Compared with the first 24 h of monitoring, there was an
excellent agreement between the Zio Patch and Holter in identifying atrial fibrillation (AF)
events. In another study, Turakhia et al. [65] evaluated the performance of the Zio Patch in
26,751 consecutive patients. The Zio Patch was well tolerated, with a mean monitoring period
of 7.6 ± 3.6 days, and the median analyzable time was achieved 99% of the total wear time. The
overall diagnostic yield of the Zio Patch was 62.2% for any arrhythmia and 9.7% for any
symptomatic arrhythmia.

The NUVANT system consists of a 15-cm adhesive patch named the PiiX, a wireless data
transmitter called zLink® and a patient trigger magnet [66]. The PiiX sensor samples the ECG
signal at 200 Hz with a resolution of 10 bits. The PiiX patch that is integrated with multiple
sensors cannot only continuously monitor many physiological parameters, including HR,
HRV, RR, fluid status, body position, activity, and body temperature, but also automatically
identify nonlethal cardiac arrhythmias [67], including bradycardia ≤40 bpm, pause ≥3 seconds,
atrial fibrillation, ventricular tachycardia or ventricular fibrillation, tachycardia HR >130 bpm,
a-Fib/a-Flutter (all rates), heart block, and fall-associated arrhythmia. When an arrhythmia is
detected, the PiiX sends the data to zLink via Bluetooth. The zLink then transmits the data to
the monitoring center or a caregiver using cellular communication. The clinical experience of
the NUVANT/PiiX is currently lacking. One study with regard to patient compliance of the
NUVANT system has shown no reduction in the on-patient longevity or performance of the
device [66].

The ECG patch capable of recording up to three lead signals is on its way for the public’s use
[69]. A three-lead PEM, developed by IMEC and the Holst Center [70], integrates an ultra-low
power ECG chip and a Bluetooth Low Energy (BLE) ratio, allowed to run continuously for 1
month on a 200 mAh Li-Po battery. The IMEC patch can monitor not only three channels ECG,
but also the contact impedance, providing real-time information on the sensor contact quality
that is important for aiding in filtering motion artifacts. The recording data are processed and
analyzed locally on ECG SoC to reduce motion artifacts using adaptive filtering or principal
component analysis and compute beat-to-beat HR based on discrete or continuous wavelet
transforms.

PEM is considered to be a promising technology for its unobtrusive, wireless, and long-term
recording capabilities. Further studies are necessary to examine the sensitivity and specificity
of the recordings and long-term impact of the use of EPM in AF.

3.2.2. Smartphone-based monitor

Recently, a flood of smartphone-based monitors has been designed for heart rhythm moni‐
toring, which falls into two broad categories, namely smartphone-only and smartphone with
external sensors.
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The most representative in the smartphone-only category is the camera-based apps, which
measure the cardiovascular blood volume pulse (BVP) generated by repeated, rhythmic heart
contractions (that can be registered by photoplethysmogram (PPG)) using the embedded
camera in the smartphone. Researchers have shown that pulse rhythm and phase information
regarding the BVP waveform can be deduced from the brightness change in the red (R), green
(G), or blue (B) channels [68]. Several approaches to deal with the motion artifacts in the camera
signals have been proposed to improve the measurement accuracy. The MIT laboratory used
the blind source separation (BSS) to separate RGB color channels into independent compo‐
nents, which demonstrated its ability to extract the HR with digital, off-the-shelf webcams in
normal ambient lighting in the presence of a limited range of motion artifacts [71, 72] Fang et
al. [73] uncovered the underlying PPG signal from a single-channel recording using the
dynamic embedding technique followed by ICA. This method relies only on the inherent
temporal dynamic of the single-channel signal, making it suitable for all kinds of cameras.
Thus, the built-in camera in smartphones could easily double as a heart rate monitor. Camera-
based apps were subsequently brought into being based on these methods. Azumio’s Instant
Heart Rate app [74] is one of the most popular health apps on the market, which uses the
smartphone’s built-in camera and flash to compute HR and update the number through
placing the tip of one’s finger on the camera for about 10 sec. Many apps with advanced
algorithms have also been launched for noncontact measurement of heart and respiration rate,
such as a Vital Signs Camera app developed by Philips Innovation [75], extracting HR from
the changes in color of the face and RR from the motion of the chest.

On the other hand, some external sensors, wired or wirelessly connecting with a smartphone,
are used for sensing cardiac signals. These sensors transmit raw data to the smartphone for
processing and analyzing based on computational algorithms embedded on smartphones. One
example of these significant achievements is the most recent FDA approved AliveCor Heart
Monitor platform [76], which supports both iPhone and Android platforms. It has been
designed as a smartphone case with finger electrodes that snaps onto the back of a smartphone
to measure the single-channel ECG and wirelessly communicate with the app on the phone.
With secure storage in the cloud, the data can be retrieved confidentially by users themselves
or their physician anytime, anywhere.

Documented clinical outcomes in the scientific literature with smartphone-based monitors is
lacking at present. More work still needs to be done to examine the accuracy and sensitivity
of the smartphone-based monitors.

4. Wearable solutions for other physiological parameters

There are no satisfactory wearable solutions that can provide continuous, stable, and reliable
measurements for blood pressure and blood glucose at this stage [77]. Standard technology to
monitor blood pressure requires an inflatable cuff to be pressurized, which may not suitable
for continuous monitoring. Several approaches have been proposed for cuffless blood pressure
measurement, such as arterial tonometry [78], measuring blood pressure over the radial artery
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by placing a pressure transducer on the wrist to capture the radial pulse waveform, or
indirectly estimating blood pressure from pulse wave transit time (PTT) [79–81]. However,
their consistency and reliability are still under investigation compared to the conventional
method.

Currently, glucose-level measurements usually require a blood sample via the finger-pricking
method. The so-called “minimally-invasive” approaches, using a disposable biosensor needle
inserted under the skin on the abdomen to derive the glucose level in interstitial fluid, have
been developed for continuous blood glucose monitoring. The invasiveness currently required
is a high barrier to realize a practical wearable device. Many efforts targeted the field of
noninvasive glucose-monitoring (NGM) techniques have been reported. Many NGM ap‐
proaches—namely reverse iontophoresis [82], impedance spectroscopy [83], electromagnetic
sensing [84, 85], optical methods [86–90], and photoacoustic spectroscopy [91]—have been
proposed. However, key challenges to apply these technologies to wearable blood glucose
monitoring are the inherent lack of specificity behind these technologies, interference from
other tissue components, and poor signal to noise ratio. Other studies have aimed to develop
a glucose sensor on a contact lens to monitor the glucose level in tear fluid [92–96]. Google Inc.
and the University of Washington have announced a prototype of “smart” contact lenses
embedded with a fully integrated sensor with signal processing circuits and a wireless coil [96].
A drawback of this technique is the glucose concentration in tears is on the sub-mm level that
is almost 10 times lower than the glucose concentration in blood. A microfabricated ampero‐
metric glucose sensor, prepared by immobilizing glucose oxidase (GOx) in a titania sol-gel
layer [95], can enhance sensitivity at the same level as a glucose sensor can do directly in blood.

5. Summary

The wearable technologies highlighted in this chapter can improve the accessibility and
convenience of healthcare by bringing clinic and hospital quality monitoring to the point of
need. The greatest potential of the continuous and ubiquitous monitoring with wearables
might be in enhancing our understanding of the evolving process of poorly defined chronic
conditions and allowing for more personalized or precise treatment. However, the perform‐
ance and usability of current technologies and systems according to larger, homogeneous
population sets are currently lacking. The high-quality clinical evidence for the use of wearable
systems in mHealth to improve chronic disease management and inpatient care is very limited.
Future research should be aimed at high-quality clinical evidence related to the usability,
accuracy, and robustness of wearable technologies. In addition, there are still many technical
issues and limitations yet to be resolved to realize high robustness and reliability in long-term
recordings. These include the lack of a full range of appropriate sensors, susceptibility to
motion artifacts, battery life, lack of interoperability, security and privacy issues in data
communication, the low reliability and poor specificity of cuffless blood pressure and nonin‐
vasive blood glucose-monitoring methods. Despite all the potential hurdles, we envision that
there will be further evolvement and improvement in this field in the upcoming years.
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Abstract

Chronic diseases, especially diabetes mellitus, are huge public health burden. There‐
fore, new health care models for sharing the responsibility for care among health care
providers and patients  themselves are needed.  The concept of  empowerment pro‐
motes patient’s active involvement and control over their own health. It can be achieved
through education, self-management, and shared decision making. All these aspects can
be covered by mobile health technologies, the so-called mHealth. This term comprises
mobile phones, patient monitoring devices, tablets, personal digital assistants, other
wireless devices, and numerous apps. Many challenges of diabetics can be addressed
by mHealth, including glycemic control, nutrition control, physical activity, high blood
pressure,  medication adherence,  obesity,  education,  diabetic  retinopathy screening,
diabetic foot screening, and psychosocial care. However, mHealth plays only minor role
in diabetes management, despite numerous apps on the market. Namely, these apps
have  many  shortcomings  and  the  majority  of  them  does  not  include  important
functions. Moreover, these apps lack the perceived additional benefit by the user and
the ease of use, important factors for acceptance of mHealth. Studies of diabetes apps
regarding usability and accessibility have shown moderate results. Beside improve‐
ments of apps usability, the future of diabetes mHealth lies probably in personalized
education and self-management with the help of decision support systems. At the same
time, work on artificial pancreas is in progress and smartphone could be used as user
interface.

Keywords: mobile health, diabetes, empowerment, smartphone, chronic disease man‐
agement
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1. Introduction

Aging and chronic conditions represent a huge burden on the health care budgets. Moreover,
in the future this burden will only increase [1]. At the same time, the patients require a better
service, while there are fewer health care professionals and lesser resources. The states currently
act mainly in two dimensions. On the one hand, they are strengthening their efforts on prevention.
They develop or update existing programs, which promote healthy and active life styles. On
the other hand, they are transforming the existing health care. Namely, the health care sys‐
tems as we know them were developed to treat the acute diseases. However, the chronic diseases
spent more than 70% of the health care budgets [2, 3]. The prevention programs can prolong the
healthy period of each individual, but some chronic diseases, such as diabetes, cannot elimi‐
nate. Therefore, there is a need for transformation of the existing health care whose goals are
better health results, better quality of service and quality of patient life, and economic feasibil‐
ity. This transformation is as follows [2]:

• from the health care model centered on acute medical care to the model adopted to the needs
of chronic patients,

• from reactive model to proactive model to cure, care for and prevent based on risk factors,

• from passive patients to a model with a patient in the center, actively managing his disease,

• from a fragmented model with lack of coordination to a model enabling continuity of care,
and

• from activities primarily in acute hospitals to activities in more suitable environments, such
as homes.

The key enablers for such transformation are patient empowerment, use of information and
communications technology (ICT), integrated care, and adopted business models.

This chapter explores the concept of empowerment of diabetes patients by presenting current
and future possibilities of mobile health technology.

2. Diabetes mellitus

Number of diabetes patients around the world has reached 415 million and it is predicted to
climb up to 642 million by the year 2040. Diabetes can also be linked to around 5 million deaths
each year and it is associated with high financial burden, since health spending on diabetes
accounts for around 12% of total health expenditure worldwide. The costs include increase
use of health services as well as loss of productivity or disability and are estimated to range
from 673 billion USD to 1197 billion USD [4]. With such troubling predictions, we are obligated
to look for new methods to facilitate patient care. Introduction of new methods should be done
with the understanding that more than 95% of diabetes care is done by the patients themselves
[5]. This is just one of several reasons why diabetes patients are excellent candidates for
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managing their disease with the help of mobile health technologies (mHealth) and why this
may improve many aspects of personal and public health.

Diabetes is medically defined by the following criteria: patient fasting plasma glucose level
≥126 mg/dl (7.0 mmol/l) or HbA1c (glycated hemoglobin) ≥6.5% or patient plasma glucose level
2-h after OGTT (oral glucose tolerance test) ≥200 mg/dl (11.1 mmol/l) or patient random plasma
glucose level ≥200 mg/dl (11.1 mmol/l) [6]. After the diagnosis, diabetes patients need to endure
life-long management of their disease, which include medications and significant lifestyle
changes. Disease progress should be monitored with the help of health care professionals in
order to ensure prevention and quick diagnosis of long-term complications of hyperglycemia.
Most commonly seen diabetes complications are retinopathy with a potential loss of vision,
nephropathy that can result in renal failure, peripheral neuropathy leading to foot ulcers,
Charcot foot and amputation, autonomic neuropathy that can causes gastrointestinal, genito‐
urinary, and cardiovascular symptoms. The patients with a chronically elevated glucose level
have high incidence of atherosclerotic vascular changes, which cause development of periph‐
eral arterial disease, cerebrovascular, and cardiovascular complications [6, 7]. Number of
complications can be reduced, if patients maintain good glycemic control. Every patient who
reduces HbA1c level for 1% decreases the risk of microvascular complication for 37% and the
risk for diabetes related deaths for 21% [8].

3. Adherence to treatment

World Health Organization defines adherence as an extent to which a person’s behavior:
taking medication, following a diet, and/or executing lifestyle changes, corresponds with
agreed recommendations from a health care provider [9]. One of the key challenges in diabetes
management is a lack of adherence to medication regime and lack of lifestyle changes.
Adherence to oral hypoglycemic agents is between 36 and 93% for the first 9–24 months of
treatment and adherence to insulin treatment for type 2 diabetes patients is between 62 and
64%. Patients even less complain when it comes to dietary and other lifestyle recommenda‐
tions [10, 11]. Regardless of the type of treatment, it was proven that introduction of self-
monitoring of blood glucose level is associated with better glycemic control [12], but there are
still around 29% patients treated with insulin, 65% patients treated with oral hypoglycemic
agents, and 80% patients treated with dietary restriction, who do not practice self-monitor‐
ing or they do it less than once a month [13]. Poor adherence is also a public health issue. For
every 10% increase in adherence, there is 8.6% decrease in annual health care cost. Further‐
more, there is evidently a link between number of hospitalizations and adherence to medica‐
tion therapy, which is reduced by 23.3% when adherence had increased from 50 to 100%. Even
more evident reduction of 46.2% is seen in number of emergency department visits. Both
events, i.e., number of hospitalization and emergency department visits are associated with
lower costs [14, 15]. When dealing with nonadherence, it is valuable to consider various
reasons why this phenomenon occurs. It can be attributed to demographic factors, psycho‐
logical factors, social factors, medical system factors, disease and treatment characteristic, but
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mostly it is a result of combinations of multiple factors [11, 16]. For example, glycemic control
and treatment outcomes are less promising among racial minorities, men and people with
depression or anxiety disorders [17, 18]. Those differences emphasize the importance of
individualized and patient-centered care.

4. Concept of empowerment

Patient empowerment is a paradigm of transferring the responsibility of patient’s health care
in the hands of patients. Such paradigm is in contradiction with the traditional health care
where the care was in the hands of the medical staff.

Compliance and adherence are concepts that arise from an idea of patient submitting and
agreeing with health professional, who acts as an authority, whereas empowerment promotes
patient active involvement and control over their own health [19].

The empowerment can be achieved through education, self-management, and shared decision
making.

To obtain satisfactory outcome, there is more to be done than just encourage patients to self-
manage their chronic disease. Patients need to be educated about their disease, motivated,
provided with patient-centered care, which means that self-management plan needs to be
tailored to fit patient priorities, goals, resources, culture, and lifestyle [19].

The education typically occurs at the clinic by the doctor and/or nurse. At Stanford School of
Medicine, a Chronic Disease Self-Management Program (CDSMP) [20] was developed which
empowers patients through a series of workshops in community settings. Its success is evident
in Denmark, which decided to implement it in its health care. As a result, Danish patients are
the most empowered [21]. This program was also used in EU project EMPOWER [22].

While face-to-face patient education has positive effects, not much work has been done to
evaluate the effect of virtual education. Moreover, patient knowledge is a necessary, but not
a sufficient factor for change in the self-care behavior [23]. Patients require self-management
support. It can be achieved through face-to-face interaction, through self- and telemonitoring
and virtually [24–27].

Collaborative decision making represents collaboration and exchange of knowledge among
patients, formal and informal care givers. Because it currently occurs in face-to-face meetings
in most cases, there is no evidence for the effects of virtual collaborative decision making.

The goal of such efforts is to shape individuals that make rational health care decisions
regarding their health and wellness, are less depended on health care service and contribute
to more cost-effective use of health care resources [28].

Finally, in the diabetes treatment, notions of compliance and adherence were replaced with
the concept of patient empowerment [29]. With Diabetes Empowerment Scale, significant
correlation between level of empowerment and better medication adherence, extensive

Mobile Health Technologies - Theories and Applications34



mostly it is a result of combinations of multiple factors [11, 16]. For example, glycemic control
and treatment outcomes are less promising among racial minorities, men and people with
depression or anxiety disorders [17, 18]. Those differences emphasize the importance of
individualized and patient-centered care.

4. Concept of empowerment

Patient empowerment is a paradigm of transferring the responsibility of patient’s health care
in the hands of patients. Such paradigm is in contradiction with the traditional health care
where the care was in the hands of the medical staff.

Compliance and adherence are concepts that arise from an idea of patient submitting and
agreeing with health professional, who acts as an authority, whereas empowerment promotes
patient active involvement and control over their own health [19].

The empowerment can be achieved through education, self-management, and shared decision
making.

To obtain satisfactory outcome, there is more to be done than just encourage patients to self-
manage their chronic disease. Patients need to be educated about their disease, motivated,
provided with patient-centered care, which means that self-management plan needs to be
tailored to fit patient priorities, goals, resources, culture, and lifestyle [19].

The education typically occurs at the clinic by the doctor and/or nurse. At Stanford School of
Medicine, a Chronic Disease Self-Management Program (CDSMP) [20] was developed which
empowers patients through a series of workshops in community settings. Its success is evident
in Denmark, which decided to implement it in its health care. As a result, Danish patients are
the most empowered [21]. This program was also used in EU project EMPOWER [22].

While face-to-face patient education has positive effects, not much work has been done to
evaluate the effect of virtual education. Moreover, patient knowledge is a necessary, but not
a sufficient factor for change in the self-care behavior [23]. Patients require self-management
support. It can be achieved through face-to-face interaction, through self- and telemonitoring
and virtually [24–27].

Collaborative decision making represents collaboration and exchange of knowledge among
patients, formal and informal care givers. Because it currently occurs in face-to-face meetings
in most cases, there is no evidence for the effects of virtual collaborative decision making.

The goal of such efforts is to shape individuals that make rational health care decisions
regarding their health and wellness, are less depended on health care service and contribute
to more cost-effective use of health care resources [28].

Finally, in the diabetes treatment, notions of compliance and adherence were replaced with
the concept of patient empowerment [29]. With Diabetes Empowerment Scale, significant
correlation between level of empowerment and better medication adherence, extensive

Mobile Health Technologies - Theories and Applications34

diabetes knowledge, improved general diet and exercise, blood glucose control, and foot care,
can be established [30]. In diabetes management, mobile health technologies are already
offering different means for introduction of the concept of empowerment into patients’
everyday life.

5. Use of information communication technologies (ICT) for patients with
chronic diseases

Patients with chronic diseases need to monitor and record several biometric health parameters.
For this purpose, in current health care system, they mainly note observations on a paper,
although most devices in use enable storage of such biometric measurements. While there are
issues with reading noted values from the papers or even with losing the papers, there are
issues with transferring the stored data on the devices to general practitioners (GPs) or
specialists. Moreover, the doctors would appreciate to monitor more parameters that are
relevant for a holistic care.

On the market, there are devices that can automatically measure and transfer the measure‐
ments to the smartphones and dedicated servers: Fitbit wristlets measure user activity and
sleep periods [31]; BitBite measures user nutrition habits [32]; iHealth [33], VitaDock [34], VPD
[35], and Abbott [36] products measure temperature, blood pressure, pulse, blood oxygen
saturation, and glucose level. The current trend is geared toward wearables and gadgets that
help diagnose very specific diseases, such as peripheral neuropathy [37] and retinopathy [38],
toward gadgets that can measure several parameters [39] and toward integration of function‐
alities from gadgets to smartphone applications, such as in Google Fit [40] and in Moves [41].
These applications perform comparably well as standalone devices [42].

Furthermore, there are numerous smartphone applications, working with manual data input
or data from previously mentioned devices, that assist users in managing their health [43, 44]
or diabetes in particular [45, 46]. Such applications do not only display the status of health
parameters, but also provide personalized recommendations based on the input data. They
mostly encourage users to change their behavior [47].

However, wearable devices and smartphone applications are only facilitators and not drivers
of patient empowerment. The design of engagement strategies is more important for successful
use and potential health benefits of these devices than the features of technology [48].

Several pilots have been conducted, suggesting positive effects on health and diabetes care,
and a need for 24/7 support [49–51]. However, in use, there are mainly only solutions that
enable patients to informatively monitor their health status. Solutions that would be used as
a part of the general health care service are in the stage of pilots and are only very rarely
deployed as part of the standard practice.
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6. Why mobile health?

Mobile health is defined as a use of mobile communication devices, which include mobile
phones, patient monitoring devices, tablets, personal digital assistants, and other wireless
devices for health services, and information [52]. Currently, growing use of those devices can
be seen in practically every part of the world. Number of mobile phone owners in the United
States has reached 92% of a population and even number of smartphone owners has grown to
68%, while 45% of people own a tablet computer. Desktop or laptop computers were bought
by 73% of Americans [53]. Surprisingly, similar rise in mobile technology use is also recorded
among people in developing countries, where average share of people with mobile phones is
around 83% [54]. With a vast majority of world population having an access to some type of
mobile technology, this can certainly become a widely used to deliver deferent health care
solutions to people. Role of mHealth is very broad and includes education and rising aware‐
ness, remote data collection, remote monitoring, communication with health care workers,
support with diagnostic and treatment, and tracking diseases and epidemic outbreaks [55].
Most of these tasks are already performed by various mHealth applications for diabetes self-
management.

7. Features of diabetes apps

There are different classifications of diabetes app features and in this section we present some
of them.

Review of accessible diabetes applications has shown that they mostly focus on blood glucose
monitoring, medications, physical exercise, and diet management, while they also include
other features such as education, communication, weight or BMI and blood pressure tracking,
integration with public health records, decision support systems, and social networking. Blood
glucose monitoring is available in all reviewed applications, while other features are more
rarely present. Educational tools are brought to use in just 18% of applications and only around
30% of applications offer means to monitor weight, blood pressure, and physical exercise [56].
Still, among all medical conditions, diabetes with weight control represents the most addressed
medical issue by mHealth applications in mHealth research [57].

In a recent systematic review, 53% of apps offered documentation function (recording and
displaying data), 17.8% analysis function (the possibility to analyze the recorded data and to
graphically display the results), 11.4% reminder function (reminds the user of its periodic,
predefined medication), 34.5% of apps offered an information function (inform about the
illness). Data forwarding/communication function (opportunity to send the recorded data)
was present in 31.1% of apps. Surprisingly, only 8.8% of the diabetes apps provided an
advisory function (use of the recorded data to create individualized advice) or any other kind
of therapeutic support. Besides, the previously described functions, 14.5% of the apps included
suggestions for recipes suitable for the needs of diabetics. The majority of apps, i.e., 54.1% were
limited to only one function, while there were only 28.2% with two and 17.7% with three and
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more functions [58]. In another classification, features of apps were grouped into three classes
on the basis of prevalence. In class A, there were insulin and medication management,
communication and patient monitoring by primary care providers, diet management, and
physical activity. Class B included weight management, blood pressure management, and
connection to personal health record (PHR). In class C, there were education, social media, and
alerts. Class A comprised four major features and class B had significantly higher prevalence
than class C [59].
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glucose information, receiving short message service information about type 1 diabetes, mobile
diary for type 2 diabetes, sharing diaries with doctor or nurse, mobile diary for type 1 diabetes,
a food picture data, transfer of physical activity data on mobile phone, nutrition advices,
context sensitivity, and modeling of blood glucose. Performance of each of the 10 FTA-based
apps was analyzed and the conclusion was that all FTA apps are beneficial [60].

In the next sections, we will present 11 problems of diabetes disease that can be addressed by
mHealth.

7.1. Glycemic control

Monitoring of blood glucose level is a base function of all available mHealth diabetes appli‐
cations, because even without technology interventions self-monitoring of blood glucose
(SMBG) is still an integral component of daily diabetes management, especially for insulin-
treated patients [56, 61]. Unstructured SMBG is not recommended and does not produce the
same results as structured SMBG, which links to behavioral changes, optimization of therapy,
and improved clinical outcome. An example of such structured SMBG is a 7-point glucose
profile, where blood glucose is measured every day of the week preprandially, postprandially,
and at bedtime [62]. A pilot of such structured SMBG demonstrated a reduction in HbA1c
levels up to 1.2% in 12 months [63]. To help patients in keeping up with structured SMBG,
mHealth offers personal goal setting and various types of reminders [64]. Most commercially
available devices for glucose monitoring enable patients to store and follow their blood glucose
pattern. For this, patients need to transfer measurements to a computer through an USB cable
or to a mobile phone with a direct connection through Bluetooth or Wi-Fi. Even more accurate
glucose profile can be obtained with a use of continuous glucose monitor [61]. Regardless of
a type of a mHealth intervention used, there is evidence in its positive impacts on reduction
of HbA1c values by a mean of 0.5% over 6 months [65]. However, a review of 24 papers has
shown that the effectiveness of mHealth interventions (blood glucose reading and transmis‐
sion to server) measured in HbA1c value was inconsistent for both types of diabetes [66].

7.2. Nutrition control

For education, most of the technologies used for nutrition therapy rely on videoconferencing,
while for food tracking and food selection various mobile apps [47]. Distinct features are being
formed among behavior mHealth modalities. Food intake can be recorded to determine the
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quantity of calories consumed each day and the targeted quantity of calories automatically
adjusted, based on patient’s daily physical activities [67]. More widely adopted are different
nutrition databases containing a rage of food items, including different brands and restaurant
food, and real-time calculations of consumed calories. Similarly, there exists also a possibility
to scan the barcode of brand names to see the nutrient content [47]. Growing number of
possibilities provide a new generation of mHealth devices also known as wearables. For
example, in diet self-management wrist monitors and electronic utensils can be used to track
the amount and speed of bites, but such devices are practically not used yet [68]. Furthermore,
mHealth may enable calories calculations with recognition of food from photography in free-
living conditions. Even more promising are mobile applications that suggest appropriate meal
based on preprandial blood glucose reading, which can facilitate patients’ educated decision
making [64].

7.3. Physical activity

Sixty nine percent of diabetes patients describe their exercise practices as nonexistent or less
than recommended level [69]. It is recommended that adult patient with diabetes perform at
least 150 min of moderate-intensity aerobic physical activity per week, spread over at least 3
days and with no more than two consecutive days without exercise [70]. For patients to monitor
the extent of their daily physical activity, mHealth offers solutions in a form of body-worn
activity monitors. Most easily accessible are pedometers, but besides number of steps taken
they do not measure other forms of physical activity [64]. Meanwhile, accelerometers with a
combination of gyroscope can record wider range of movements and accuracy of recordings
is not dependent on person’s body position [71]. When tested, people with access to fully
automated system performed on average for 2 h and 18 min per week more of physical activity
than people without it [72]. Wearable sensors still need to be complemented with education,
planning, and feedback tools to successfully promote physical activity. Effectiveness of
mHealth intervention was shown in improved daily number of steps, which was done by
setting an achievable goal, providing real-time feedback about the amount of burned calories,
and showing recorded progress. This raised the number of steps by 22% in 8 weeks [73].

It was observed that insufficient number of currently evaluable mHealth applications incor‐
porate evidence-based behavior change techniques. This is especially true for techniques, such
as relapse prevention, teaching to use props, time management, and agreement to form
behavior contract [74].

7.4. Weight loss

Obesity should be diagnosed according to body mass index (BMI). BMI classes are normal
weight (18.5–24.9 kg/m2), overweight (25–29.9 kg/m2), obesity class I (30–34.9 kg/m2), obesity
class II (35–39.9 kg/m2), and obesity class III (≥40 kg/m2). For Southeast Asians and Asian
Indians, lower BMI cut-points may be appropriate. Lifestyle modifications including behav‐
ioral changes, reduced calorie diets, and appropriately prescribed physical activity should be
implemented as the cornerstone of obesity management [75]. Weight loss can be achieved with
500–750 kcal/day reduction that means intake of 1200–1800 kcal/day depending on sex and
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baseline body weight [76]. Raised BMI, i.e., above 25 kg/m2, is seen in more than 75% of diabetes
patients [77]. Patients with high BMI and diabetes are significantly more likely to have poor
glycemic control [78]. Overweight individuals with diabetes are encouraged to lose at least 5–
10% of their weight, because this importantly reduces most cardiovascular risk factors, but it
is worth mentioning that lager weight loss (10–15%) has even greater benefits [79]. Reviewed
mHealth applications offer means to help achieve this recommendation by monitoring and
facilitating physical activity (41% of the applications) and by improving users’ diet (68% of the
applications) [56]. An evaluation of 137 diabetes apps showed, that only 39% of them offered
weight tracking [59]. Self-monitoring of weight and of body composition by using weight
scales can now be accomplished wirelessly with mHealth apps or computer applications. This
minimizes the burden on the user, while it also minimizes the error in data transcription.
Tracked weight and fat mass can be graphically analyzed by the patient or health care
practitioner [47].

SMS interventions were investigated to promote change in diet and physical activity. Small
and short randomized controlled trials proved significant weight loss, while larger and longer
studies showed no statistical significance [80].

Researchers investigated dietary self-monitoring-based electronic interventions using person‐
al digital assistants (PDAs), electronic portable devices that share some of the features of mobile
phones. PDA in the study was equipped with dietary and exercise software with and without
feedback message. Patients were enrolled in three groups: PDA alone, PDA with feedback
(feedback algorithm that provided daily messages tailored to their entries and provided
positive reinforcement and guidance for goal attainment), and paper diary/record. All
participants had statistically significant weight loss, but PDA group combined with feedback
had the highest proportion of participants achieving greater than 5% weight loss in six months
[81].

Studies incorporating podcasts compared to podcasts that included prompting by mobile app
and interaction with study counselors and other participants on Twitter, did not show
enhanced weight loss in the latter group [82].

Interventions delivered by smartphone app, website, or paper diary were also compared. App
incorporated goal settings, self-monitoring of diet and activity, and feedback via weekly text
message. The website group used commercially available slimming website. Trial retention,
adherence, and achieved weight loss were significantly higher in the smartphone app group
[80].

7.5. Blood pressure control

Elevated blood pressure is a common condition coexisting with diabetes and it is a clear
independent risk factor for the cardiovascular complications. To reduce the risk, blood
pressure should be routinely monitored and maintained at a targeted level. Recommended
systolic pressure for diabetes patient is <140 mmHg and diastolic pressure <90 mmHg. Home-
monitoring is greatly encouraged, because it is a way to exclude white coat hypertension and
because research suggested better correlation between at home measurements and cardiovas‐
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cular risk than office measurements [83]. Among reviewed diabetes applications, 23% of them
currently offer means of self-monitoring of blood pressure [56]. Monitoring blood pressure
with the help of mHealth program may detect hypertension patterns that would otherwise
gone unreported [22]. Fully automatized blood pressure readings, which are immediately
stored in mHealth device and send to a health care provider, enabled to 51% of diabetes patient
to reach the targeted blood pressure level. This is a significant improvement compared to 37.5%
of general diabetes population that succeed in lowering their blood pressure. Such improve‐
ment was achieved also due to by inclusion of daily reminders, alerts in a case of concern-
reassign measurement and linkage to patient support system [84]. Home-monitoring alone
does not produce the same results, proving telemedicine equal, but not more effective than
standard approach, so this needs to be taken into consideration for future mHealth design [85].

7.6. Medication adherence

Previously, already discussed lack of adherence to pharmacological intervention in diabetes
patients is an issue addressed by approximately 76% of reviewed mHealth applications [56].
One of the commonly reported barriers is patient forgetfulness, when it comes to medication
intake regime. Mobile health technologies can offer different solution to this problem. Daily
automatic electronic or text-message reminders may improve medication intake [86]. Those
reminders can be upgraded by the use of real-time medication monitoring, which is possible
with a use of electronic medication dispenser that records date and time of each opening.
Consequentially, alert is only send in a case of forgotten medication dose. A trail confirmed
that a baseline adherence of around 62% improved to 79.5% adherence after 1 year of use.
Long-term effectiveness of this mHealth method peaked at 80.4% medication adherence,
whereas control group adherence remained in a range of 68.4%. Majority of patients that used
real-time medication monitoring also agreed that this method supported higher awareness of
their medication use and reported positive experience with receiving SMS reminders [87, 88].
Considerable amount of patient, who tested real-time monitoring devices, were glad that
physician knew if they took their medication and were reassured by technology supported
communication [89].

7.7. Education

Diabetes education is a key element in patient care. To reassure adequate results, effective
education strategies can be found in National Standards for Diabetes Self-Management
Education and are worth applying to mHealth methods [90]. Even limited amount of education
can result in improved weight control and potentially reduced cardiovascular risk [91]. Initial
comparisons between in person diabetes education and education administrated through
telemedicine already demonstrated a feasibility and equal effectiveness of technology sup‐
ported methods [92]. Most diabetes self-management applications do not integrate educational
information. When available, such information is often generic and is not personalized to the
individual patient. This is more prominent in commercial applications [56]. Education and
personalized feedback are still underdeveloped features, included in less than one third of
reviewed mHealth applications. Only 20% of reviewed applications had an education module,
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and only 26% of these met the criteria for personalized education or feedback. Task of
personalizing rapidly growing number of information is challenging, but it may be largely
beneficial for diabetes patient [59]. Most widely used mHealth method for diabetes education
is SMS. Meta-analysis of current findings has shown that mobile SMS education can improve
glycemic control. The glycemic control is even better if diabetes education is done by a
combination of SMS and internet methods, i.e., 86% effect in comparison with 44% that is
achieved by SMS alone [93]. Positive results of e-mail and SMS education can also be seen in
improved quality of life [94].

Numerous applications are available helping healthy people or people with risk factors to
assess their risk for developing diabetes type 2 in the future. Only a few of these apps disclose
the name of the risk calculator used for assessing the risk of diabetes, therefore the quality of
their calculations is questionable [95].

7.8. Diabetic retinopathy screening

Diabetic retinopathy represents most frequent cause of newly occurring adult blindness.
Incidence of diabetic retinopathy is highly depended on duration of diabetes itself. Among
population with type 2 diabetes cumulative incidence after 4 years is estimated to be 26%, 38.1–
41.0% after 6 years and 66% after 10 years [96]. Comprehensive eye examination should be
performed after diabetes diagnosis and repeated every 2 years, if there are no visible changes,
or annually, if initial retinopathy changes are already present [97]. To keep up with this
requirement even with patient in remote and isolated areas, low cost smartphone-based
intelligent system integrated with microscopic lens was developed and tested. System detects
retinal abnormalities by a method of comparison with medical image database. Early testing
has promisingly shown more than 87% accuracy rate in retinal disease detection [98].

7.9. Diabetic foot screening

Diabetic foot is a main cause for nontraumatic lower limb amputation and precedes 85% of the
cases. Approximately 15% of diabetes patients will develop diabetic foot ulcers in their lifetime
[99]. It is recommended for all diabetes patients to perform annual extensive foot examination
to identify risk factors predictive of foot ulcers. Patient should be screened for signs of
peripheral neuropathy and peripheral vascular disease, simultaneously paying attention to
identify other risk factors such as foot deformities, past foot ulcers, visual impairment, and
cigarette smoking [97]. Currently, researched mHealth method to facilitate foot care is using
high quality photography to diagnose foot ulcers and preulcerative lesions. Trained profes‐
sional can diagnose visible diabetic foot changes in valid and reliable manner, which implies
methods usability as a monitoring tool in home environment [100]. Originally developed was
a method for wound area measurement. The wound margins are recognized with the help of
smartphone. First, the wound contour is copied on the foil. The area is then measured with
smartphone app and compared with previous measurements [101].
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7.10. Psychosocial care

Patients with diabetes should regularly be assessed for their psychosocial well-being. Care
should include assessment of their attitudes about the illness and prognosis, mood changes,
satisfaction with quality of life, financial, social and emotional conditions, and possible
psychiatric disorders (depression, distress, anxiety, eating disorders, dementia). Screening is
recommended for depression and cognitive impairment for older than 65 [76].

Telemedicine study researching depression and glycemic control in elderly showed a weak
relationship between depression and HbA1C, but depression did not prospectively predict
change in glycemic control [102]. In another study, web-based depression treatment for
diabetics using cognitive behavior therapy was effective in reducing depressive symptoms,
diabetes-specific emotional distress, while it had no benefit on glycemic control [103].

Telephone-based cognitive assessment (TBCA) was previously performed by conventional
telephone. Because of better understanding of cognitive impairment, there is a possibility of
more accurate TBCA. It needs more complex features of telephone which are easily achieved
with the use of smartphones [104].

7.11. Personal health record (PHR)/electronic medical record (EMR) and social media
integration

PHR is an internet-based set of tools that allows people to access and coordinate their lifelong
health information and make appropriate parts of it available to those who need it [105].
Electronic medical record (EMR) is an electronic record with documents of patient’s treatment
in a clinic. Electronic health record (EHR) is a summary of individual’s lifetime health status
and care. Terms EMR and EHR are often used interchangeably [106].

Overall, 21% of commercial applications support synchronization of data with PHRs. Half of
reviewed studies have integrated PHR with EMR and provide both patient and physician Web
portal, whereas other included either a patient view or a clinician view of the EMR [56].

Social media integration is also emerging function of diabetes apps. It can help patients find
similar users and communities in a dynamic fashion. But the majority of apps only provides
links to their groups in well-known social networking sites such as Facebook and Twitter or
maybe provides an account to a forum [59].

8. Usability, accessibility, and acceptability of diabetes apps

In a study of feasibility and acceptability of PDA-based (personal digital assistant-based)
dietary self-monitoring of diabetes patients at the time of advent of the first smartphone high
percentage of participants reported that they found PDA-monitoring useful, that the app was
easy to use and that feedback was easily understandable [107]. In another study with PDAs,
several limitations were found that may have contributed to perceived frustration including
usability, data loss/errors (especially mistyped numbers) and time constraint (time consuming

Mobile Health Technologies - Theories and Applications42



7.10. Psychosocial care

Patients with diabetes should regularly be assessed for their psychosocial well-being. Care
should include assessment of their attitudes about the illness and prognosis, mood changes,
satisfaction with quality of life, financial, social and emotional conditions, and possible
psychiatric disorders (depression, distress, anxiety, eating disorders, dementia). Screening is
recommended for depression and cognitive impairment for older than 65 [76].

Telemedicine study researching depression and glycemic control in elderly showed a weak
relationship between depression and HbA1C, but depression did not prospectively predict
change in glycemic control [102]. In another study, web-based depression treatment for
diabetics using cognitive behavior therapy was effective in reducing depressive symptoms,
diabetes-specific emotional distress, while it had no benefit on glycemic control [103].

Telephone-based cognitive assessment (TBCA) was previously performed by conventional
telephone. Because of better understanding of cognitive impairment, there is a possibility of
more accurate TBCA. It needs more complex features of telephone which are easily achieved
with the use of smartphones [104].

7.11. Personal health record (PHR)/electronic medical record (EMR) and social media
integration

PHR is an internet-based set of tools that allows people to access and coordinate their lifelong
health information and make appropriate parts of it available to those who need it [105].
Electronic medical record (EMR) is an electronic record with documents of patient’s treatment
in a clinic. Electronic health record (EHR) is a summary of individual’s lifetime health status
and care. Terms EMR and EHR are often used interchangeably [106].

Overall, 21% of commercial applications support synchronization of data with PHRs. Half of
reviewed studies have integrated PHR with EMR and provide both patient and physician Web
portal, whereas other included either a patient view or a clinician view of the EMR [56].

Social media integration is also emerging function of diabetes apps. It can help patients find
similar users and communities in a dynamic fashion. But the majority of apps only provides
links to their groups in well-known social networking sites such as Facebook and Twitter or
maybe provides an account to a forum [59].

8. Usability, accessibility, and acceptability of diabetes apps

In a study of feasibility and acceptability of PDA-based (personal digital assistant-based)
dietary self-monitoring of diabetes patients at the time of advent of the first smartphone high
percentage of participants reported that they found PDA-monitoring useful, that the app was
easy to use and that feedback was easily understandable [107]. In another study with PDAs,
several limitations were found that may have contributed to perceived frustration including
usability, data loss/errors (especially mistyped numbers) and time constraint (time consuming

Mobile Health Technologies - Theories and Applications42

and tedious handling) [108]. A new study revealed that the perceived additional benefit and
the perceived ease of use had the strongest impact on acceptance of diabetes smartphone
technology by patients 50 or older. Less important factors were previous experiences, health
status, support, confidence in own technical knowledge, perceived data security, and fault
tolerance. The target group of diabetes patients aged 50 or older is a rather heterogeneous one
and their needs are highly heterogeneous due to differences in previous knowledge, age, type
of diabetes, and therapy. For that reason, it is impossible to address the needs of all diabetes
patients adequately with one diabetes app in order to gain an additional benefit. Therefore,
the contents of a helpful diabetes app should be individually adaptable [109]. There is a lack
of systems that can perform automated translation of behavioral data into specific actionable
suggestions that promote healthier lifestyle without any human involvement. The first
attempts were made to create personalized, contextualized, actionable suggestions automati‐
cally from self-tracked information [110].

Ten percent of all available apps in 2013 were evaluated within usability evaluation by three
experts considering the special requirements of diabetes patients age 50 years or older. Four
main criteria were evaluated, being ”comprehensibility,” “presentation,” “usability,” and
“general characteristics.” The main criteria, “comprehensibility,” rated best. In particular, the
elderly benefit from easy, understandable semantics and easy, comprehensible, and interpret‐
able images and depictions. It can lower inhibition thresholds, especially during the first time
of use. The same is true for the influence of “easily understandable feedback” and an “intuitive
usability” (main criterion “usability”). However, these two subcriteria performed worse
within evaluation. Test of accessibility features indicated a very good operability of the screen
readers. The criterion “fault tolerance” rated worst. Especially, inexperienced (elderly) users
often have difficulties with inputting data. Some errors are unrecoverable or even cause the
application to shut down [58].

9. Type 1 diabetes mellitus

We have to say some words about type 1 diabetes mellitus. We described until now mobile
health interventions irrespective of the diabetes type. Because type 2 diabetes is much more
widespread, studies included mostly or exclusively type 2 diabetes patients.

Young people with type 1 diabetes have many ideas and can help improve services and their
own health-related quality of life. However, their lifestyle and their use of Web and smart‐
phones to cope the disease are not well researched [111].

A systematic review was carried out, focused on the ability of mobile health tools to grant
patients with type 1 diabetes greater glycemic control. The tools investigated took a variety of
forms and provided a number of different services to a diabetic patient. The indicator dem‐
onstrating the intervention to be successful was HbA1c and it was decreased in majority of
studies, but not all values were statistically significant. In addition, prospective studies were
predominantly used instead of randomized controlled trials [112].
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Qualitative interviewing and exploring how young people with diabetes type 1 make use of
technology in their lives and in relation to their condition and treatment, was made. On that
basis, many suggestions to develop apps were found including issues such as alcohol and
diabetes, hypoglycemia and diabetes, illness and diabetes, and Twitter use for diabetics. All
listed suggestions were taken forward for prototyping, with alcohol and diabetes being
developed as clinically approved app. There were also many other issues suggested, that were
not prototyped [111].

In UK, a competition for teams including at least one young person with diabetes to develop
an app, that might help this group of patients in preparation for their diabetes appointments,
was conducted. After the development, other young people with diabetes were invited to
choose, test and review new apps. The competition proved successful, showing the app
designers and developers a need to develop a range of new functions [113].

Insulin calculator apps for patients with diabetes were scrutinized, because self-medication
errors are recognized source of avoidable harm. Users are at risk of both catastrophic overdose
and more subtle—suboptimal glucose control. In a research, considering input, only 59%
calculators included clinical disclaimer and only 30% documented the calculation formu‐
la. 91% lacked numeric input validation, problems were also with calculation with missing
values, ambiguous terminology, even with numeric precision. Considering output, 67% of
calculators carries a risk of inappropriate output dose recommendation that either violated
basic clinical assumptions or did not match a stated formula or correctly update in response
to changing user input. It is advised, that health care professionals should exercise substantial
caution in recommending unregulated dose calculators to patients and take care for proper
education about possible threats [114].

10. Doctors’ involvement

Little attention has been paid to physicians’ intentions to adopt mobile diabetes monitoring
technology. Japan study showed that overall quality (system quality, information quality, and
service quality) assessment does affect doctors’ intention to use this technology, but only
indirectly through perceived value. Net benefits (both ubiquitous control and health improve‐
ment) seem to be also a strong driver in both a direct and indirect manner [115].

Combined smartphone-based logging of different health parameters (e.g., blood sugar
logging, insulin dose logging, bread unit logging, activity logging) can of course help doctor
(diabetologist) in solving glycemic control problems. With these data, diabetologist can make
individualized recommendations for every patient [116].

11. Economic effectiveness

It was establish that standard, technology unsupported, diabetes interventions are cost-
effective. Effective base therapy typically costs up to $50,000 per each quality adjusted life year
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ment) seem to be also a strong driver in both a direct and indirect manner [115].

Combined smartphone-based logging of different health parameters (e.g., blood sugar
logging, insulin dose logging, bread unit logging, activity logging) can of course help doctor
(diabetologist) in solving glycemic control problems. With these data, diabetologist can make
individualized recommendations for every patient [116].

11. Economic effectiveness

It was establish that standard, technology unsupported, diabetes interventions are cost-
effective. Effective base therapy typically costs up to $50,000 per each quality adjusted life year
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gained [117]. Activities that focus on intensive lifestyle changes, universal opportunistic
screening for undiagnosed type 2 diabetes, intensive glycemic control, annual screening for
diabetic retinopathy were proven to cost ≤$25,000 per life year gained or per quality-adjusted
life year, what categorizes them as very cost-effective [118]. If there is to be expected that
mHealth interventions will be introduced in everyday diabetes patients’ care, they need to
show themselves to be more cost-effective than standard treatment. In other words, they
should cost less than an amount that we are already willing to pay for diabetes treatment.
Current diabetes cost-effectiveness studies are sparse, but promising. Findings of one such
study demonstrated annual cost decrease by using mHealth glucose meter with a support of
disease management call center that outweighed higher program costs by several-folds.
Implementation of technology supported care meant $50 per patient per month higher
expenses than standard care, however in a year’s time it was possible to register $3384 cost
decrease compared with an increase of $282 among those with previously established course
of treatment [119]. Immediate cost reduction after implementation of telehealth is primarily
due to the absence of transportation costs per patient visit to outpatient clinic and productivity
savings, because of eliminated need for frequent work absences. More substantial medical
savings can be seen with a long term use [120]. Furthermore, it is reasonable to predict lowering
of medical cost with growing number of diabetes patient included in automated telephone-
linked interventions. For illustration, delivery of mHealth solution to 10,000 patients instead
of 1000 can reduce expenses from £444 per patient to £301 [121]. In other economic evaluations,
new management methods were determine to be associated with higher cost per quality
adjusted life year and not cost-effective addition to standard care. This economic model argues
that even with 80% reduction in equipment cost and full utilization of the telehealth service
the probability of cost-effectiveness would only reach 61% at the £30,000 threshold of willing‐
ness to pay [122]. Still, individual research results are too heterogeneous to enable extraction
of significant meaning regarding a possible medical expenditure reduction with continuous
use of mHealth solution [123].

12. Future trends

Clinical decision support systems are active knowledge systems using two or more items of
patient’s data to generate case specific advice. It is in majority of cases standalone technology
or integrated in provider’s information system and is used by doctors or other medical staff
[124]. Many mobile decision support software apps for smartphones are now available for
diabetes and are intended to assist patients to make decisions for themselves in real time
without having to contact their health care provider. For many minute-to-minute decisions,
the questions are not sufficiently significant to warrant contacting a health care provider and
there is insufficient time to wait for a reply. Mobile decision support apps can be helpful to
assist patients to identify data patterns and make it easier for them to come to an immediate
decision on their own [52]. With the advent of minimally invasive subcutaneous continuous
glucose monitoring increasing academic and industrial effort has been focused on the devel‐
opment of SC-SC (subcutaneous-subcutaneous) artificial pancreas systems, using continuous
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glucose monitoring coupled with continuous subcutaneous insulin infusion. Next step is use
of mobile system as user interface which is controlled by the patient. The interface is based on
patient’s commercial mobile phone [125].

13. Conclusion

Use of mobile health technology for empowerment of patients with diabetes is an emerging
way to improve their health and wellbeing. It can address almost every problem of diabetic
patient. But approaches are diverse and every app has its own properties and functionalities.
There are many apps on the market, but only few of them are adequately certified by health
care authorities. Therefore, their quality is questionable. But many studies showed, mHealth
is effective and even cost-effective, though more research is needed.

The future applications should be more personally oriented, improved regarding usability and
accessibility, and based on accepted clinical guidelines.
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Abstract

Telemedicine programs are widely used in respiratory diseases, more often in patients
with  chronic  obstructive  pulmonary diseases  (COPD).  Telemedicine  platforms use
several devices to measure vital signs such as heart rate, respiratory rate, pulsioxime‐
try or blood pressure between others. It is not unusual that patients could do question‐
naires about clinical situation or communicate with their nurses via telephone, video-
calling and/or Skype. The majority of results has been positive, with reduction in the
number of emergency visits,  hospitalizations and noninvasive ventilations. Despite
their promising results, telemedicine programs/platforms are slow to implement. In this
chapter, we reviewed some of the factors related to telemedicine implementation such
as patients’ adherence, impact of telemedicine design and professionals' resistance to
change between others.

Keywords: COPD, eHealth, home telemonitoring, telemedicine, telemedicine plat‐
forms

1. Introduction

Chronic obstructive pulmonary diseases (COPD), asthma and lung transplantation have been,
by far, the respiratory diseases or conditions more studied, in terms of telemedicine. Howev‐
er, the interest of telehealth providers in new areas also related to neurologic conditions, such
as neuromuscular diseases in need of home noninvasive ventilation (NIV) due to chronic
respiratory failure, or sleep-related breathing disorders, has arisen in recent years.

Existing evidence reveals promising results regarding reliability and validity of measures
across all pulmonary conditions, and patients usually show a positive attitude toward telecare
technologies. Other positive effects, for instance, detection of complications, better disease

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
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control, immediate feedback, and adequate medication use, have also been addressed [1]. Yet,
there is still somewhat decreased adherence within time, possibly secondary to poor health
status, time conflicts, device problems, and lack of ability to operate the system [2]. Further‐
more, there is no solid evidence about the utilization of healthcare resources, as well as cost-
effectiveness, paramount scenarios to advocate in favor of this new way of approaching
chronic respiratory patients.

In the following section, current evidence apropos specific respiratory diseases (COPD,
asthma, lung transplantation, neuromuscular diseases, and SRBD) will be disclosed, focusing
on the positive results, along with the pitfalls found so far.

1.1. Telemedicine

Telemedicine (TM) has several definitions and all of them emphasize the role of telemedicine
to enable the completion of the medical act at distance (Table 1) [3–5]. Norrit et al. define TM
as a scientific area that uses information and communication technologies (ICT) to share
medical information [6]. Thanks to ICT development, TM clinical opportunities are increasing.
The information provided by TM programs can be useful for diagnosis and treatment of several
diseases, as well as for enhancing their follow-up.

Ref Definition

WHO  [3] The delivery of health care services, where distance is a critical factor, by all health care
professionals using information and communication technologies for the exchange of valid
information for diagnosis, treatment and prevention of disease and injuries, research and
evaluation, and for the continuing education of health care providers, all in the interests of
advancing the health of individuals and their communities.

ATA [4] Telemedicine is the use of medical information exchanged from one site to another via electronic
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Bashur et al. demonstrated [7]. In fact, aerospace technology development has been one of the
most important factors in TM evolution. In 1976, the Hermes satellite was put into orbit with
the main objective of improving communications in remote areas of Canada. Since then, the
Western Ontario University has been using it for telemonitoring of vital signs, sharing medical
information between hospitals and, finally, sharing radiographies [8]. Moreover, the National
Aeronautics and Space Administration (NASA) also has used TM to give medical assistance
if a disaster takes place.

Generally speaking, TM applications could be classified into three groups: (a) normal clinical
activity (teleconsult, telediagnosis, teletreatment, etc.), (b) remote assistance, and (c) adminis‐
tration labors and patient management.

1.1.1. Clinical activity

Almost all studies are aimed for telemonitoring patients or sharing medical data, where this
medical act at distance needs a TM platform and a clinical response. We could classify the
clinical response into two groups: synchronic or asynchronic response (Figure 1). The main
difference is the time to response [9]. While in the first group, the clinical response is immediate
and allows performing a live medical act, the second group clinical response is deferred
(minutes or few hours). Asynchronic response is useful in telepatologhy or teleradiology, or
in other telediagnosis programs.

Figure 1. Telemedicine classification.

1.1.2. Remote assistance

In this group, several medical actions are included such as online records for consulting
previous medical charts, establishing a direct communication between patients and physi‐
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cians, or teleconference between primary and specialized care doctors, useful for discussing
difficult cases and take decisions for complex patients (terminal disease, multiple comorbidi‐
ties, social exclusion, impossibility to attend the hospital, etc.).

1.1.3. Patients’ management

Nowadays, patients manage their medical events via Internet more often, and their doctors
can use the same way to give medical recommendations (rehabilitation, nutritional care,
tobacco information, or health life recommendations). Obviously, TM is a helpful tool for
health care personnel as well. In this case, TM is used to access scientific information or as a
type of communication for multicentric and international clinical trials.

1.2. Telemedicine: barriers and benefits

According to the Europe Institute of Technologies findings, only 14.2% of citizens had used
the Internet to solve their health related doubts. The more frequent searches regarding these
issues were: disease description, clinical trials, medical literature, or patients’ disease associ‐
ations (Table 2).

Table 2. Search topics by patients and healthcare professionals.

There are several studies that have showed important barriers for applying TM programs.
Segrelles-Calvo et al. suggested that healthcare policy, lacking studies about economic burden
and cost-effectiveness of TM, no laws regarding the handling of information in TM programs
and the resistance to change “usual medicine conception,” are some causes that explain slow
TM implantation [10]. According to the concept of “resistant to change usual care,” Mira-Solves
et al. presented the results of the ValCrònic program [11], in which authors discussed the causes
to leave a TM program. The main reasons were: (1) difficulty to use the devices, (2) complex
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measures, (3) nonadherence with TM program, (4) technical problems, and (5) caregivers
preferences.

Another important barrier not well studied is the opinion of health professionals toward TM
programs. Telemedicine collects a lot of information and their belief is that TM increases
workload. However, this belief is not displayed in scientific studies. Jódar-Sánchez et al. [12]
showed indeed that a specialized nurse could solve most of the clinical urgencies detected,
where only 8 of 40 cases needed a pneumologist intervention. Similar results were published
by Vitacca et al. [13] reporting that in 63% of alerts, these could be resolved only by a nurse,
and in the rest of them both physician and nurse gave the clinical response. As conclusion, it
seems that there are external factors acting as barriers in the TM implantation, and further
works are required to establish them. Motulsky et al. [14] and Cresswell et al. [15] pooled those
external factors in three groups: (1) healthcare institutions policy, (2) the urge of guidelines
about TM, and (3) the need of specific formation and educational resources.

Telemedicine offers four fundamental benefits [4]:

a. Improved access: Telemedicine has been used to bring healthcare services to patients in
distant locations.

b. Cost efficiencies: Telemedicine reduces the number of hospitalizations and the cost related
to these events. Telemedicine program reduce patient displacement to Hospital and
reduced travel times.

c. Improved quality: Studies have consistently shown that the quality of healthcare services
delivered via telemedicine is as good as those given in traditional in-person consultations.

d. Patient demand: The greatest impact of telemedicine is on the patient, their family and their
community. Telemedicine could reduce travel time and related stresses for the patient.
Almost all studies have shown that patient and caregiver’s satisfaction is very high.

1.3. Telemedicine platforms

In general, there is a common objective in telemedicine programs; however, there are several
platforms in which TM could be offered. Telemedicine platforms are related to ICT. The most
common scheme in telemedicine (Figure 2) is the one that includes devices to measure different
vital signs or questionnaires, in order to perform a teleconsultation or to send educational
resources to patients. Those measures could be made by the patients, anywhere and anytime.
Clinical information is sent to a call center or a health professional by different means (tele‐
phone, Internet, etc.), and the clinical response is made according to all information regarding.

Some of the ICT used in telemedicine platform are as follows:

Videoconference. Possibly this ICT was one of the most important technological advances as a
telemedicine platform. Mahmud et al. [16] made a follow-up platform of patients with chronic
diseases (heart failure, COPD, cerebrovascular disease). In seven cases, the number of emer‐
gency department visits and hospitalizations were reduced, and the authors did not found
complications in the use of the videoconference platform. These results were confirmed in 2000
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by Johnston et al. [17] and by Nakamura et al. [18]. Johnston determined a reduction of 17%
of home visits as well as a 27% reduction of costs in the telemedicine group. Moreover,
Nakamura reported an improvement of daily activities in the telemedicine group. Recent
studies have used videoconference to improve adherence to a telerehabilitation program [19],
to follow-up patients with bipolar disorder [20] or to monitoring tuberculosis therapy com‐
pliance [21], among other topics. According to these studies, in our view the videoconference
is a remarkable technology, facilitating the follow-up of patients to improve their adherence
to treatment.

Figure 2. Telemedicine platform.

Telephone. Mainly, studies have focused in the telephone as a device to follow-up of patients
but Balas et al. [22] described five possible actions that we could also do via telephone: (1)
follow-up, (2) videoconsultation due to interactive telephone, (3) telephonic reminders of
taking a medicine or doing an exercise, (4) calling health professionals if case of clinical
deterioration, and (5) clinical investigation.

E-mail. Email is a rather quick tool for the patients to communicate with health professionals,
making it easier for the latter to perform questionnaires so any given doubt of the patient or
caregiver could be cleared up.

2. Chronic obstructive pulmonary diseases

It is now consensually agreed that an estimated number of 328 million people have COPD
worldwide, that is, 168 million men and 160 million women. Moreover, COPD causes the death
of 2.9 million people annually and it is projected to be the third cause of mortality by 2020 [23].

Mobile Health Technologies - Theories and Applications62



by Johnston et al. [17] and by Nakamura et al. [18]. Johnston determined a reduction of 17%
of home visits as well as a 27% reduction of costs in the telemedicine group. Moreover,
Nakamura reported an improvement of daily activities in the telemedicine group. Recent
studies have used videoconference to improve adherence to a telerehabilitation program [19],
to follow-up patients with bipolar disorder [20] or to monitoring tuberculosis therapy com‐
pliance [21], among other topics. According to these studies, in our view the videoconference
is a remarkable technology, facilitating the follow-up of patients to improve their adherence
to treatment.

Figure 2. Telemedicine platform.

Telephone. Mainly, studies have focused in the telephone as a device to follow-up of patients
but Balas et al. [22] described five possible actions that we could also do via telephone: (1)
follow-up, (2) videoconsultation due to interactive telephone, (3) telephonic reminders of
taking a medicine or doing an exercise, (4) calling health professionals if case of clinical
deterioration, and (5) clinical investigation.

E-mail. Email is a rather quick tool for the patients to communicate with health professionals,
making it easier for the latter to perform questionnaires so any given doubt of the patient or
caregiver could be cleared up.

2. Chronic obstructive pulmonary diseases

It is now consensually agreed that an estimated number of 328 million people have COPD
worldwide, that is, 168 million men and 160 million women. Moreover, COPD causes the death
of 2.9 million people annually and it is projected to be the third cause of mortality by 2020 [23].

Mobile Health Technologies - Theories and Applications62

Whereas the three most important factors in individual patients that determine the economic
and social costs of COPD are disease severity, presence of frequent exacerbations of disease
and the presence of comorbidities, which are common (30–57%) in COPD patients [24], the
current short-term and long-term strategies to reduce the burden of COPD comprise the triad
of smoking cessation, minimizing acute exacerbations and management and prevention of
comorbidities [25].

Hence, a high priority should be given to interventions aimed at delaying the progression of
disease, preventing exacerbations and reducing the risk of comorbidities in order to alleviate
the clinical and economic burden of COPD in Western countries [26]. Among these interven‐
tions, telemedicine has shown some promising results although no conclusive evidence has
been accomplished. The effects of telemedicine in COPD have been addressed in previous
systematic reviews [27, 28]; however, their conclusions are not consistent since the types of
tested interventions have been rather heterogeneous. These interventions range from simple
telephone or video interviews to daily telemonitoring of physiological parameters or symp‐
toms data, and that is why comparativeness of one study to the other does not come along
easily.

So far, there is moderate evidence of the benefit of telemedicine in COPD, in terms of increasing
quality of life and reducing hospital admissions. Basically, the problem has been that in
previous years the studies included in systematic reviews were underpowered, had hetero‐
geneous populations and had lack of detailed intervention descriptions and of the care
processes that accompanied telemonitoring [29]. Another issue is the clinical scenario where
patients are usually recruited. For instance, telemedicine can be offered to those patients prone
to exacerbations that are in stable condition [30], or right after admission regardless of the
number of previous exacerbations or FEV1 obstruction severity [31].

Regarding telemonitoring (understood as retrieving periodically clinical data such as oxygen
saturation, heart rate, symptoms, etc.), recent data including randomized clinical trials of good
quality are now available; however, some of them are still underpowered. In terms of hospital
admissions, one of the latest systematic reviews on the matter, which included eight studies
with 486 patients randomized to home telemonitoring or usual care, determined a significant
lower risk of hospitalizations in the telemonitoring group. However, healthcare utilization in
general was similar in both groups, since it was not clear whether the utilization was due to
respiratory events specifically, and the lower range of compliance to telemonitoring reported
by some studies may have influenced the ability of detecting clinical deterioration [32].
Moreover, even between this data retrieved on a daily basis there were different clinical
features measured, which end up inevitability in being quite difficult to integrate quantitative
variables because of missing or noncomparative data. Thus, the extrapolation of these results
to the general population should be carried out with absolute caution. The usual problem with
these systematic reviews is that, due to the heterogeneity of outcomes and the way the studies
have assessed them, it is troublesome to determine the true effect of telemonitoring on COPD
patients. For instance, adding a closer approach to patients with videoconsultations to the
usual telemonitoring, which would be ideal in order to obtain higher rates of compliance or
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reduction of the use of healthcare resources in general, failed to demonstrate differences in
hospital admissions or time to first admission or all-cause hospital admissions [33].

Detection and management of COPD exacerbations in early stages is an important step in order
to reduce hospital admissions and the consequent increase of quality of life and reduction of
health costs in general. So far, telemedicine has proven to be a useful tool to achieve this.

Physical activity, one of the strong mortality predictors in COPD patients, if not the strongest,
has not been properly issued. Although no conclusive evidence of telemedicine benefit exists
on this regard, the use of telehealthcare may lead to increased physical activity level [34]. A
recent study that evaluated the feasibility of a telerehabilitation program compared to a regular
outpatient program, showed an increase of physical activity measured by steps/day in the
telerehabilitation group, with acceptable rates of satisfaction with the service, although no
differences were found when the 6-minute walking test, dyspnea measured by the Medical
Research Council or quality of life measured by the St. George’s Respiratory Questionnaire
were compared [35].

The cost-effectiveness of telemedicine in COPD is yet to be determined. In fact, a recent study
carried out in the United Kingdom, which recruited 3230 patients where both at baseline and
follow-up participants with COPD made up the largest telehealth intervention group, showed
that costs of self-reported service use, combined with telehealth intervention costs, were
greater for the group randomized to telehealth in addition to standard care than for the group
randomized to usual care alone [36]. However, the validity of this conclusion may be biased
for two reasons. First, the trial recruiters had foreknowledge of the allocation groups in many
cases [37], and second, its transferability to other healthcare systems was not taken in consid‐
eration since the trial did not include all community and healthcare resources. Thus, a recent
Danish trial (TeleCare North) will determine the real benefit of telemedicine in COPD in terms
of health-related quality of life and the incremental cost-effectiveness ratio through a large-
scale, pragmatic, cluster-randomized trial with nested economic evaluation [38].

Quality of life, a paramount feature in COPD and a strong predictor of mortality, has been
analyzed irregularly. Once again, the instruments used to determine the health related quality
of life vary greatly among the telemedicine studies (i.e., Chronic Respiratory Disease Ques‐
tionnaire, Chronic Respiratory Questionnaire, St. George’s Respiratory Questionnaire (SGRQ),
Clinical COPD Questionnaire, EURO-QOL-5D Questionnaire, Medical Outcome Study Short-
Form 36 Questionnaire), so comparative data is deficient. Overall, no significant differences
have been found between a home telemonitoring group and the usual care group [32].

The aim of telemedicine toward COPD patients should be to keep this population outside the
hospital or the emergency rooms. Although there is evidence that this aim has been achieved
in some studies, we are still in need of larger clinical trials which include a rigorous cost-
effectiveness analysis in terms of use of healthcare resources separated by respiratory diseases
or not, quality of life, and mortality. Furthermore, a 6- or 12-month follow-up is insufficient to
determine conclusive differences in favor of telemedicine.
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3. Asthma

Asthma is a worldwide disease affecting 300 million of people, and its economic and social
costs are mostly related to emergency visits and hospital admissions. Self-monitoring of
symptoms and peak flow, following a written action plan and attending regular visits to their
physician, have demonstrated to improve asthma control [39], and that is why approaches
through telemedicine have been done to increase its control and follow-up. It has been
hypothesized that providing self-monitoring tools such as easy-to-use handheld electronic
monitoring devices or symptom questionnaires, patients can gain insight into their level of
asthma control which gives them suggestions for subsequent treatment adjustment [40]. This
is why telemedicine for asthma appears to be a promising tool to achieve this so wished for
self-control and management of the disease.

However, there are some pitfalls regarding telemedicine for asthma. If noncomparative data
due to the different sort of interventions is a main issue for COPD, the problem is probably
more serious for asthma. One of the most relevant systematic reviews in the matter included
21 studies, of which nine consisted in telephone calls, two in videoconferences, two in using
the Internet, one in short text messaging, one in a combination of short text and Internet, and
six more using other networked communications. This study demonstrated no improvement
of quality of life and even a nonsignificant increase of emergency room visits in the telemedi‐
cine group, although a significant reduction of hospitalizations was observed [41]. However,
some authors have stated some concerns about these meta-analysis conclusions. First of all,
there were only few examples of a comprehensive telemanagement approach in asthma
(defined as a treatment plan, self-monitoring of lung function by FEV1 and asthma control with
feedback and e-communication with a professional to support this self-management), and
second, patients in the control strategies often received an enhanced form of usual care, which
makes it difficult to draw final conclusions on the effectiveness of telemanagement in asthma
[40]. A more recent meta-analysis of 20 trials involving 10,406 asthmatic patients where
common outcomes employed were healthcare utilization, quality of life and symptoms,
concluded that the median effect of telemedicine was weakly positive, and that there were not
differences between the types of interventions (telemonitoring, routine voice contact or
videoconferencing). But the problem with this positive effect is that a publication bias exists
due to the tendency of more positive results reported in earlier studies, which contained
heterogeneous outcomes measurement and assessment [42].

Regarding cost-effectiveness we are still in need of studies addressing the topic specifically,
situation that withholds the use of telemedicine for asthma unquestionably. Probably the only
evidence of cost-effectiveness of Internet-based self-management compared with usual care,
showed no significant differences during a follow-up of one year. However, this study had
several limitations, acknowledge by the authors. First, the quality adjusted life year estimates
were calculated out of only two measurements throughout one year. Second, patients were
inevitable conscious of the allocated group, which may have influenced their utility ratings.
And third, the economic evaluation was limited to one year only [43]. Regarding a specific
feature of telemedicine, another study showed that telephone consultations led by experienced
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nurses enabled a greater proportion of asthma patients to be reviewed at no additional cost to
the health service, although these findings should not be extrapolated as a thorough cost-
effectiveness analysis, compared to the comprehensive telemanagement as explained before
[44, 45].

Despite the similar moderate evidence either for asthma or COPD, there are some differences
when telehealthcare main purposes are compared between the two diseases. While in COPD
telemedicine aims to reduce exacerbations or their early detection in order to avoid emergency
rooms visits or hospital admissions, in asthma these objectives are usually directed at assuring
a better symptoms self-control and adherence to treatment, considering that undertreatment
is the most common problem in European asthmatic subjects [46], and its usual presentation
at early stages of life. A fitter control of asthma has been reported possibly secondary to the
opportunity of register symptoms continually, thus, the patient obtained a more accurate
picture of his disease severity and complied to treatment with a closer and efficient self-
monitoring. However, this severity awareness led to an increased number of unscheduled
visits and a harmful consumption of inhaled corticosteroids, which increased their adverse
effects [47]. In a similar fashion, another study revealed that 43 patients under a mobile
telephone interactive self-control system and compared with a control group, presented
significantly higher mean daily dosage of either inhaled or systemic corticosteroids during the
study period. Nonetheless, this system also demonstrated fewer unscheduled visits to the
emergency department; higher peak expiratory flows at 4, 5, and 6 moths; higher FEV1 at 6
months; and better quality of life at 3 months after inclusion [48].

Compliance to new technologies is a relevant feature of telemedicine since not all of public
health systems can afford them, and there are still underprivileged groups who are not familiar
to these sorts of interventions. It seems that telemedicine for asthma is feasible, although when
compared to a web based self-management, patients presented higher rates of adherence to
the classic paper based strategies of self-control of symptoms and action plans, though other
critical feature such as lung function data was not reliable when the patient wrote it down on
his own [49].

In the pediatric population there is also lacking evidence of telemedicine benefit. Telemoni‐
toring of lung function on daily home spirometry in 44 children with professional feedback
did not reduce the frequency of exacerbations significantly when compared to conventional
treatment, nor the number of unscheduled visits, FEV1, quality of life or use of inhaled
corticosteroids [50]. This finding could be explained by the fact that a highly variable peak
expiratory flow and FEV1 values at time of symptoms and a complete overlap in distributions
between symptoms-free days and at times of symptoms [51], and also by the underpowered
nature of the study.

In conclusion, even though telemedicine for asthma seems to be a useful and promising tool
for empowering the asthmatic patients in order to guarantee the self-control of the disease, the
evidence of its benefit is still unclear. The short follow-ups, the heterogeneity of subjects and
the insufficient evidence of its cost-effectiveness, are paramount aspects that restrain the use
of telemedicine for asthmatic patients. We advocate for the tailoring treatment to the individual
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In conclusion, even though telemedicine for asthma seems to be a useful and promising tool
for empowering the asthmatic patients in order to guarantee the self-control of the disease, the
evidence of its benefit is still unclear. The short follow-ups, the heterogeneity of subjects and
the insufficient evidence of its cost-effectiveness, are paramount aspects that restrain the use
of telemedicine for asthmatic patients. We advocate for the tailoring treatment to the individual
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needs as the cornerstone of telehealthcare, although more studies are called for so the real effect
of this new technologies can be elucidated.]

4. Sleep-related breathing disorders and obstructive sleep apnea

Speaking of sleep-related breathing disorders, obstructive sleep apnea (OSA) is a prevalent
disease that affects approximately 6–7% of global population, although these figures probably
underestimate the real OSA prevalence. OSA is a sleep disorder in wich breathing repeatedly
stops and starts, which lead to hypoxemia, subsequent arousals, sleep fragmentation, thus, a
poor sleep quality in general. The main symptom is excessive daytime sleepiness, and is now
acknowledge as an independent cardiovascular risk factor, increasing the probability of
presenting hypertension, coronary artery disease, congestive cardiac failure, and stroke [52].
Attended full in-lab polysomnography (PSG) is the gold standard for OSA diagnosis, an
expensive test that demands plenty of time as well as fully trained technicians, and that is why
simplified sleep data recollection systems have been approved by the scientific societies for
patients with high or low pretest probability of OSA, in order to reduce the waiting list for
PSG [53]. Despite the increase of accredited sleep units, the demand of sleep studies has also
increased over the years considering the prevalence of the disease. Therefore, waiting lists
remain long [54]. Finally, continuous positive airway pressure (CPAP) is by far the recom‐
mended treatment for symptomatic or severe OSA, and it is known to reduce cardiovascular
death and non-fatal cardiovascular events [55], however, adherence to treatment has been a
troublesome factor in such a way that the first year of long-term treatment usually between 25
and 30% of patients drop out the device [56]. Having said this, there have been some efforts
to reduce the long waiting lists and increase the rates of CPAP adherence through telemedicine.

Regarding OSA diagnosis, the evidence of telemedicine usefulness is limited. So far, the
American Academy of Sleep Medicine has classified the sleep recording devices into four
categories. Full-attended in-lab PSG would be type 1; comprehensive portable unattended PSG
with a minimum of seven channels (including electroencephalogram, electrooculogram, chin
electromyogram, electrocardiogram or heart rate, airflow, respiratory effort, and oxygen
saturation) corresponds to type 2; type 3 comprises modified portable systems with a mini‐
mum of four channels monitored, including ventilation or airflow (at least two channels or
respiratory movement, or respiratory movement and airflow), heart rate or electrocardiogram,
and oxygen saturation comprise; and finally type 4 includes continuous single or dual
bioparameters with one or two channels, typically including oxygen saturation or airflow [57].
Despite the limitations of sensor losses that lead to technically inadequate recordings, the
inability to assess sleep time duration or the distinction of apneas (central or obstructive), and
the vast heterogeneity of sensors and recorders, the studies have confirmed the overall
usefulness of type 3 devices, especially if they focus on the outcome which results in earlier
access to treatment for the patient, specially those at high-risk of OSA. An alternative to type
3 devices is the home-polysomnography (H-PSG), which enables the home centered care for
patients and a complete sleep evaluation allowing the possibility of diagnosing a large panel
of sleep disorders. Thus, this H-PSG intends to perform as well as a full-attended PSG though
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in an unattended surrounding, without continuous supervision. A technician hooks-up the
device, and this factor limits the wide us of this technique [58]. Since the loss of data is still a
big issue with type 2 or 3 devices, potential future developments include the use of assistive
technology and telemedicine to allow real-time remote monitoring.

To enhance the quality of H-PSG signal, real-time telematics data transmission has been tested
generating successful and high-fidelity recordings through a cell phone for an easily deployed
home monitor device [59], and a failure rate of 11% of telemonitored in-hospital unattended
PSG compared to a 23% failure for unattended H-PSG was observed in another study [60].
Moreover, a pilot study, where 90% of recordings were of excellent quality, consisted in a
wireless device to obtain real-time remote supervision of H-PSG from the sleep lab [61]. With
this amount of evidence, it seems telemedicine for sleep studies recordings is feasible and may
be an important step to reduce the failure rates of home devices; however, there are important
barriers for implementing telemedicine for sleep studies regularly. Telemonitoring devices are
complex as well as their software; hence, incompatibility problems with other computer
programs should be expected. Furthermore, the cost-effectiveness of these systems is yet to be
determined considering the fact that the home must be equipped with a computer and Internet
connection, along with high specifications for computer programs. However, investigations
using integrated circuits available on the market (mobile telephony) have been conducted to
simplify access to these technologies [62]. Last but not least, there are also problems related to
privacy protection and security of medical data transmission [58]. An ongoing telehealth out-
of-laboratory “Fast Track for Sleep Apnea” program for veterans has been reported, that has
helped to relieve clinical load at the central sleep program, improved local access to sleep care,
and improved patient satisfaction with health care for sleep-related breathing disorders.
Nonetheless, the following challenges have been acknowledged so far: the programs needed
to be properly integrated with other data management systems and data storage devices must
be interfaced with computers attached to the VA server; data loss; and maintaining quality
control using metrics [63]. Either way, further research is required to determine the role of
telemedicine in sleep-related breathing disorders diagnosis, especially for OSA.

CPAP has shown to wipe out the adverse effect of severe OSA, especially those effects related
to cardiovascular diseases. However, the rates of adherence to CPAP are still far of being
acceptable. That is way any measure to achieve CPAP adherence is needed, and new ap‐
proaches such as telemedicine seems to be feasible and cost-effective. Compliance to CPAP is
a complex process that involves the participation of the device itself, family support, physi‐
cians, health care personal, sleep unit, and government politics [64]. So far, low-quality
evidence justifies the use of supportive interventions added to the usual clinical practice to
increase CPAP adherence [65] and, similar to previous items, more clinical trials are called for
to clear up the role of these interventions, where telemedicine is included. Earlier works
presented contradictory results. A statistically significant higher adherence was found in a
telemedicine-guided naïve to CPAP patients recently diagnosed with OSA along with greater
satisfaction, concluding that telehealth might be cost-effective for CPAP adherence manage‐
ment [66]; while no differences were found in hours of CPAP use, functional status or client
satisfaction in another study [67]. It is worth to mention that these two studies followed the
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patients for a 12-week and 30 days period, respectively. More recent clinical trials have added
some light to the subject. A 12-month telemedicine intervention resulted in a median CPAP
usage that was 0.9 h/night higher than that of an attention control group after 6 months, and
2.0 h/night higher after 12 months in a clinical trial including 250 patients, although the median
adherence of all patients was low, with 19% of patients refusing the use of CPAP at all [68].
Another clinical trial of 75 patients, showed higher rates of adherence to CPAP after 3 months
of telemedicine intervention, which was determined as a significant predictor of adherence,
apart from age and sleepiness symptoms measured by the Epworth Sleepiness Scale [69].
Finally, although no difference in hours of CPAP use was found in a study including 139 OSA
patients, telemedicine showed to be more cost-effective than the usual face-to-face manage‐
ment, with travel costs and lost work time being the most important sources of savings [70].

Improvement in case detection and the resulting higher healthcare demand has not been
accompanied by any real improvement in OSA management. In addition, health resources
assigned to OSA and its treatment have been found to be inadequate [71]. Telemedicine is an
appealing approach that needs to be explored and taken into consideration in order to obtain
a diagnosis and follow-up of sleep-related breathing disorders in a more timely fashion, which
would help to achieve the desirable management of these diseases.

5. Lung transplantation

[Lung transplantation is offered for a great variety on respiratory diseases that have reached
their end-stage, where no other treatment would obtain a reasonable survival. They are
complex patients who are in need of aggressive immunosuppressive treatment for a lifetime
that exposes them to opportunistic infections; so numerous complications are often taking
place. By far, the major problem for every lung transplant patient is the allograft dysfunction,
either acute or chronic (basically in its form of bronchiolitis obstructive syndrome). Allograft
dysfunction is characterized for a functional decline of the implant, which is usually measured
by FEV1 [72], and daily home spirometry has been shown to lead to earlier detection and
staging of bronchiolitis obstructive syndrome when compared with standard pulmonary
function testing [73]. Concerning the need of retrieving daily spirometric data, telemedicine
has been studied as a feasible instrument, making some interesting progress conducive to a
more efficient follow-up of patients and the prompt recognition of a possible complication.

Earlier works determined the telemonitored spirometry as feasible, valid, reliable, and
repeatable, when compared to the regular in-clinic functional testing [74–76]. Although these
studies were clearly underpowered due to the small samples included. While on earlier works
the objective is to determine the technical aspects of collecting acceptable spirometries, recent
works have carried out clinical trials to demonstrate that a computerized rule-based decision
support algorithm for nursing triage of potential acute bronchopulmonary events is effective
[72, 77], or the identification of these events taking decision rules developed using wavelet
analysis of declines in spirometry and increases in respiratory symptoms [78]. In conclusion,
the evidence of the increase of quality of life and reduction of hospital admissions seems fairly
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positive, though we are still in need of more studies [79] and the training process for both
medical staff and patients needs to be thorough [80] A different approach was revised by
another study where telemedicine was employed in a clinical trial for lung transplant candi‐
dates, and clinical outcome measures were monitoring adherence and level of communication
(for monitor acceptability and utilization), hospital length of stay after transplantation and
survival at 4 months. However, no significant differences in clinical outcomes between groups
were determined [81].

Similar to the previous three respiratory conditions, telemedicine for lung transplant patients
is feasible. Still and all, no cost-effectiveness has been demonstrated, thus, larger clinical trials
are required to establish the position of these new techniques in lung transplantation.

6. Conclusions

Telemedicine is a helpful tool to improve chronic respiratory patient management. Almost all
results shows reduction in Emergency visits and the number of hospitalizations but despite of
these results its implementation is troublesome and with different kind of factors relationship
with this slowly development. Most users report that the difficult to use the devices or
technology platform is the most important factor related to refuse telemedicine by users. We
need to work to improve its implementation through educational programs to healthcare
professionals and patients.
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Abstract

Chronic  diseases  impose heavy burden and costs  on the health industry in many
countries.  Suitable  health  procedures,  management,  and  prevention  of  disease  by
continuous monitoring through modern technologies can lead to a decrease in health
costs  and improve people empowerment.  Applying remote medical  diagnosis and
monitoring system based on mobile health systems can help significantly reduce health
care  costs  and  correct  performance  management  particularly  in  chronic  disease
management. In this chapter, mHealth opportunities in patient monitoring with the
introduction of  various systems specifically in chronic disease are expressed.  Also
mHealth challenges in patient monitoring in general and specific aspects are identi‐
fied. Some of the general challenges include threats to confidentiality and privacy, and
lack of information communication technology (ICT), and mobile infrastructure. In
specific aspect, some difficulties include lack of system interoperability with electron‐
ic health records and other IT tools, decrease in face-to-face communication between
doctor and patient, ill-functioning of system that leads to medical errors and negative
effects on care outcomes, patients, and personnel, and factors related to the telecom‐
munication industry include reliability and sudden interruptions of telecommunica‐
tion networks.

Keywords: monitor, challenge, advantage, mobile health, chronic disease

1. Introduction

Information technology, as a powerful tool, is the most important factor in increasing the
efficiency and effectiveness of organizations. Various industries in order to maintain their
existence in the current competitive environment and promotion of their outcomes have taken
effective steps toward the use of these technologies. The health care industry is no exception
from this rule. Different countries consider the information technology to promote the devel‐
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Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.



opment of health information and health system outcomes with regard to the importance of
care industry, direct and indirect impacts on various aspects of community development [1].

Advent of mobile devices with capabilities of caring handy and easy is one of the modern
effects of IT that application of them is growing especially in the industrial sector. Some of the
mobile devices include cell phones, smart phones (mobile phones processing capabilities,
storage, and intelligence communications), and personal digital assistants (PDA). These
devices are equipped with communication capabilities such as the ability to connect through
GSM/GPRS, Wireless LAN, and Bluetooth networks; hence their utilization will provide
comfort for their users.

Using mobile devices seems inevitable because the health industry is facing challenges such
as resource constraints like focusing resources on specific areas, for example, in large cities [2],
rising health care costs, the need for immediate access to various health care data types such
as audio, video, text for early detection and treatment of patients, especially in emergency
situations, and difficult in rural areas, and increasing remote aid in telemedicine and home
care [3].

A study in Denmark on the necessity of using mobile devices in hospital wards showed
hospital staffs want to use mobile devices because of the need to participate in different
physical locations, have instant access to information, and immediately contact specific
individuals while serving the patients [4].

Easy to carry and quick access to information on mobile devices make them perfect tools for
health care providers. Mobile devices provide opportunities and play an important role in
consulting, diagnosis, treatment [5], medical education and research [6], conducting quick
access to information during shift change sectors [7], chronic disease management [8], patient
empowerment [9], rapid establishment of communication regardless of distance restraints [10],
and lead to increase efficiency, effective management measures, and promotion of health
achievements [11].

In a similar investigation at a cancer treatment center in Spain, it was found that short telephone
calls for 3–5 min between medical staff and patients decreased emergency department visits
and patients’ visit to the center by 24–42% [12].

Wakadha et al. in Kenya showed in rural western Kenya mobile phone-based strategies and
short message services (SMSs) are potentially useful to deliver reminders, cash transfers, and
achieve high, timely, and sustainable immunization coverage [13].

Today, the use of health information systems which are fixed terminals just does not seem
sufficient. Because these systems do not provide necessary information for health care
providers in real time, the continuous rapid delivery of services to patients is interrupted [7].
Studies indicate that lack of timely access to patient information [14], discontinuity of the
communication, and lack of coordination between service provider and health care team
members [15] are the main causes of medical errors. The use of mobile devices in terms of
emergency situation and telemedicine is crucial for instant access to patient information, entry
and data processing of medical records on time, and when the shift health care services changes
for providers of health services [16, 17].
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The use of mobile health programs is very interesting due to numerous benefits; however using
these tools is still has many challenges. One of the approaches that significantly helps to reduce
barriers is survey of advantages and obstacles of mobile devices usage. Studies of opportunities
and strengthening them and identifying problems help to design proper planning and a
roadmap for promoting the achievements of mobile health systems.

We begin the following section by discussing about the necessity of mHealth in chronic disease
management especially in diabetes. In next part, the advantages of mobile health in patient
monitoring at two groups of agent and nonagent based system are explained. After that, we
describe the challenges of patient monitoring based on mobile health systems in general and
specific aspects. Finally, we explain one project as a case study about developing framework
for agent-based diabetes disease management system in national level based on user’s
perspective.

2. Chronic disease management: necessity of mHealth approach

In most countries, chronic diseases lead to high health care costs and reduced productivity of
people in society [18]. Diabetes is a common chronic disease in nearly all countries [19] and
one of the most common metabolic diseases with an increasing incidence. More than 15% of
national health budget is dedicated to diabetic care [20]. Diabetes as a hidden disease causes
many complications such as various types of heart disease, nephropathy, retinopathy, and so
on, thus imposing direct and indirect high costs to society. In Iran, diabetes complications
contributed to 53% of the aggregate excess direct costs of diabetes [21].

The quality of diabetic care improves, on one hand, if patient monitoring is done accord‐
ing to the nutrition program and physician orders that are placed with high quality [22]. On
the other hand, fast and accurate diagnosis due to continuous monitoring through informa‐
tion communication technology (ICT) devices leads to prevent the death of diabetic pa‐
tients [23]. Telemedicine as a main tool to remote health care delivery and home care has
advantages such as real-time access to health information [3, 24], reducing medical errors
[25], and increasing coordination and cooperation among health care teams [1], reducing
travel of patients and their families in remote area [26], and useful education tool for patients,
their families, and health care providers [27]. Therefore, this technology has a very impor‐
tant role in decreasing costs and taking appropriate management actions especially in
diabetes management and other chronic disease [28, 29]. The use of innovative technolo‐
gies such as mobiles to enjoy the most advantages of telemedicine is necessary. Mobile health
systems can be a good option for health care industry because of reducing delay and error
in patient treatment, avoiding test duplication, providing remote and timely access of health
care professionals to organizational database and patient information especially in the
emergency situations [26, 30].
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3. mHealth opportunities in patient monitoring

In this study, electronic chronic disease management systems based on mobile technology
were divided into two types: agent-based systems and nonagent-based systems. Some
electronic health system based on agent that studied in this research are:

• Integrated mobile information system (IMIS) in Sweden through mobile network commu‐
nication platform provides the possibility of self-treatment and home care supervision for
the diabetic patient. This system has six databases: (1) database for patients including all
necessary information about diabetic health care centers, medical journals, dietary, food
habits, etc.; (2) database for care providers containing whole information about physicians,
home care services; (3) tools or instrument base including all aiding functions for imple‐
mentation health care such as visit reserve, alarms, monitor; (4) community network include
all relevant actors like diabetes centers, consultation, and so on links to each other; (5)
database for laws, rules, and norms applied in health care including all legal and cultural
documents about health care therefore can help with privacy, security, and quality of
services; and (6) database for labor division in health care that determines who (health care
provider) and what to do, this ensures to provide all the different patient needs [31–34].

• M2DM Telemedicine Service system in European Commission with the aim of presenting
correct knowledge to correct people at correct time. Two types of agents are used in the
M2DM: (1) communication server that is responsible for communication between different
user terminals and (2) application server that is responsible for data analysis and processing.
The architecture of this system includes multiaccess server, common database management
system (DBMS), multiaccess organizer, communication server agent, and application server
agent. The overall goal of M2DM is increasing quality of care through improving commu‐
nication between patient and health care providers [35, 36].

Also other nonagent and useful e-health system survey in this section are:

• Personal Health Monitor (PHM), University of Sydney, Australia, uses PHM with focus on
e-health services based on mobile devices at local level for monitoring patient in various
situations therapeutic. Architecture of PHM comprises BAN devices, sensor front end,
mobile base unit, back end [37, 38].

• Mobi Health and Body Area Network [BAN], most of the European countries use this system
for remote patient monitoring and provide appropriate care to patients. A consortium of 14
European countries was set up to implement the health system project [39]. This project has
been implemented in four countries: Spain, the Netherlands, Sweden, and Germany for
different groups of patients, including home care and trauma, where the patient is located
in an outdoor center. It aims to improve patients’ quality of life and freedom in their daily
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• In 2009, the first virtual diabetes clinic in Iran was inaugurated at Tehran University of
Medical Sciences with common database, multiaccess server architecture, and organizer
server is discussed in this chapter [43–45].

Some benefits of nonagent-based system in Table 1 include disease prevention improvement,
better self-care, increased life style quality, reduce unnecessary [re]hospitalizations, possibility
of teleconsultation, and provide patients mobility to perform their daily works. Diabetes
virtual clinic is used for monitoring system and as a proper tool that provides up-to-date,
useful, relevant, and accurate information used to suitable self-care and remote health care.
Access of all users to useful and necessary information about prevention, treatment, side
effects, and ways to control diabetes and providing teleconsultation are most important
advantages of a virtual clinic.

In PHM, data processing is done locally, and in Mobi health BAN processing can be done at
server side. Some of the studied system implemented on PDA and mobile phone platforms,

System Mul‐
ti‐
agent

Develop‐
ment meth‐
od

Usage Access to data
technology

Devices Type of
communica‐
tion

Some of the capabilities

Integrated
mobile in‐
formation
system
(IMIS) [31–
34]

Yes User cen‐
tered

Diabetic home‐
care, chronic, eld‐
erly care

Internet, SMS Mobile com‐
puters, No‐
kia
communica‐
tor, PDA,
stationary
computers
home

Wired/wire‐
less commu‐
nications

(1) Integrate and co-ordinate various
healthcare activities under the same funda‐
mental activity system, (2) self-treatment,
(3) preparation before face-to-face diagno‐
ses, (4) access and share the same and right
information on right time for a seamless
co-operative work among organizations
and among persons

M2DM Tel‐
emedicine
service [35,
36]

Yes Merging of
telemedicine
with knowl‐
edge man‐
agement

Diabetes Internet, WebTV,
SMS, WAP,GPRS

Mobile com‐
puters, PDA,
palmtops,

Wired/wire‐
less commu‐
nications

(1) Telecare, (2) visit management, (3)
management of HER, (4) automatic gener‐
ation of reports, (5) intelligent alarms, (6)
tele-education, (7) intelligent knowledge
management

PHM: Per‐
sonal
health
monitor
[37, 38]

No Local, per‐
sonal
mHealth
services

Cardiology, gen‐
eral well-being,
chronic disease
management, re‐
habilitation, moni‐
toring: cardiac
rhythm monitor‐
ing, cardiac reha‐
bilitation, primary
prevention

GPS,GSM,SMS,3G,
Internet

Mobile
phone

Wired/wire‐
less commu‐
nications
(Bluetooth)

(1) Triage of life data which can be person‐
alized to the application domain, (2) data
processing Viewing and reporting for
physician, (3) physician can update sensor
thresholds, (4) remote management of
PHM equipment and patients, (5) pass‐
word protected viewing by the patient
[limited view], (6) synchronization be‐
tween MBU and Back End

Mobihealth
BAN [37,
40–42]

No Telemoni‐
toring or tel‐
etreatment
services

Cardiology, ob‐
stetrics, trauma
care, rheumatolo‐
gy, psychiatry,
pulmonary medi‐
cine, gerontology,
neurology, tele‐
monitoring, tele‐
treatment

SMS, WIFI, GPRS,
Internet, GPS

Mobile
phones,
PDA, UMTS,
Any mobile
platform ca‐
pable of run‐
ning Java
VM and RMI

Wired/wire‐
less commu‐
nications
(Bluetooth)

(1) Application functionality specific to
each individual clinical application and
patient and HP user requirements, (2)
BAN devices have alarm button, (3) view‐
ing, streaming and management services
for BANs and BAN data, analysis and in‐
terpretation algorithms, alarms, geospatial
and location-based services, (4) various se‐
curity and access control mechanism

Diabetes
virtual clin‐
ic [43–45]

NO User center Diabetes SMS, WIFI, Inter‐
net

Computers,
mobile, PDA

Wired/wire‐
less commu‐
nications

(1) Self-care, (2) e-learning, (3) tele consul‐
tation, (4) integrate and co-ordinate vari‐
ous health care activities under the same
fundamental activity system

Table 1. Electronic health system characteristics in chronic disease management.
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and others implemented on mobile phone. Sending alarm to patients and health care providers
and identify place of patients with GPS are possible in some of the studied systems. Wired and
wireless communication in all system studied can be useful especially when mobility is
desired.

Recently, health care systems shift toward fast achieving to right decision to solve problems
with spending least costs. So to reach this goal, find suitable information from useful and
reliable resources in the fastest time and the least possible effort for information searching,
analyzing, and filtering is very important.

This requires high interoperability among different professionals and systems in various
places. In fact for providing effective health care and shared information, all actions need to
be coordinated. Facilitated decision making requires interoperability and effective communi‐
cations between professionals. Finding standard software as a suitable solution for complex
health challenges is not easy. Electronic health systems must be proactive in anticipating the
health information needs and supporting communications.

Because of potential capabilities of agent technology like mobility [44], autonomy, interoper‐
ability, scalability and re-configurability, integrating disparate systems, improving distributed
data and resources management, handling the complexity of solutions, modeling and organ‐
izing the interrelationships between components [31–36, 46–51], is very valuable tool for
telemedicine and telecare.

Agent-based systems in this table increase quality of care management. For example in IMIS
system, tasks were delegated and all users in each level can communicate with one another
and share the relevant data. In M2DM system, various analytic ways through knowledge agent
were combined and used for the identification of abnormal situations. Also sending alarms,
analysis results and real-time feedbacks to users are some benefits of this system [31–36].
Agents can be implemented on portable and mobile devices like PDA and use web services to
interact with other systems.
The IMIS platforM is based on the Internet and will be accessible by PC or wireless network
PDA. Accessibility should be regulated by groups of users. Each step in this system by the user
is followed with instant feedback. M2DM can be activated in three ways: based on user needs,
with receiving data, and by system. This system uses inexpensive and widely accepted
technologies. This system applies technologies such as WEB, WEB TV, and SMS that are
supported with computers or mobile terminals. Also it combines innovative and advanced
technologies like PDA, WAP, GPRS, and PALMTOPS. The use of such technologies is limited
in small groups of users because of costs, accessibilities, and user skills required.

Overall, according to multiagent health systems advantages in comparison to other type of
systems and challenges in health care systems especially in diabetics care management, it can
be said that the use of agent technology as a new and modern technology to reach full
advantages of telemedicine and telehealth is essential, and health systems in the world must
move toward agent-based applications.
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4. mHealth challenges in patient monitoring

Although mHealth technology has a key role in health care systems, yet its uptake has faced
with general and specific challenges. Some problems in general dimension include organiza‐
tional challenges like organizational culture, support of high-level management; technological
barriers such as lack of ICT and mobile infrastructure [52]; human challenges, for example,
lack of trained and skilled personnel at health care centers in this field [28], user attitudes,
technology acceptance [53, 54], user characteristics like age, economic, social, and educational
status [55]; and threats to confidentiality and privacy, legal, ethical, and administrative
barriers, costs of system implementation and maintenance [28], dependence on IT [56], the cost
of updating, costly modern systems [57], sufficient investment, delays in implementation and
providing electronic devices and software [58]. Some barriers from specific aspects also include
problems in interoperability between other health systems and information technology tools,
poor and inappropriate design and implementation [59], effect on face-to-face communication
between health care providers and patient [60], causes omission of human relationship and
the negative effects of technology on relationships between individuals and social processes
[56], designing of mHealth services content [55], failure to meet targets [58], virtual information
control [61], medical errors due to malfunctioning of system [62], fault documentation [59] like
data manipulation and rewriting, misrepresentation, and violation of patients’ legal rights.
Difficulties related to telecommunication industry such as reliability, sustainability of connec‐
tions, sudden interruptions of telecommunication networks [63], device and sensor type that
can be used, type of data and language presentation [56], scalability in terms of data rate, power
and energy consumption; antenna design, quality of service, energy efficiency [64, 65] wearable
devices weight, type of devices that used for patient monitoring that sometimes lead to
problem in data processing, accuracy of gathering information depends on where data were
collected, and user training to use wearable system [66].

As aforementioned, one of the items that can help mHealth infrastructure development is
application of agent-based systems in patient monitoring. We perform research in Iran about
diabetes as one of the most challenging chronic diseases. The aim of this research is developing
framework for agent-based diabetes disease management system through mHealth according
to user’s perspective. Some of the most important results are as follows:

5. Case study

Endocrinology and metabolism research institute of Tehran University of Medical Sciences in
collaboration with Health Information Management Research center in this University
conducted a research in 2012–2013. The goal of this research was to provide a model based on
mobile health and agent technology in national level for diabetes management information.
This framework must have capabilities of agent and support decision-making, create alerts
and remote monitoring of patient status, and provide appropriate treatment and preventive
recommendations for diabetes.
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A questionnaire was designed with a study of library resources and operation of major
organizations in and out of the country and interviews with relevant medical experts.

To determine the validity of a questionnaire distributed among experts in three areas after
analyzing the results, the reliability was evaluated. Questionnaire includes three parts. First
section covers personal identification. Second section questions about the general features of
agent-based systems for the management of diabetes. Finally, third section examines the
specific features of the systems in hospitals. At the end of questionnaire, an open question
captured the opinions of experts concerning diabetes management system structure based on
agent technology. Results of the questionnaires were analyzed with SPSS17 and were plotted
with FREEPLANE mind map software. Finally, essential agents according to tasks of diabetes
management system were determined. Some of the results obtained from this study are
explained below.

Most diabetics must monitor and measure their blood glucose levels during the day. Like
measuring glucose after every insulin injection and record it, along with the amount of daily
insulin injections and diet and information about their lifestyle. Using information technology
tools and a telemedicine system helps process management of health service, allows real-time
monitoring, and provides early treatment for diabetes. To achieve these goals are possible
through multi agent systems can be performed with using different agents. Based on this study,
a diabetes management system has necessary business process including:

1. Information processing

2. Monitor patient status

3. Consultation

4. Diagnosis

5. Archiving relevant documents and patient records

6. Decision support system

7. Appropriate interface for communication between patients and health electronic systems

8. Monitoring operations and service delivery and allocate tasks to perform

Important services and processes through the implementation of software systems in the field
of diabetes management from the experts, perspectives are plotted (see Figure 1).

From the experts’ point of view in this research, proposed framework must be used in priority
order for home care, outpatient, and inpatient. Best development method to such system in
priority order is telemonitoring or teletreatment services, user centered, merging of telemedi‐
cine with knowledge management, local and personal health services. Access to data technol‐
ogy in this system in priority order is mobile, SMS, Email, Internet in devices including web,
phone, WIFI, and PDA. Also according to studies, to provide better health services, the
communication should be used through wired or wireless connection tools.
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Figure 1. Software necessary for health care delivery electronic systems for diabetic patients.

Capabilities for diabetes management system based on agent technology in medical centers
and hospitals section based on research findings with FREE PLANE software are depicted in
Figure 2.

Also capabilities for diabetes management system based on agent technology for health care
personnel based on research findings are: (1) remote education, (2) knowledge management,
(3) intelligent alarms, and (4) electronic health records management. From the experts’ point
of view, diabetes management system based on agent technology must have these abilities for
patients in the following order: (1) remote education, (2) intelligent alarms and reminders, (3)
patient monitoring, (4) self-management, and (5) determining the exact location of medical
centers and hospitals.
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Figure 2. Capabilities necessary for mobile diabetes management system for hospitals and health care centers.

Experts in this research believed that proposed framework must be delivered through remote
education to diabetes patients. Suitable remote education formats recommended in order of
priority include imaging, audio, model questions and answers, and text tutorials. Patients on
remote education should be able to search based on their needs, choice of content, and
personalization and have the possibility to download the contents.

The weakness of this project is that benefits of experts surveyed only from health information
management, software and physician in diabetic research center fields. To design and
implement more appropriate conceptual models, involved experts should be from various
fields such as telecommunication and addressing various aspects are very helpful, and the
gained result is a more practical.

6. Discussion

Nowadays real-time access to reliable and proper information in order to deliver continuous
health care and increase quality of care is very much in demand. So in order to achieve this
goal, interoperability and coordination among providers involved in patient treatment for
exchange of health information is a critical need. Chronic disease management especially
diabetes based on IT tools has impressive benefits and some challenges. In this chapter, diabetic
management system is classified into two groups: agent-based system and nonagent-based
system.

Better self-care, improved prevention, increased quality life style, and teleconsultation are
most important benefits of nonagent-based systems. Also these systems confront some
challenges. The use of agent systems as a modern technology to decrease these barriers and
take full advantages of telemedicine is essential and health systems must move using agent-
based applications. In the second group, some of the benefits of agent technology in teleme‐
dicine services delivery include providing immediate feedback to patients, promoting
interaction of the patient with organization that provides remote health care, reinforcing their
motivation for the use of telemedicine systems and patients, and clinicians focusing on
abnormal data that will prevent future occurrence of dangerous situations.
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Agent-based systems improve interoperability, maintain the autonomy of the collaborating
participants, communicate between themselves for exchanging health information, provide
expert knowledge management, and improve e-learning. Multiagent systems are inherently
compatible with mobile devices. Architecture of these systems allows high interoperability
and quality information management and appropriate sharing data. Diabetes virtual clinic in
Iran is one of the nonagent systems that provides some important health services to the people
and assist them to improve knowledge about diabetes care. This system needs to move toward
the use of artificial intelligence tools and expert systems like agents for further development
and increased capabilities. Our finding in 2013 research showed that to accelerate the devel‐
opment of diabetes management systems based on artificial intelligence tools, we must
consider these items: (1) promote organizational cultural, (2) note to suitable technical
infrastructure, (3) provide appropriate security and privacy, (4) adequate investment, (5) user
participation, and (6) involvement of private sections. Also note to structure, proper system,
and database design that can support different kinds of training formats and tasks, and provide
backup are very important. Ease of use and user friendliness of system should be considered
especially for elderly people. Also design of drug and injection reminders for patients in
addition to the built-in alarm system is a key factor.

It should be noted that the use of agent systems only with technical view does not lead to
elimination of obstacles. In delivering health care to diabetic patients or other chronic disease
patients, paying attention to human aspect and social dimension is very important. Some users
dislike computers and do not trust them. So these challenges in designing diabetes system
based on mobile devices must be considered. In other words, note to all dimensions for
implementation of mobile health systems especially agent system like user satisfaction, user
acceptance, costs, motivation, structural and organizational factors, and standards, individu‐
al’s affordability, identification challenges and opportunity, and so on are necessary. Also
accelerating the application and implementation of multiagent diabetes management systems
and use of mobile devices need to development of strategies to encourage health care providers
for make greater use of mobile devices in deliver health care services to patients and providing
the necessitate infrastructure and appropriate readiness. Stakeholders’ support to apply of
agent technology is essential.

7. Conclusion

Application of electronic health systems for patient monitoring has significant advantages. The
use of these tools in health care organizations needs to study about these technologies, compare
their benefits and limitations, note to organizational resources including human, technical,
financial; suitable planning, and affordability of these facilities. Determining and decreasing
challenges and identifying opportunities that affect on successful implementation of these
technologies have critical roles in proper application of each of these systems.

Health care systems based on mobile technology are faced with important limitations such as
user attitude and acceptance, budget, technical standard, equipment, and tools required for
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mobile communication, security and good infrastructure, increasing the accuracy of critical
signals, interoperability between different systems, bandwidth limitations, quality of health
services, battery life limited tools, and so on.

User acceptance is improved through the provision of advisable training and cultural aware‐
ness. It also provides an environment in which innovations in organizations are appreciated.
Key factors to increase user acceptance include staff participation and involvement in all stages
of the process from planning to implementation, clear and effective communication between
managers and all staff members involved in the project, describing the advantages of technol‐
ogy and change management.

Note to important factors such as adequate bandwidth, preparation of standard tools that
provide maximum mobility and flexibility for users, decreasing obstacles which interrupt
network communications, insurance coverage, and supporting patients who use remote
monitoring devices, data encryption while transferring, paying attention to legal and ethical
aspects are all necessary in the success of these systems in health care organizations.

8. Future trends

For future work, we suggest that try to provide inexpensive mHealth services, so that more
people can use these services. Insurance companies especially in developing countries consider
situations and are motivated to cover these types of health care services. Decreased depend‐
ence of communication protocols with mobile device types can help generalize and extend the
use of mobile health devices.

Acknowledgements

The authors would like to thank the anonymous reviewers for their valuable comments and
suggestions, which improved this chapter.

Author details

Niloofar Mohammadzadeh and Reza Safdari*

*Address all correspondence to: rsafdari@tums.ac.ir

Department of Health Information Management, Tehran University of Medical Sciences,
Tehran, Iran

Mobile Health Technologies - Theories and Applications90



mobile communication, security and good infrastructure, increasing the accuracy of critical
signals, interoperability between different systems, bandwidth limitations, quality of health
services, battery life limited tools, and so on.

User acceptance is improved through the provision of advisable training and cultural aware‐
ness. It also provides an environment in which innovations in organizations are appreciated.
Key factors to increase user acceptance include staff participation and involvement in all stages
of the process from planning to implementation, clear and effective communication between
managers and all staff members involved in the project, describing the advantages of technol‐
ogy and change management.

Note to important factors such as adequate bandwidth, preparation of standard tools that
provide maximum mobility and flexibility for users, decreasing obstacles which interrupt
network communications, insurance coverage, and supporting patients who use remote
monitoring devices, data encryption while transferring, paying attention to legal and ethical
aspects are all necessary in the success of these systems in health care organizations.

8. Future trends

For future work, we suggest that try to provide inexpensive mHealth services, so that more
people can use these services. Insurance companies especially in developing countries consider
situations and are motivated to cover these types of health care services. Decreased depend‐
ence of communication protocols with mobile device types can help generalize and extend the
use of mobile health devices.

Acknowledgements

The authors would like to thank the anonymous reviewers for their valuable comments and
suggestions, which improved this chapter.

Author details

Niloofar Mohammadzadeh and Reza Safdari*

*Address all correspondence to: rsafdari@tums.ac.ir

Department of Health Information Management, Tehran University of Medical Sciences,
Tehran, Iran

Mobile Health Technologies - Theories and Applications90

References

[1] Safdari R, Mohammadzadeh N. Multi-agent systems and health information manage‐
ment. In 2nd eHospital and Telemedicine Conference. Tehran University of Medical
Sciences. Tehran. Iran. 2011.

[2] Kahn GJ, Yang SJ, Kahn SJ. 'Mobile' health needs and opportunities in developing
countries. Health Affairs 2010.29(2):252–258. doi:10.1377/hlthaff.2009.0965.

[3] Tan J. Medical Informatics: Concepts, Methodologies, Tools, and Applications, Volume
1, Chapter 7.5. Securing Mobile Data Computing in Healthcare, Hershey, New York.
2009. p: 1930.

[4] Bøne E, Hasvold P, Henriksen E, Strandenæs T. Risk analysis of information security
in a mobile instant messaging and presence system for healthcare. International Journal
of Medical Informatics 2007.76:677–687. doi: http://dx.doi.org/10.1016/j.ijmedinf.
2006.06.002

[5] World Health Organization. mHealth New horizons for health through mobile
technologies. 2011. ISBN 978 92 4 156425 0. Available from: http://www.who.int/goe/
publications/goe_mhealth_web.pdf [Accessed: 5 June 2013]

[6] Pawar P, Jones V, van Beijnum BJ, Hermens H. A framework for the comparison of
mobile patient monitoring systems. Journal of Biomedical Informatics 2012.45(3):544–
556. doi: 10.1016/j.jbi.2012.02.007.

[7] Prgomet M, Georgiou A, Westbrook JI. The impact of mobile handheld technology on
hospital physicians’ work practices and patient care: a systematic review. Journal of
the American Medical Informatics Association 2009.16:792–801. doi: 10.1197/
jamia.M3215.

[8] Strandbygaard U, Thomsen SF, Backer V. A daily SMS reminder increases adherence
to asthma treatment: a three-month follow-up study. Respiratory Medicine 2010.104(2):
166–171. doi: 10.1016/j.rmed.2009.10.003.

[9] Suter P, Suter WN, Johnston D. Theory-based telehealth and patient empowerment.
Population Health Management 2011.14(2):87–92. doi:10.1089/pop.2010.0013.

[10] Warren I, Weerasinghe T, Maddison R, Wang Y. Odin telehealth: a mobile service
platform for telehealth. Procedia Computer Science 2011.5:681–688. doi:10.1016/j.procs.
2011.07.089.

[11] Bellini P, Boncinelli S, Grossi F, Mangini M, Nesi P, Sequi L. Mobile emergency, an
emergency support system for hospitals in mobile devices: pilot study. JMIR Research
Protocols 2013.2(1):e19. doi:10.2196/resprot.2293.

Mobile Health Monitoring
http://dx.doi.org/10.5772/64704

91



[12] Ferrer-Roca O, Subirana R. A four-year study of telephone support for oncology
patients using a non-supervised call centre. Journal of Telemedicine and Telecare
2002.8(6):331. doi:10.1258/135763302320939211.

[13] Wakadha H, Chandir S, Were Elijah V, Rubin A, Obor D, Levine OS, Gibson DG,
Odhiambo F, Laserson KF, Feikin DR. The feasibility of using mobile-phone based SMS
reminders and conditional cash transfers to improve timely immunization in rural
Kenya. Vaccine 2013.31:987–993. doi:10.1016/j.vaccine.2012.11.093.

[14] Martins M, Henrique G. Mobilizing Health Information to Support Healthcare-related
Knowledge Work. INSTICC Press: Portugal. 2009. p. 69

[15] Khairat S, Gong Y. Understanding effective clinical communication in medical errors.
Studies in Health Technology Informatics 2010.160(Pt 1):704–708. doi:
10.3233/978-1-60750-588-4-704.

[16] Goldbach H, Chang AY, Kyer A, Ketshogileng D, Taylor L, Chandra A, Dacso M, Kung
SJ, Rijken T, Fontelo P, Littman-Quinn R, Seymour AK, Kovarik CL. Evaluation of
generic medical information accessed via mobile phones at the point of care in resource-
limited settings. Journal of the American Medical Informatics Association 2014.21(1):
37–42. doi:10.1136/amiajnl-2012-001276.

[17] Tubaro M. An organized system of emergency care for patients with myocardial
infarction: a reality? Future Cardiology 2010.6(4):483–489. doi:10.2217/fca.10.25.

[18] Engelgau M, Rosenhouse S, El-Saharty S, Mahal A. The economic effect of noncom‐
municable diseases on households and nations: a review of existing evidence. Journal
of Health Communication: International Perspectives 2011.16(2):75–81. doi:
10.1080/10810730.2011.601394.

[19] Zhang P, Zhang X, Brown J, Vistisen D, Sicree R, Shaw J, Nichols G. Global healthcare
expenditure on diabetes for 2010 and 2030. Diabetes Research and Clinical Practice
2010.87(3):293–301. doi:10.1016/j.diabres.2010.01.026.

[20] World Health Organization. Global status report on non communicable diseases 2010.
World Health Organization 2011 Reprinted 2011. ISBN 978 92 4 156422 9. ISBN 978 92
4 068645 8 (PDF). Available from: http://www.who.int/nmh/publications/
ncd_report_full_en.pdf [Accessed 30 June 2013].

[21] Esteghamati A, Khalilzadeh O, Anvari M, Meysamie A, Abbasi M, Forouzanfar M,
Alaeddini F. The economic costs of diabetes: a population-based study in Tehran, Iran.
Diabetologia 2009.52:1520–1527. doi:10.1007/s00125-009-1398-4.

[22] McAndrew LM, Napolitano MA, Pogach LM, Quigley KS, Shantz K, Vander Veur SS,
Foster GD. The impact of self-monitoring of blood glucose on a behavioral weight loss
intervention for patients with Type 2 diabetes. The Diabetes Educator 2013.39(3):397–
405. doi:10.1177/0145721712449434.

Mobile Health Technologies - Theories and Applications92



[12] Ferrer-Roca O, Subirana R. A four-year study of telephone support for oncology
patients using a non-supervised call centre. Journal of Telemedicine and Telecare
2002.8(6):331. doi:10.1258/135763302320939211.

[13] Wakadha H, Chandir S, Were Elijah V, Rubin A, Obor D, Levine OS, Gibson DG,
Odhiambo F, Laserson KF, Feikin DR. The feasibility of using mobile-phone based SMS
reminders and conditional cash transfers to improve timely immunization in rural
Kenya. Vaccine 2013.31:987–993. doi:10.1016/j.vaccine.2012.11.093.

[14] Martins M, Henrique G. Mobilizing Health Information to Support Healthcare-related
Knowledge Work. INSTICC Press: Portugal. 2009. p. 69

[15] Khairat S, Gong Y. Understanding effective clinical communication in medical errors.
Studies in Health Technology Informatics 2010.160(Pt 1):704–708. doi:
10.3233/978-1-60750-588-4-704.

[16] Goldbach H, Chang AY, Kyer A, Ketshogileng D, Taylor L, Chandra A, Dacso M, Kung
SJ, Rijken T, Fontelo P, Littman-Quinn R, Seymour AK, Kovarik CL. Evaluation of
generic medical information accessed via mobile phones at the point of care in resource-
limited settings. Journal of the American Medical Informatics Association 2014.21(1):
37–42. doi:10.1136/amiajnl-2012-001276.

[17] Tubaro M. An organized system of emergency care for patients with myocardial
infarction: a reality? Future Cardiology 2010.6(4):483–489. doi:10.2217/fca.10.25.

[18] Engelgau M, Rosenhouse S, El-Saharty S, Mahal A. The economic effect of noncom‐
municable diseases on households and nations: a review of existing evidence. Journal
of Health Communication: International Perspectives 2011.16(2):75–81. doi:
10.1080/10810730.2011.601394.

[19] Zhang P, Zhang X, Brown J, Vistisen D, Sicree R, Shaw J, Nichols G. Global healthcare
expenditure on diabetes for 2010 and 2030. Diabetes Research and Clinical Practice
2010.87(3):293–301. doi:10.1016/j.diabres.2010.01.026.

[20] World Health Organization. Global status report on non communicable diseases 2010.
World Health Organization 2011 Reprinted 2011. ISBN 978 92 4 156422 9. ISBN 978 92
4 068645 8 (PDF). Available from: http://www.who.int/nmh/publications/
ncd_report_full_en.pdf [Accessed 30 June 2013].

[21] Esteghamati A, Khalilzadeh O, Anvari M, Meysamie A, Abbasi M, Forouzanfar M,
Alaeddini F. The economic costs of diabetes: a population-based study in Tehran, Iran.
Diabetologia 2009.52:1520–1527. doi:10.1007/s00125-009-1398-4.

[22] McAndrew LM, Napolitano MA, Pogach LM, Quigley KS, Shantz K, Vander Veur SS,
Foster GD. The impact of self-monitoring of blood glucose on a behavioral weight loss
intervention for patients with Type 2 diabetes. The Diabetes Educator 2013.39(3):397–
405. doi:10.1177/0145721712449434.

Mobile Health Technologies - Theories and Applications92

[23] Paré G, Moqadem K, Pineau G, St-Hilaire C. Clinical effects of home tele monitoring
in the context of diabetes, asthma, heart failure and hypertension: a systematic review.
Journal of Medical Internet Research 2010.12(2):e21. doi:10.2196/jmir.1357.

[24] Barjis J, Kolfschoten G, Maritz J. A sustainable and affordable support system for rural
healthcare delivery. Decision Support Systems 2013.56:223–233. doi:10.1016/j.dss.
2013.06.005. Available from: http://dx.doi.org/10.1016/j.dss.2013.06.005 [Accessed 24
June 2013].

[25] Skolnik NS. Electronic Medical Records: A Practical Guide for Primary Care. New York:
Springer Humana Press; 2011. p: 1.

[26] Finn N, Bria W. Digital Communication in Medical Practice. London: Springer-Verlag;
2009. p: 70–73.

[27] Toledo FG, Triola A, Ruppert K, Siminerio LM. Telemedicine Consultations: an
alternative model to increase access to diabetes specialist care in underserved rural
communities. JMIR Research Protocols 2012.1(2):e14. doi:10.2196/resprot.2235.

[28] Khoumbati K, Dwivedi Y, Srivastava A, Lal B. Handbook of Research on Advances in
Health Informatics and Electronic Healthcare Applications: Global Adoption and
Impact of Information Communication Technologies. Hershey. New York: Medical
Information Science Reference; 2010. p: 91, 10, 156.

[29] Safdari R, Mohammadzadeh N. Patient Health Monitoring Through Mobile Health
Systems. Lecture in International Conference on 2012 Electronic Health (ICEH 2012).
Medical Council of Islamic Republic of Iran. Tehran. Iran.

[30] McDaniel J. Advances in Information Technology and Communication in Health.
Amsterdam: IOS Press; 2009. p: 467–471.

[31] Integrated Mobile Information Research. 2010. Available from: http://www.bth.se/
research/imis/ [Accessed 4 July 2013]

[32] Shaheen A, Ahmad Khan W. Intelligent Decision Support System in Diabetic eHealth
Care From the perspective of Elders. [Master Thesis]. Computer Science. Blekinge
Institute of Technology. Sweden. 2009. Available from: http://www.bth.se/fou/
cuppsats.nsf/all/89449be91369ee27c12575d60071c747/$file/Master_thesis_asma.pdf
[Accessed 4 July 2013]

[33] Zhang P. Multi-agent Systems in Diabetic Health Care. Blekinge Institute of Technology
Licentiate Series. Issue 5. Karlskrona: Blekinge Institute of Technology. ISBN:
91-7295-060-9. 2005. Available from: http://www.bth.se/fou/forskinfo.nsf/all/
07625d65f3f89ee6c1256fef00220c36?OpenDocument [Accessed 4 July 2013].

[34] Bellazzi R, Carson ER, Cobelli C, Hernando E, Gomez EJ, Nabih-Kamel-Boulos M,
Rendschmidt T, Roudsari V, et al. Merging Telemedicine With Knowledge Manage‐
ment: The M2DM Project. Published in: Engineering in Medicine and Biology Society.

Mobile Health Monitoring
http://dx.doi.org/10.5772/64704

93



Proceedings of the 23rd Annual International Conference of the IEEE, Volume 4, 2001.
p: 4117–4120. doi:10.1109/IEMBS.2001.1019762.

[35] Hernando M E, Garsia A, Javiar Perdices F, Torralba V, Gomez E J. del Pozo F. Multi
agent architecture for the provision of intelligent telemedicine services in diabetes
management. Available from: http://cyber.felk.cvut.cz/EUNITE03-BIO/pdf/EHernan‐
do.pdf [Accessed 4 July 2013]

[36] Jones V, Gay V, Leijdekkers P. Body Sensor Networks for Mobile Health Monitoring:
Experience in Europe and Australia. Accepted for 4th International Conference on
Digital Society, ICDS 2010, February 10–16, 2010, ICDS '10. Fourth International
Conference on. Netherlands: Digital Society; 2010.

[37] Leijdekkers P, Gay V. A Self-Test to Detect a Heart Attack Using a Mobile Phone and
Wearable Sensors. 21st IEEE International Symposium on Computer-Based Medical
Systems; 2008. p: 93-98. ISBN: 978-0-7695-3165-6.

[38] Jones M, Bults G, Konstantas D, Vierhout P. Healthcare PANs: Personal Area Networks
for trauma care and home care, Proceedings Fourth International Symposium on
Wireless Personal Multimedia Communications. [WPMC], Sept. 9–12, 2001, Aalborg,
Denmark. 2001. Available from: http://wpmc01.org/, ISBN 87-988568-0-4.

[39] Otto C, Milenkovic A, Sanders C, Jovanov E.System Architecture of a wireless body
area sensor network for ubiquitous health monitoring. Journal of Mobile Multimedia
2006.1(4):307–326.

[40] Halteren Aart V, Bults R, Wac K, Konstantas D, Widya I, Dokovsky N, Koprinkov G,
Jones V, Herzog R. Mobile patient monitoring: the MobiHealth system. Journal on
Information Technology in Healthcare 2004.2(5):365–373. ISSN 1479-649X.

[41] MobiHealth—Shaping the Future of Healthcare. Available from: http://www.ltu.se/
cms_fs/1.90345!/file/Mobihealth%20brochure.pdf [Accessed 4 July 2013].

[42] Inaugurate first diabetes virtual clinic in Iran at Tehran university of medical sciences
(in Persian). Available from: http://publicrelations.tums.ac.ir/news/detail.asp?news‐
ID=13114 [Accessed 4 July 2013].

[43] For the first time in Iran, virtual clinic for diabetes opening in Shariati hospital. (in
Persian). Available from: http://www.pezeshkan.ir/view.asp?id=99119 [Accessed 4
July 2013].

[44] Diabetes Virtual Clinic. Available from: http://emri.tums.ac.ir/pages/mainpage.asp?
I=S54M5P2C1 [Accessed 4 July 2013].

[45] Annicchiarico R, Cortés U, Urdiales C. Agent Technology and e-Health. Switzerland:
Birkhäuser Verlag; 2008. p: 141–148.

[46] Isabelle B, Sachin V, Ashlesha J, Lakhmi J.Computational Intelligence in Healthcare 4.
Berlin: Springer-Verlag; 2010. p: 25–48.

Mobile Health Technologies - Theories and Applications94



Proceedings of the 23rd Annual International Conference of the IEEE, Volume 4, 2001.
p: 4117–4120. doi:10.1109/IEMBS.2001.1019762.

[35] Hernando M E, Garsia A, Javiar Perdices F, Torralba V, Gomez E J. del Pozo F. Multi
agent architecture for the provision of intelligent telemedicine services in diabetes
management. Available from: http://cyber.felk.cvut.cz/EUNITE03-BIO/pdf/EHernan‐
do.pdf [Accessed 4 July 2013]

[36] Jones V, Gay V, Leijdekkers P. Body Sensor Networks for Mobile Health Monitoring:
Experience in Europe and Australia. Accepted for 4th International Conference on
Digital Society, ICDS 2010, February 10–16, 2010, ICDS '10. Fourth International
Conference on. Netherlands: Digital Society; 2010.

[37] Leijdekkers P, Gay V. A Self-Test to Detect a Heart Attack Using a Mobile Phone and
Wearable Sensors. 21st IEEE International Symposium on Computer-Based Medical
Systems; 2008. p: 93-98. ISBN: 978-0-7695-3165-6.

[38] Jones M, Bults G, Konstantas D, Vierhout P. Healthcare PANs: Personal Area Networks
for trauma care and home care, Proceedings Fourth International Symposium on
Wireless Personal Multimedia Communications. [WPMC], Sept. 9–12, 2001, Aalborg,
Denmark. 2001. Available from: http://wpmc01.org/, ISBN 87-988568-0-4.

[39] Otto C, Milenkovic A, Sanders C, Jovanov E.System Architecture of a wireless body
area sensor network for ubiquitous health monitoring. Journal of Mobile Multimedia
2006.1(4):307–326.

[40] Halteren Aart V, Bults R, Wac K, Konstantas D, Widya I, Dokovsky N, Koprinkov G,
Jones V, Herzog R. Mobile patient monitoring: the MobiHealth system. Journal on
Information Technology in Healthcare 2004.2(5):365–373. ISSN 1479-649X.

[41] MobiHealth—Shaping the Future of Healthcare. Available from: http://www.ltu.se/
cms_fs/1.90345!/file/Mobihealth%20brochure.pdf [Accessed 4 July 2013].

[42] Inaugurate first diabetes virtual clinic in Iran at Tehran university of medical sciences
(in Persian). Available from: http://publicrelations.tums.ac.ir/news/detail.asp?news‐
ID=13114 [Accessed 4 July 2013].

[43] For the first time in Iran, virtual clinic for diabetes opening in Shariati hospital. (in
Persian). Available from: http://www.pezeshkan.ir/view.asp?id=99119 [Accessed 4
July 2013].

[44] Diabetes Virtual Clinic. Available from: http://emri.tums.ac.ir/pages/mainpage.asp?
I=S54M5P2C1 [Accessed 4 July 2013].

[45] Annicchiarico R, Cortés U, Urdiales C. Agent Technology and e-Health. Switzerland:
Birkhäuser Verlag; 2008. p: 141–148.

[46] Isabelle B, Sachin V, Ashlesha J, Lakhmi J.Computational Intelligence in Healthcare 4.
Berlin: Springer-Verlag; 2010. p: 25–48.

Mobile Health Technologies - Theories and Applications94

[47] Sánchez D, Isern D, Rodríguez Á, Moreno A. General purpose agent-based parallel
computing. In: Omatu S, Rocha MP, Bravo J, Fernández F, Corchado E, Bustillo A,
Corchado JM. [eds.] IWANN. LNCS, Heidelberg: Springer; 2009. vol. 5518, p: 231–238.

[48] Mohammadzadeh N, Safdari R. Artificial intelligence tools in health information
management. International Journal of Hospital Research 2012.1(1):65–70.

[49] Isern D, Sánchez D, Moreno A. Agents applied in health care: a review. International
Journal of Medical Informatics 2010.79:145–166. doi:10.1016/j.ijmedinf.2010.01.003.

[50] Safdari R, Mohammadzadeh N. Electronic Health Information Systems. Tehran:
Mirmah; 2011. p: 152–156 (in Persian).

[51] Cripps H, Standing C. The implementation of electronic health records: a case study of
bush computing the Ngaanyatjarra Lands. International Journal of Medical Informatics
2011.80(12):841–848. doi:10.1016/j.ijmedinf.2011.09.007.

[52] Cresswell K, Sheikh A. Organizational issues in the implementation and adoption of
health information technology innovations: an interpretative review. International
journal of medical informatics 2013.82(5):e73–e86. doi:10.1016/j.ijmedinf.2012.10.007.

[53] Venkatesh V, Thong J Y L, Xu X. Consumer acceptance and use of information tech‐
nology: extending the unified theory of acceptance and use of technology. Forthcoming
in MIS Quarterly 2012.36(1):157–178.

[54] Hardiker NR, Grant MJ. Factors that influence public engagement with eHealth: a
literature review. International Journal of Medical Informatics 2011.80(1):1–12. doi:
10.1016/j.ijmedinf.2010.10.017.

[55] Taniar D. Mobile Computing: Concepts, Methodologies, Tools, and Applications. New
York: Information Science reference; 2009. p: 791–792, 432–433 . ISBN 978-1-60566-054-7
(hardcover)—ISBN 978-1-60566-055-4 (ebook).

[56] Blumenthal D. Stimulating the adoption of health information technology. The New
England Journal of Medicine 2009.360:1477–1479. doi:10.1056/NEJMp0901592.

[57] Lucas H. Information and communications technology for future health systems in
developing countries. Social Science & Medicine 2008.66:2122–2132. doi:10.1016/
j.socscimed.2008.01.033.

[58] Lawler EK, Hedge A, Pavlovic-Veselinovic S. Cognitive ergonomics, socio-technical
systems, and the impact of healthcare information technologies. International Journal
of Industrial Ergonomics 2011.41:336–344. doi:10.1016/j.ergon.2011.02.006.

[59] Viitanen J, Hyppönen H, Lääveri T, Vänskä J, Reponen J, Winblad I. National ques‐
tionnaire study on clinical ICT systems proofs: physicians suffer from poor usability.
International Journal of Medical Informatics 2011.80(10):708–25. doi:10.1016/j.ijmedinf.
2011.06.010.

Mobile Health Monitoring
http://dx.doi.org/10.5772/64704

95



[60] Lluch M. Healthcare professionals’ organizational barriers to health information
technologies: a literature review. International Journal of Medical Informatics
2011.80(12):849–862. doi:10.1016/j.ijmedinf.2011.09.005.

[61] While A, Dewsbury G. Nursing and information and communication technology (ICT):
a discussion of trends and future directions. International Journal of Nursing Studies
2011.48:1302–1310. doi:10.1016/j.ijnurstu.2011.02.020.

[62] Nykänen P, Brender J, Talmon J, de Keizer N, Rigby M, Beuscart-Zephir M, Ammen‐
werth E. Guideline for good evaluation practice in health informatics (GEP-HI).
International Journal of Medical Informatics 2011.80:815–827. doi:10.1016/j.ijmedinf.
2011.08.004.

[63] Aggarwal NK. Applying mobile technologies to mental health service delivery in South
Asia. Asian Journal of Psychiatry 2012.5:225–230. doi:10.1016/j.ajp.2011.12.009.

[64] Patel M, Jianfeng W. Applications, challenges, and prospective in emerging body area
networking technologies. IEEE Wireless Communications. 2010.17(1):80–88. doi:
10.1109/MWC.2010.5416354.

[65] Klingeberg T, Schilling M. Mobile wearable device for long term monitoring of vital
signs. Computer Methods and Programs in Biomedicine 2012.106:89–96. doi:10.1016/
j.cmpb.2011.12.009.

[66] Chan M, Estève D, Fourniols J, Escriba C, Campo E. Smart wearable systems: current
status and future challenges. Artificial Intelligence in Medicine 2012.56:137–156. doi:
10.1016/j.artmed.2012.09.003

Mobile Health Technologies - Theories and Applications96



[60] Lluch M. Healthcare professionals’ organizational barriers to health information
technologies: a literature review. International Journal of Medical Informatics
2011.80(12):849–862. doi:10.1016/j.ijmedinf.2011.09.005.

[61] While A, Dewsbury G. Nursing and information and communication technology (ICT):
a discussion of trends and future directions. International Journal of Nursing Studies
2011.48:1302–1310. doi:10.1016/j.ijnurstu.2011.02.020.

[62] Nykänen P, Brender J, Talmon J, de Keizer N, Rigby M, Beuscart-Zephir M, Ammen‐
werth E. Guideline for good evaluation practice in health informatics (GEP-HI).
International Journal of Medical Informatics 2011.80:815–827. doi:10.1016/j.ijmedinf.
2011.08.004.

[63] Aggarwal NK. Applying mobile technologies to mental health service delivery in South
Asia. Asian Journal of Psychiatry 2012.5:225–230. doi:10.1016/j.ajp.2011.12.009.

[64] Patel M, Jianfeng W. Applications, challenges, and prospective in emerging body area
networking technologies. IEEE Wireless Communications. 2010.17(1):80–88. doi:
10.1109/MWC.2010.5416354.

[65] Klingeberg T, Schilling M. Mobile wearable device for long term monitoring of vital
signs. Computer Methods and Programs in Biomedicine 2012.106:89–96. doi:10.1016/
j.cmpb.2011.12.009.

[66] Chan M, Estève D, Fourniols J, Escriba C, Campo E. Smart wearable systems: current
status and future challenges. Artificial Intelligence in Medicine 2012.56:137–156. doi:
10.1016/j.artmed.2012.09.003

Mobile Health Technologies - Theories and Applications96

Section 2

mHealth Applications





Chapter 5

Mobile Cloud-Based Blood Pressure Healthcare for
Education

Chin-Feng Lin, Shere-Er Wang, Yen-Chiao Lu,
Chung-I Lin, Chung-Cheng Chang, Tim Yeh,
Candice Lee, Jeffson Huang, Chic-Erh Weng,
Sue-Hsien Chen, Bing-Leung Sun,
Chao-Sheng Wang, Shiue-Li Cheng, Shiou-Yu Li and
Lan-Yu Wu

Additional information is available at the end of the chapter

http://dx.doi.org/10.5772/63471

Abstract

Mercury,  pneumatic,  and  electronic  sphygmomanometers  were  widely  used  for
traditional  blood  pressure  (BP)  measurement.  Cloud  BP  database,  and  mobile
information  and  communication  technology  (MICT)  do  not  integrate  to  these  BP
measurement methods. Pen and papers were employed to record BP values for nurses
and physicians, and recording errors are possible to occur. In the chapter, the cloud-
based BP platform solution and advanced wireless hospital BP measurement technol‐
ogies were studied. These cloud-based BT measurement technologies were used as
teaching aids to train students of electrical and nursing fields for mobile BP health‐
care and health promotion education, and hence interdisciplinary teaching and learning
were  conducted.  The  teachers  include  professors  of  electrical  and  nursing  fields,
physicians,  hospital  nurses,  and  the  engineer  and  health  management  experts  of
Microlife.  The interdisciplinary teaching and learning of mobile BP healthcare and
health  promotion  for  smart  aging  were  conducted  in  the  Department  of  Nursing
Division, Chang Cung Memorial Hospital, Keelung Branch, Department of Nursing
Ching Kuo Institute of Management and Health, School of Nursing Chung Shan Medical
University,  and  Department  of  Electrical  Engineering,  National  Taiwan  Ocean
University. The students of electrical and nursing fields participated for joint interdis‐
ciplinary learning. The concepts of interdisciplinary mobile BP healthcare learning and
teaching involve nursing and technology, healthy aging, BP health care for smart aging,
telenursing,  BP  care  for  smart  aging,  community/home  telecare,  and  MICT.  The
objective of teaching and learning is training the design and making electrical engineers

© 2016 The Author(s). Licensee InTech. This chapter is distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited.



to understand BP healthcare and health promotion, and nurses to understand mobile
BP healthcare and health promotion system for smart aging.

Keywords: BP healthcare, smart aging , cloud-based BP measurement technologies,
jointly interdisciplinary learning and teaching, mobile information and communica‐
tion technology

1. Introduction

In this  chapter,  computers,  Internet  access,  mobile  computing,  Web page systems,  short
messaging services, multimedia messaging services, and e-mails were examined with respect
to students of medical, nursing, and health science disciplines [1]. The advanced technologies
help health science students to access healthcare information and adopt effective methods to
develop their skills. Mobile information and communication technology (MICT) has been used
in the learning and teaching process of health and medicine science education, and has enabled
learning and access to health education knowledge anywhere and at any time [2]. Mazzola et
al. [3] demonstrated how physical activity, nutrition, and training through a combination of
processes and mobile technologies are related to overweight teenagers and obesity in behavio‐
ral education. The People for Ecosystem-based Governance in Assessing Sustainable develop‐
ment of Ocean and coast (PEGASO) scenarios [3] include motion sensors to detect physical
activity, GPS location service, and the smartphone acts as a communication gateway for these
sensors with feedback functions and information. The awareness and self-management of
obesity risks are important to motivate teenagers to engage in affective learning and trigger a
behavioral change. Smartphone applications were exploited to improve participants’ health-
related quality of life and healthcare utilization for rheumatic diseases self-management [4].
Disease-associated self-management strategies can be designed using mobile health (mHealth)
technologies.  Azevedo et  al.  [4]  reviewed several  aims,  platforms,  and characteristics  of
smartphone applications for self-management of rheumatic diseases.

mHealth is a “medical and public health practice supported by mobile devices, such as mobile
phones, patient monitoring devices, personal digital assistants, and other wireless devices” [5],
and is recognized by the World Health Organization. Advanced mobile Web-based and
Internet technologies have transformed current healthcare models with regard to monitoring
of physical activity or encouraging physiological changes that stimulate positive health
behaviors. Zhang et al. [6] illustrated how to extend a mobile Web-based app with multimedia
features for psychiatry education in Singapore, and found out through a survey that MICT
helped them save a significant amount of time in clinical activities. MICT must ensure that the
physiological signals provided within are accurate and credible. Healthy behaviors (e.g., sports
lifestyle, healthy eating habits, and blood pressure (BP) monitoring) help in reducing fatal
health risk, disability, healthcare use and health-related costs [7]. Weight management,
physical activity, smoking cessation, self-management of diabetes mellitus, and hypertension
care using MICT were demonstrated [8]. MICT-supported health behavior interventions are
designed to prevent or manage illness and lead to fundamental changes in health practices,
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features for psychiatry education in Singapore, and found out through a survey that MICT
helped them save a significant amount of time in clinical activities. MICT must ensure that the
physiological signals provided within are accurate and credible. Healthy behaviors (e.g., sports
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thereby, providing an opportunity to stimulate and sustain healthy behaviors [6, 7]. Chan et
al. [9] described that problem-based learning using multimedia, such as video clips, Web sites,
images, or photos, was implemented in the health sciences learning process, and students
could use their mobile Internet technology to access the knowledge and enhance their process
of learning using laptops, tablets, and smartphone mobile devices on a cloud-based learning
platform. Problem identification, problem description, problem exploration, applicability, and
integration strategies were recommended in the problem-based learning approach [10].

Elliott et al. [11] implemented a mobile electronic health records (EHR) system for medical
education. The functionality, connectivity, ease of use, and usage challenges of the developed
EHR system in the hospital environment were investigated for learning. Davies et al. [12]
developed a mobile learning model using a personal digital assistant (PDA) loaded with
medical resources for undergraduate medical students in the clinical environment. MICT was
used to provide new learning methods with respect to problem identification and solving
skills. ISO/IEEE 11073 and Health Level 7(HL7) V2.6 protocols were used to develop and
evaluate self-management mobile Personal Health Record mobile health application for
Android 4.0.3 by the Continua Health Alliance for continuous self-management of chronic
disease patients [13]. It has the potential to promote new treatment and medical opportunities
as well as to reduce medical costs and time for an aging society. It monitors their vital signs
using mobile network technology (MNT); thereby, ensuring better healthcare. The user
interface, applications, seamless transmission protocol, personal health record, and database
managers were demonstrated for the application.

Wu et al. [14] proposed a cellular and iridium network-based blood pressure and body
temperature remote measurement platform for mobile healthcare education. The overview of
mobile telemedicine research fields was provided by Lin [15, 16]. In previous studies [17–21],
802.11n and ultra-wideband wireless telemedicine transmission schemes, multicode code
division multiple access (CDMA) cellular mobile telemedicine transmission mechanism, and
multi-satellites wideband CDMA and orthogonal frequency division multiplexing (OFDM)
transport architectures were proposed. In this article, a cloud-based mobile blood pressure
(BP) healthcare education program for smart aging is investigated.

2. Teaching methodology and concept

Our teaching team included professors from electrical and nursing fields, as well as physicians,
the engineers, and health management experts for Microlife. Cloud-based and mobile BP
healthcare knowledge was the focus of studies for students in electrical and nursing fields. The
could-based and mobile BP platform of Microlife was used in the healthcare program for
interdisciplinary learning. The tele-BP healthcare for smart aging course was offered through
the Department of Electrical Engineering, National Taiwan Ocean University, and the School
of Nursing Chung Shan Medical University, during February 2014 and June 2014. Fourteen
students in the electrical field and 19 nursing students participated for joint interdisciplinary
learning. The distance between National Taiwan Ocean University and Chung Shan Medical

Mobile Cloud-Based Blood Pressure Healthcare for Education
http://dx.doi.org/10.5772/63471

101



University is 180 km. Facebook videoconferences were used for team discussions associated
with problem-based learning and problem solving. The BP healthcare for smart aging course
was offered through the Department of Electrical Engineering, National Taiwan Ocean
University, and the Department of Nursing, Ching Kuo Institute of Management and Health,
during September 2014 and January 2015. Thirteen students in the electrical field and 34
nursing students participated for joint interdisciplinary learning. In the learning teams,
students in the electrical field provided the MICT know-how, and nursing students contrib‐
uted user experience and healthcare knowledge. The course outline of tele-BP healthcare for
smart aging is as follows:

• Nursing and technology

• Healthy aging

• BP healthcare for smart aging

• Telenursing

Video materials were recorded and uploaded to the course Web site for students enrolled in
the course so that they could download the information to study anytime and anywhere.

Nursing and technology video material [22]: Lu discussed the relationship between nursing
and technology, technology’s effects on nursing, the connection between nurse’s experiences
with technology and new technology design, advanced nursing processes, future trends in
nursing education, and future trends in the development of nursing technologies.

Healthy aging video material [23]: Lu defined aging and discussed the aging process, changes
in bodily functions, longevity, elderly food intake and arrangements, elderly movement, and
approaches to caring for the elderly, as well as definitions of healthy aging, aging attitudes,
and planning.

BP healthcare for smart aging video material [24]: Lin discussed health and medical, issues,
medical care for smart aging, cardiovascular disease, BP definition, the principles of BP
changes, classifications of hypertension, techniques and times for measuring BP, and princi‐
ples and operational modes regarding mercury, pneumatic, and electronic sphygmomanom‐
eters. Other topics included risk factors, symptoms, and complications of hypertension, and
preventive measures for the disease.

Telenursing video material [25]: Lu discussed the definitions of telehealth, telecare, telemedi‐
cine, and telenursing, community-based telecare, home-based telecare, and agency-based
telecare, as well as the roles, opportunities, and challenges of telecare nurses.

The course outline of BP healthcare for smart aging is as follows:

• BP care for smart aging

• Community/home telecare

• MICT
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BP care for smart aging digital material [26]: Wang discussed the significance of low and high
BP, the factors influencing BP, the significance of BP tracking, the risk of brain/cardiovascular
disease associated with BP, and the challenge of telecare.

Community/home telecare digital material [27]: Wang discussed community-based telecare
in Taiwan, the project model for telecare, physiological signal monitoring, locations and energy
services for smart aging, health counseling and interpersonal assistance for smart aging, and
design considerations for products for smart aging.

MICT digital material [28]: Lin discussed the definition and history of communication
technology, definition and history of the Internet, introduction to multimedia communications
and communications and network infrastructure in Taiwan, mobile communications and
networks, the architecture of telecare, and the definition and history of telemedicine.

3. Experiment-based and visit-based learning

In the experiment-based learning process, interdisciplinary students can understand the
principle and technology of mobile BP healthcare solutions for smart aging. Figure 1 shows
several BP measurements for the same personal, taken in different situations. The systolic BP
values for lying, sitting, standing, and walking are 122, 123, 128, and 136 mmHg, respectively.
The diastolic BP values are 62, 70, 75, and 90 mmHg, respectively. We observed the range of
the systolic and diastolic BP values by taking measurements in several situations. The
maximum measurement value of BP is reported for walking, and the minimum measurement
value is reported for lying.

Figure 1. Several BP measurements for the same personal taken in different situations.
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Figure 2. The cloud-based BP platform solution developed by Microlife [29]. Values are presented.

As shown in Figure 2, the cloud-based BP platform solution developed by Microlife was
adopted in the course to train students in mobile BP healthcare [29]. The BP measurement times
were before sleep and after getting up, and the times were recorded with a USB-based
sphygmomanometer that can store 256 BP measurement times, as well as the values for pulse,
diastolic, and systolic BP. These values can be uploaded to the cloud-based mobile BP platform
from the USB-based sphygmomanometer using a USB transmission interface. In the cloud-
based BP platform, the BP measurement time and pulse, diastolic, and systolic BP values are
recorded, and the trend and changes of pulse, diastolic, and systolic BP are noted.

We can also obtain the sleep habits of the cloud-based BP platform users. The joint interdisci‐
plinary learning process for cloud-based BP healthcare solutions in the courses of tele-BP
healthcare and BP healthcare for smart aging is shown in Figure 3. The third-generation (3G)
mobile cellular network was used to connect notebooks to the cloud-based BP platform at
anytime and anywhere. Observation, interdisciplinary cooperation, reverse thinking and
feedback, innovative design, and an applied science and technology learning methodology
were utilized. Cloud-based BP healthcare solutions for smart aging were learned, using
integration, innovation, design, and thinking skills. The interdisciplinary students posed and
answered the following questions:
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Figure 3. The joint interdisciplinary learning process for cloud-based BP healthcare solutions in the courses of tele-BP
healthcare and BP healthcare for smart aging.

What healthcare services are available?

What kinds of smart aging groups are available?

Why are these kinds of smart aging groups suitable?

How are these kinds of smart aging groups used?

What kinds of carers and operators are needed?

What kinds of sensors and control devices are used?

What are the kinds of MICT devices, HMI, and network needs?

What are the functions of the cloud database?

What are the costs to be paid?

Who are the payers?

What are the self-management strategies of lifestyle and the treatment concept in
mobile BP healthcare education for smart aging using MICT?

What are the advantages and disadvantages?
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Figure 4. The interdisciplinary course outline of tele-BP healthcare for smart aging included a visit to the Department
of Industrial Design, Shih Chien University, in July 2, 2014.

Figure 5. The interdisciplinary course outline of tele-BP healthcare for smart aging also included a visit to the Nightin‐
gale Nursing home for Smart Aging, Taichung, in June 2014.
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The interdisciplinary course outline of tele-BP healthcare for smart aging included a visit to
the Department of Industrial Design, Shih Chien University, in July 2, 2014, as shown in Figure
4. Prof. Z.C. Wang presented the principle and technology of industrial design of nursing and
a 3D printer. The course outline also included a visit to the Nightingale Nursing home for
Smart Aging, Taichung, in June 2014, as shown in Figure 5. Students studied the life behaviors,
diet, entertainment, and movement habits in the care center. In addition, the interdisciplinary
course outline of BP healthcare for smart aging included a visit to a hospice and iodine 131
wards at Chang Cung Memorial Hospital, Keelung Branch, in November 2014, as shown in
Figure 6, for an overview of the hospice practices. A video phone was used in an iodine 131
ward to provide real-time interaction between patients inside the ward and doctors, nurses,
family members, and friends outside the ward. The video phone technology ameliorated the
sense of helpless and anxiety felt by patients in the isolation iodine 131 ward. In addition, the
cloud-based, wireless sphygmomanometers used in the Chang Cung Memorial Hospital,
Keelung Branch, were observed. The medical record number, BP measurement time, and
pulse, diastolic, and systolic BP values transmitted in real time to the cloud-based hospital care
platform using the wireless transmission technology. Thus, the interdisciplinary students
studied mobile BP healthcare for smart aging through visit-based learning.

Figure 6. The interdisciplinary course outline of BP healthcare for smart aging included a visit to a hospice and iodine
131 wards at Chang Cung Memorial Hospital, Keelung Branch, in November 2014.
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According to the teaching and learning experience, as well as the visit-based experience
described in the above explanation, the learning tool was developed for mobile hypertension
education, as shown in Figure 7. The development learning tools included the proximal
display software, a notebook, tablet, or personal computer with the Microsoft operating
system, and a 3G mobile modem. The C# program was used to develop the proximal display
software. The adaptive screen with large font solutions for smart aging, cloud-based BP
measurement solution of Microlife, cloud-based BP measurement solution of Sunshine
Instrument [30], SKYPE videoconference solution [31], and Messenger Plus videoconference
recording solution [32] were all integrated with each other. Cloud-based sphygmomanometer
and electrocardiography instruments are approved by Food and Drug Administration (FDA),
and Taiwan FDA medical equipment, respectively. The videoconference and videoconference
recording solutions can be used for team discussions relating to problem-based learning and
problem solving. The mobile hypertension care process was studied as regards nursing
students, and the proximal display software technology and the principle of MICT were
studied as regards electrical students.

Figure 7. The learning tool was developed for mobile hypertension education.
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A learning tool developed by Microlife Corporation for 3G mobile agent and cloud-based
multiuser real-time BP measurement system is shown in Figure 8. The 3G mobile agent and
cloud-based multiuser real-time BP measurement system includes radiofrequency identifica‐
tion (RFID) cards, a Bluetooth-based sphygmomanometer, 3G gateway with Bluetooth
network, 3G mobile modem, auto login sensor, and tablet. Each user has an RFID card, such
as an Easycard, or a student card, to identify the user number. The Bluetooth-based sphyg‐
momanometer is in a shutdown state. When the RFID-based student card senses the Bluetooth-
based sphygmomanometer, the device is turned on, and the BP is measured. Real-time BP
values are transmitted to the 3G gateway via the Bluetooth network, and a 3G mobile modem
is used for transmission of these values to a cloud-based BP platform. When the RFID-based
student card senses auto login, the auto login sensor uses the 3G mobile modem to login into
the cloud-based BP monitoring Web page, and the real-time BP values in the Web page are
displayed on the tablet. Each user can access BP reports on the cloud-based Web page at any
instance from any global location.

Figure 8. A learning tool developed by Microlife Corporation for 3G mobile agent and cloud-based multiuser real time
BP measurement system.
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4. Conclusion

For students in electrical and nursing fields, mobile BP smart aging healthcare is a challenging
area of joint interdisciplinary learning. A new educational model and innovative teaching
methodology using a cloud-based mobile BP healthcare solution for BP healthcare smart aging
education were proposed. Problem-based learning and a solving process, experiment-based
learning, and visit-based learning were adopted. Facebook videoconferencing was used for
team discussions of the problem-based learning and solving process among students in
electrical and nursing fields. The cloud-based BP platform solution developed by Microlife
was adopted in the course to train the students in mobile BP healthcare. This is a good learning
and teaching program for mobile BP healthcare solutions for smart aging, and it is a beneficial
contribution to the mobile BP healthcare industry of smart aging.
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Abstract

Increasingly,  mobile  consumer  electronic  devices  are  able  to  make  meaningful
applications in healthcare, and this chapter discusses the development of a mHealth
app called SmartWoundCare, designed to document and assess chronic wounds on
smartphones and tablets. Pressure ulcers (bedsores) were selected as the application
area for SmartWoundCare due to their pervasiveness in healthcare and their associat‐
ed impacts on patients’ quality of life and mortality, and electronic documentation is
considered as an important intervention in pressure ulcer prevention and treatment.
The chapter reviews the design of SmartWoundCare on Android and iOS platforms. Its
benefits over paper‐based charting include automatically generated wound histories in
graph and text formats, alerts and notifications for user‐set conditions, wound image
galleries, and positioning for telehealth consultation by transmitting wound data across
sites. The mobile app was implemented in a user trial in a long‐term care facility in
Winnipeg, Canada, and the user trial illuminated that a key benefit of SmartWound‐
Care was the ability to take wound photographs. This feature had benefits for patients
as well as caregivers. Consequently, algorithms were developed to analyse wound
images for size and colour to provide additional indicators of wound progression.

Keywords: wound care, pressure ulcers, wound management, mHealth, mobile app

1. Introduction and background

Increasingly, mobile consumer electronic devices are able to make meaningful applications in
mobile health or mHealth, defined as the delivery of healthcare and healthcare support through
mobile devices. For example, there are apps that allow users to track diet and fitness, health
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condition monitoring (e.g. diabetes [1]; arthritis [2]), and using mobile devices to replace paper
records and share information between multiple healthcare providers [3].

This chapter overviews the development of a mHealth app called SmartWoundCare, designed
to document and assess chronic wounds on Android and iOS smartphones and tablets. The
chapter reviews the design of SmartWoundCare, the results of a user trial in a long‐term care
facility in Winnipeg, Canada, and the subsequent development of algorithms to provide
automated analysis of wound images for wound size and colour.

The initial application area is pressure ulcers, which is also known as bedsores. However, the
app is easily applicable to other wounds as well, such as venous leg ulcers, diabetic foot ulcers,
and surgical wounds.

1.1. Pressure ulcers as the application area

Decubitus ulcers are more commonly referred to as pressure ulcers or bedsores. They are
injuries to the skin, or skin lesions which may extend to underlying tissues. Pressure ulcers
typically occur over bony areas of the body as a result of skin pressure and friction when an
individual sits or lies in one position for a long time. As such, pressure ulcers often occur in
the elderly population and people who may be relatively immobile due to other illness or
injury. Bedsores are preventable, but easily aggravated with heat and humidity at the wound
site once they are present. Bedsores are also regrettably common, with the incidence of pressure
ulcers reported to be as high has 30% in non‐acute care settings, with an average incidence rate
of 25% over all types of healthcare facilities [4, 5].

Pressure ulcers have numerous negative impacts on patients, both in immediate comfort and
well‐being and in long‐term quality of life. When they develop after a patient is admitted to
hospital for other conditions, they can lengthen the patient's overall stay and complicate their
overall healing. There are also numerous quality of life impacts reported including the psycho‐
emotional impacts of chronic pain and the negative impacts of social isolation when patients’
movements are significantly impaired. A pressure ulcer starts as a seemingly minor skin
wound and obscures its significant risk. Pressure ulcers are noted to be the second leading
iatrogenic cause of death. From an institutional perspective, pressure ulcers treatment is also
costly to the healthcare system [6–11].

There are many standard patient treatments used to prevent pressure ulcers in patients who
are known to be at risk. These include regularly turning patients, optimizing diet and nutrition,
caring for skin before pressure ulcers occur, and using pressure mattresses, pillows, and other
supports to relieve pressure [12]. However, studies have also identified that due to the chronic
and often long‐term duration of pressure ulcers, significant information about the wound over
time can become obscured when documentation is not standardized, when risk assessments
are not integral to the regular wound assessment protocol, or when assessments are incomplete
or lack detail. In part, standardized forms – designed to capture all possible types of pressure
ulcers – often become too unwieldy for healthcare workers with heavy patient loads to use
effectively [13–15].
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In many other areas of healthcare delivery, electronic health (eHealth) is being examined for
its promise to increase the overall efficiency of a healthcare system and to improve patient
outcomes. As eHealth grows in scope and maturity, its potential includes improvements and
enhancements to patient safety, health outcomes, financial efficiencies, and communication
between multiple healthcare providers.

When considering the health burden of pressure ulcers, the area of electronic medical records
(EMR) within eHealth is of particular interest. In the research literature, EMRs are reported to
have positive impacts on the quality of care and to reduce the reliance or use of care [16].

Several studies examined the impact of EMRs relative to chronic wounds specifically. In one,
an EMR system simplified wound evaluation and treatment. In this case, the impact is highly
dependent on a standardized protocol for taking pictures of the wound [17]. In another study,
the financial benefits of home telehealth in treating bedsores were examined. The findings
indicated low‐cost technologies did lead to cost savings, whereas high‐cost technologies did
not have that benefit. The study also determined that home telehealth could decrease the
prevalence of advanced stage pressure ulcers [18]. However, not all EMR systems for wound
care are effective. Other research identified that common problems with wound EMRs
included redundancy or the opposite situation where the platform was not flexible or detailed
enough to consider all potential types of wounds. Other issues included the lack of standard
vocabulary, and custom‐built EMRs which were not transferable to include or integrate with
other medical records or across facilities [19].

While EMRs and other forms of electronic documentation are not a panacea, there is emerging
evidence that when properly designed, they can potentially lead to better communication,
better patient information and wound charting, and ultimately improved patient care and
health outcomes. The work outlined in this chapter follows this anticipation that better
compliance in documenting wound care, higher consistency in how a wound is documented,
and the added intelligence provided by the app relative to alerts and information presentation
can influence health outcomes.

2. Mobile apps for wound management

To date, many eHealth technologies have been and are being developed; however, they are
not well‐catalogued. Relative to wound care, MediSense, WoundRounds, and How2Trak offer
web‐based and/or mobile interfaces for wound management. In 2013, WoundMAP Pump,
Ulcercare, and Wound Mender entered the stage of wound care apps in various stages of
development [20].

2.1. SmartWoundCare system design

SmartWoundCare is similarly a mobile app for Android and iOS devices, developed in a
computer engineering research lab at the University of Manitoba, Canada. SmartWoundCare
was designed to replace the paper chart used in the Winnipeg Regional Health Authority
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(WRHA) for pressure ulcer management. The WRHA is a publicly funded system which
includes both services and facilities. It serves over 700,000 people and supports referral services
to another 500,000 people outside of its boundaries in hospitals, personal care homes, as well
as a home care program. Over 28,000 people are employed by the WRHA in over 200 facilities.

As its core functionality, SmartWoundCare allows nurses and other healthcare providers to
replicate the information that would be entered on a paper chart. A user can create a new
patient record, view an existing patient's record, enter new wounds, and assess existing
wounds using the Pressure Ulcer Scale for Healing (PUSH tool) [21], Braden Scale [22], and
the Bates‐Jensen tool [23]. Several configurations were considered, in that one device could be
associated with a given patient, and each nurse or other healthcare provider who cares for that
patient would enter information on that patient's unique device. However, the model chosen
was to associate the device with an individual nurse or other healthcare provider, who would
use the device with all of their patients on that shift, and then transfer the device to the
healthcare provider on the next shift.

As with all software, some general design objectives were established. These included keeping
the user interface as simple as possible, using colours and other cues to focus the user's
attention on important information, minimizing the steps needed to complete tasks, aligning
the flow of information with emerging standard expectations from users (“look and feel”), and
using the user's input to guide them to the applicable areas (and conversely, using the user's
input to skip over areas not relevant for the particular patient or the particular wound). In light
of the small screen size of a smartphone or tablet device, free‐form comments in data entry are
discouraged by design. Entering data from pre‐set menu options is designed to reduce errors
and to enable better comparisons between assessments, even when completed by different
people. In a large‐scale rollout within a facility or a healthcare region, attention would also
need to be given to battery life of the device, protocols for infection control, and the EMR as
part of the legal medical record.

Beyond the duplication of paper‐based charting, SmartWoundCare was designed for several
intended benefits:

1. Data sharing between multiple healthcare providers:the potential to seek consultation between
multiple healthcare providers, including wound clinicians, physicians, allied health
professionals (e.g. occupational therapy), and other specialists as needed. This potential
reduces the need to transport the patient between facilities, saving the patient considerable
discomfort and stress, and saving cost in the overall wound treatment. Just as significantly,
the timeliness of interventions and changes in the direction of care can be improved.
Information sharing (i.e. a telehealth framework) can occur within a given facility, within
the same community, or between major centres and remote communities where remote
communities do not have specialized health services. In Canada, with a small population
living in a large geographical area, this is of particular relevance.

2. Data organization and interpretation:

• Alerts: When logging into SmartWoundCare, the user will see a list of alerts, including
wounds that are due for re‐assessment and wounds that are deteriorating. The specific
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parameters for the alerts (days between assessments, criteria used to determine
deterioration) can be set by the user.

• Because users have individual preferences on how they best understand data, Smart‐
WoundCare presents wound histories in three formats: text, graph, and photographs.
Text histories allow a user to scroll through a summary of the main wound parameters
from one assessment to the next. Graph histories plot an overall wound score (e.g.
generated from the PUSH tool) against time. Using the smartphone or tablet devices’
built‐in cameras, users can also add wound photographs to the record, and scroll
through the images in a chronological gallery for each individual wound.

By design, the benefit of SmartWoundCare is its potential as an EMR, either on a stand‐alone
basis or integrated into a wider EMR system within a facility or region. As such, privacy of
data is a non‐negotiable concern. In its current form, SmartWoundCare requires each user to
set up a unique user ID and password to facilitate a secure login and the login is restricted to
that device. When envisioning a fully networked application within a facility or wider region,
SmartWoundCare access rights would be confirmed by a secure connection to a server storing
all information. Connections would be via cellular or Wi‐Fi, relying on all standard Internet
security protocols. In that case, all login IDs and passwords would be managed centrally by a
server‐side application rather than a device‐based login. An additional benefit of a central
server, which could be facility‐specific or shared between several facilities, is the potential for
additional data analysis in a Big Data framework. For example, when large datasets are
available centrally in standard formats, they can be examined for anomalies, trends, and
correlations that ultimately feed into the body of knowledge for pressure ulcer treatment.

Selected screenshots of SmartWoundCare (iOS version) are shown in Figures 1–5.

Figure 1. Patient list upon login (iOS).
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Figure 2. Wound locations and status (iOS).

Figure 3. Assessment data entry screen (iOS).
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Figure 2. Wound locations and status (iOS).

Figure 3. Assessment data entry screen (iOS).
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Figure 4. Single wound summary in list and graph format.

Figure 5. Chronological wound image gallery (iOS).

2.2. User trial – SmartWoundCare on Android

SmartWoundCare in a prototype Android version was subject to a small‐scale user trial.
Voluntary participants were nurses in a personal care home in Winnipeg, Canada, and they
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used the mobile app with their patients. The objective was to obtain nurses’ impressions on
the app's design, its functionality, and how it performed as a part of their daily clinical
experiences in treating patients’ wounds. Investigating patients’ experiences and patients’
health outcomes with the app was beyond the scope of the user trial.

The user trial took place in Riverview Health Centre (RHC) in Winnipeg, Canada. Riverview
Health Centre provides rehabilitation, palliative, and long‐term care. The facilities consist of
hospital and personal care home units with almost 400 beds overall, as well as community
programs and outpatient services. Riverview specializes in geriatric rehabilitation, brain
injury, and stroke rehabilitation, palliative care, and complex long‐term care.

All nurses at RHC were invited to participate in the user trial. Approximately 12 nurses
expressed interest, and after timelines and the scope of the nurses’ participation were estab‐
lished, eight nurses (three men and five women) remained willing to participate. Their
participation was entirely voluntary and was not financially compensated. The nurses all had
regular duties caring for patients with pressure ulcers or other wounds, and they were full‐
time employees of RHC. The participants had a range of experience, ranging from less than 10
years nursing experience to over 20 years in a personal care home settings specifically, and
ranged from 30 to 60 years in age.

Participants were also asked to judge themselves on their comfort with technology. Four
participants judged themselves to be “very tech‐savvy” while the other four judged themselves
to be “comfortable with common features of phones and tablets”. Participants’ confidence with
smartphone/tablet interfaces and with touch screens was self‐assessed at 4.57/5.00 (range=4.0–
5.0; SD=0.53) and 4.71/5.00 (range=4.0–5.0; SD=0.49), respectively.

To preserve anonymity, the characteristics of participants were intentionally not cross‐
referenced with one another.

The nurses received a new Nexus 4 smartphone (four nurses) or a new Nexus 7 tablet (four
nurses) with SmartWoundCare loaded and a training manual for the wound care app. They
were given a 90‐minute training and demonstration of the app. After this training session, the
nurses took the mobile devices home and familiarized themselves with SmartWoundCare
further before beginning the user trial.

The nurses used SmartWoundCare (Android version) during their nursing shifts. Smart‐
WoundCare was only used for patients who had pressure ulcers and who had consented to
participate in the user trial. Given the patient population, patient consent was provided either
directly or through a designate such as a family member. Participants used SmartWoundCare
for at least seven shifts. At times, vacation schedules interrupted data collection over consec‐
utive shifts. In most cases, participants were able to use SmartWoundCare for a longer period
(more than seven shifts), enhancing the depth and scope of their feedback. All data collection
was completed within two‐and‐a‐half months of the start of the user trial.

Using SmartWoundCare in nursing practice was an additional workload over the participants’
regular nursing duties, because it did not replace but rather it duplicated the paper chart that
forms the patient's official medical record.
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Once the nurses had been using SmartWoundCare for approximately 3 weeks, the nurses
completed an anonymous on‐line survey. This data collection instrument was timed to gain
participants’ immediate opinions and experiences of SmartWoundCare's functionality and
design. The survey was administered via Surveymonkey and included open‐ and closed‐
ended questions on SmartWoundCare features, content, look and feel, usability, navigation
between screens, assessment of its intended advantages over paper‐based charting, as well as
overall qualitative impressions of how well SmartWoundCare fits into nursing practice. An
important part of the survey was for participants to assess the commensurability of the wound
data entered into SmartWoundCare relative to data entered on paper‐based forms (scope and
format), as this forms the basis of the integrity of the app.

Six weeks later and after an initial analysis of the survey results, a focus group session was
held with the participants and the researchers. The focus group was used to probe into the
survey results. In that way, the findings of the user trial include both the immediate and the
long‐term impressions of the app's features and intended benefits, both of which are valuable
to assess functionality. The research design complied with qualitative research norms, in which
data and interpretations of data are validated by using triangulation and member checks.

The findings were then used to identify the key design issues for ongoing development of both
the Android and a subsequent iOS version of SmartWoundCare.

2.2.1. Findings

The objectives of the survey and the focus group were to obtain feedback on the design and
functionality of the app and to investigate the nurses’ experiences in using the app. The main
numerical findings discussed in this section are summarized in Table 1.

Survey parameter All parameters are ranked on a Likert‐type scale

from 1.0 (low) to 5.0 (high)

Mean

score 

Range Standard

deviation

How well‐matched is the scope and depth of the software

application to the Braden Scale tool?

4.60 4.0–5.0  0.55

How well‐matched is the scope and depth of the software

application to the PUSH tool?

4.57 4.0–5.0 0.53

Ease of entering a new patient record 4.57 4.0–5.0 0.53

Ease of finding my existing patient’s / resident’s wound

record

4.71 4.0–5.0 0.49

Ease of adding a new wound to the patient’s record 4.50 3.0–5.0 0.84

Ease of assessing a new wound for the first time 4.57 3.0–5.0 0.79

Ease of assessing an existing wound that had been previously

assessed

4.29 2.0–5.0 1.11

Screens were presented in an expected and logical order 4.17 3.0–5.0 0.75
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Survey parameter All parameters are ranked on a Likert‐type scale

from 1.0 (low) to 5.0 (high)

Mean

score 

Range Standard

deviation

Text history: this presentation is easy to understand 4.50 4.0–5.0 0.55

Text history: this presentation is helpful in understanding

wound progression

4.50 4.0–5.0 0.55

Text history: this presentation adds to my understanding of

the history of the patient's/resident's wounds and wound care, compared to not

having this text‐based history available

4.50 4.0–5.0 0.55

Graph history: this presentation is easy to understand 3.67 2.0–5.0 1.03

Graph history: this presentation is helpful in understanding wound

progression

3.83 3.0–5.0 0.75

Graph history: this presentation adds to my understanding of the

history of the patient's/resident's wounds and wound care, compared to not

having this graph‐based history available

3.67 2.0–5.0 1.03

Table 1. Numerical findings of a user trial on the android version of SmartWoundCare.

In general, findings over the user trial indicated that SmartWoundCare was easily learned and
used in the participants’ nursing duties, and that it was well‐matched to the PUSH and Braden
Scale tools. The benefit of the smartphone was that it was easily carried in the pocket of a
uniform; however, a drawback was that the text size was difficult to read. On the other hand,
tablet devices were more difficult to carry and store but had the advantage of readability.

The user trial used an Android version of the SmartWoundCare prototype, and as a custom‐
built software application, it did not always conform to users’ expectations of the look and feel
of software and how one navigates through software. Areas that caused some initial confusion
included cross‐navigation between different parts of the app, and confirming saves and
deletions of data. Subsequent development on the Android version and later the iOS version
of SmartWoundCare was a marked shift to the expected “look and feel” of mobile apps, as
opposed to a custom interface.

As an important part of validating the robustness of SmartWoundCare for its intended
application, nurses confirmed a strong commensurability in content and data entry between
SmartWoundCare and paper versions of the PUSH and Braden Scale tools. Participants
reported that the intuitive guidance accurately reflected the fields necessary for a given patient
and their wound condition.

However, SmartWoundCare was developed to do more than duplicate a paper chart, and the
user trial also investigated the nurses’ perceptions of the added intelligence in the app.
Although the user trial took place over a relatively short period of time, the nurses indicated
that they appreciated and recognized the potential of the wound histories. The text histories
were met with slightly better perception than the graph histories (Table 1), although not to an
extent of statistical significance (p = 0.05).
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A suggestion for additional features in SmartWoundCare is centred on developing a glossary
of specialized terms. This was identified as a useful feature even for experienced wound care
nurses.

Another feature of SmartWoundCare over and above paper charts are the alerts that display
to the user upon login. These alerts received mixed reviews by the users, with the primary
complaint being that the alerts needed a more prominent place within the app rather than their
location within a menu with five other menu options. In the subsequent iOS version, alerts
follow a more standard format for iOS mobile apps.

2.2.2. Wound images as the key benefit

The strongest finding of the user trial was the value and benefit of wound images (photo‐
graphs) in SmartWoundCare. Through both the survey and the focus group, nurses identified
numerous benefits for the nurse at the bedside, for the patient and their family, and for the
physician and allied health professionals. Nurses appreciated the ability to photograph the
wound and the associated ability to show the wounds to the patient on the device.

There are several benefits of wound images. At times, wounds are located on body parts that
a patient cannot directly observe, such as buttocks, heels, or the soles of feet. The wound photo
allowed them to see the wound and get a sense of its size and severity. Often, this led to a better
understanding for patients and their families regarding the importance of wound hygiene and
treatments.

Another reported benefit is the time saved with each wound assessment, which could add up
to significant time during a shift. It can take up to 20 minutes to undress, treat, and re‐dress a
wound. If another healthcare provider (e.g. physician, physical therapist, wound clinician)
asks to see the wound, the dressings need to be removed and the wound redressed after
consultation. As a first option, the nurses could show the wound photograph to others in the
healthcare team, and then a judgement was made as to whether the wound needed to be
undressed or whether the photograph met the needed information within the healthcare team.
A further advantage is when the healthcare team is consulting on a wound, the additional
information that the wound photograph provided in comparison to solely having a verbal or
written description of the wound.

Overall, the ability to add a wound history from photographs to the patient record was
recognized for its potential to reduce the number of dressing changes and thus promote
healing. The finding also supported SmartWoundCare's potential impact in telehealth.

The findings of the user trial also corresponded to other research findings related to the value
of wound photograph, which is contingent on the quality of camera equipment, photomi‐
crography (the art of photographing small objects in large scale), the orientation of the camera
lens relative to the wound, flash settings relative to consistent lighting, and duplicate photo‐
graphs [17]. Two separate studies examined measurements of wounds taken in traditional
ways compared to measurements taken from photographs. In those studies, the wounds were
venous leg ulcers and diabetic foot ulcers, respectively [24, 25]. The conventional technique to
measure wounds is to lay a transparent film over the wound, to trace the wound margin on
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the film, and then to lay the film over graph paper and count the number of squares. When
comparing this technique to measurements derived from digital images, the latter method
resulted in improved accuracy, lower inter‐observer variations, and improved ease of use.
Because the film physically touches the patient's wound and can cause irritation, the digital
photograph also had the advantage of being a non‐contact method. Another study explored
the potential of telehealth, specifically videoconferencing, compared to in‐person assessment
for pressure ulcer assessment. Both procedures led to very similar assessment of the stage of
the wound. However, the telehealth approach led to an overestimate of wound size and
volume when compared to in‐person assessment [26].

3. Algorithms for wound image analysis: wound size and colour

Given the key finding of the user trial of the significant value of wound photographs, further
work focussed on developing algorithms that would add intelligence to SmartWoundCare
relative to image analysis.

The objective of the image analysis work was to develop algorithms to determine the size of
the wound in both relative and absolute terms, and to analyse the colour breakdown of a
wound, all from an image of the wound taken by a smartphone or tablet camera. Further, this
objective was to be carried out without any peripheral or ancillary devices. Such devices, as
seen in related literature, might include templates or positioning boxes by which the user
would help the patient to position themselves and the wound, or it may include ultrasonic
transducers and additional lenses for the mobile device. Carrying out the image analysis
independent of any ancillary devices contrasts work by other researchers which, for example,
control the lighting and wound position with an image capture box when performing image
analysis of diabetic foot ulcers [27].

The application represented a general objective applicable to other fields, in that the work was
intended to produce non‐contact measurements of irregularly‐shaped images taken with a
smartphone or tablet camera, where the target range for error is <10% for images taken from
distances of up to 30 cm. Relying only on the internal smartphone sensors to generate high‐
accuracy measurements brings novelty to the work and specifically to the field of wound
management.

Each new smartphone and tablet that comes to market generally has a higher‐resolution
camera than the previous version of the device, and these progressions are often evident in
short to medium timeframes of 6–18 months. Nonetheless, consumers are still hesitant to rely
on on‐board cameras for any application that requires high precision and accuracy. In prior
work, the state of image analysis from photographs was reviewed [28]. At first instance, several
mobile apps were identified which claim to measure objects and distances in the 0.5–20 m
range [29, 30], as well as ultrasonic‐transducer that ranges for measurements in the 1–6 cm
range [31], and infrared distance measurements in the 4–30 cm range [32]. Depth‐of‐field
cameras were also considered [33–35]. That early research also explored one method for
determining distance from the camera to the wound and two algorithms to determine the size
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of the wound. Although both methods are promising, the specifications for error were not met
[28].

It is foreseeable that smartphones with dual‐lens camera will enter the market within a
timeframe of 6–24 months [36]. This development would create new and significant potential
for high‐resolution images and subsequent analysis for accurate and precise characterization.
The analysis techniques would build on the existing work in other fields, such as stereoscopic
cameras in manufacturing. Google's Project ARA, a collaborative effort to develop modular
smartphone hardware may also provide a future framework by which to include dual‐lens
cameras in mobile devices.

3.1. Overview

Three components of the image analysis work are outlined in the following sections. In the
first component referred to as Mask Image, the objective is to obtain the relative dimensions
of an object in the image (in this case, a wound), in which the size determination is relative to
the previous image of the same object. The second component, referred to as Camera Calibra‐
tion, reconstructs an image taken on an angle and references it back to a two‐dimensional (2D)
plane, in this way facilitating a measurement of the absolute or actual size of the object in the
image. The third algorithm determines the range of colours present in an image. The algorithm
separates the image into three component colours by extracting components from the red‐
green‐blue (RGB) format of the image, and by doing so, makes possible an inference of the
wound stage.

The software framework (Figure 6) in a high level abstraction consists of modules including
acquisition of the wound image, pre‐processing of the wound image, segmentation of the
wound image, recognition of the wound type, and classification of the wound. In reference to
the three major components of the analysis indicated previously, the Mask Image component
lies within the image acquisition module. Grabcut (a segmentation method [37]) and the

Figure 6. Basic application model.
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Camera Calibration component both lie within the segmentation module, and the colour
analysis component lies within both the segmentation and the wound recognition modules.

Although the wound photographs are taken with the cameras built into a mobile device
(smartphone or tablet as per Table 2) or a webcam, all of the processing takes place on a
computer. Computation times are generally in the order of seconds. Further work to have the
processing take place on the mobile device itself is ongoing, and comes with the usual
challenges of carrying out computation‐ and memory‐intensive processes on mobile devices.

Processing the photograph on a computer allows for both static and dynamic environments.
In this case, a static environment denotes an environment where both the camera setup relative
to the wound position is fixed (e.g. known, constant distance and angle, often with the use of
staging devices) and the light source is stable. A dynamic environment refers to a mobile
camera (i.e. smartphone or tablet) and/or the wound in a natural position at varying distances
and angles to the camera and in varying lighting conditions.

With a series of photographs taken in a static environment, the Camera Calibration component,
which corrects for angle by reconstructing an image in three‐dimensional (3D) space back to
a 2D plane, only needs to be done once and the correction can be applied to the entire series
of photographs. In a dynamic environment where distance and angle between the wound and
the camera vary with each photograph, the Camera Calibration component needs to be done
for each image.

Table 2 summarizes the hardware and software specification applied in this work.

Nexus 4 (LG‐E960) MacBook Pro

Krait Quad‐core 1.5 GHz Processor 2.6 GHz Intel Core i7

Display resolution 1280 × 768 Memory 8 GB 1600 MHz DDR3

Camera resolution 8MP (3264 × 2448) Graphics Intel Iris Pro 1024 MB

High Performance Adreno 320 GPU Software OS X 10.9.5 (13F34)

Bluetooth 3.0 BLE

Wi‐Fi 802.11 a/b/g/n Software

Android 4.2 (Jelly Bean)

Samsung Galaxy S4 Android NDK r9d

ARM Cortex‐A15 Quad‐core 1.9 GHz processor OpenCV 2.4.9 Android SDK

Display resolution 1080 × 1920 Python 2.7.10

13+ megapixel camera Numpy

Bluetooth 4.0 Matplotlib

802.11 a/b/g/n OpenCV 3.0.0
Matlab

Table 2. Hardware and software specifications.
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3.2. Mask image for relative size

The first two components of the image analysis work, Mask Image and Camera Calibration,
are used to determine the relative size and the absolute size of a wound, respectively, from the
wound photograph. Figure 7 expands the first two modules of basic software framework in
Figure 6, specifically the image acquisition module and the image pre‐processing module. The
Mask Image component is situated within these modules.

Figure 7. Image acquisition and pre‐processing flowchart.

Wounds are generally three‐dimensional, with volume below the skin surface. Wounds can
also exhibit undermining, which refers to a wound that is larger at its base (below the skin)
than the opening at the surface of the skin suggests, creating a cavity below the surface of the
skin. Tunnelling refers to wounds, similar to undermining, which have channels (rather than
cavities) below the skin surface.
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As noted earlier, conventional methods to measure wound dimensions and/or area often use
contact methods, in which adhesive strips or transparent films are laid around or on the
wound, respectively, and wound edges are noted on the strips or films. The strips or films are
then read directly for size or overlaid on to graph paper or rulers for measurement. The depth
is generally measured with a cotton‐tipped applicator to the deepest part of the wound.

Two approaches in the literature to automatically determine the size of a wound include grid
capture and scanner capture. Grid capture is a hybrid of conventional contact methods and
digital image analysis. In this case, a transparent film with a marked grid is placed on the
wound and the wound perimeter is traced on to the film. The film with the tracing on a known
grid is then the basis from which the dimensions and area of the wound can be calculated with
a software application [38]. This approach has the advantage of basing the calculation on a real
tracing of the wound perimeter and a known grid, thus capturing the near‐real orientation of
the wound. However, the disadvantage remains the potential for discomfort to the patient
when the film rests on the wound.

In another approach denoted as scanner capture, a box with two internal mirrors is constructed
as a template. The box has openings for a mobile device and an LED light source. In the scanner
capture approach developed by others, a box with two mirrors inside is placed at 45 degrees
relative to the horizontal, with openings for a smartphone and an LED light source [27]. The
patient rests their foot in the box, and in this way, the setup maintains a constant distance
between camera and wound and constant lighting conditions. While the computation remains
intensive, the advantage of this method is that these two conditions serve to simplify the image
processing requirements. The disadvantage of this method is the reliance on ancillary staging
devices, and the setup will be impractical for certain areas of the body.

In this work, the objective of the Mask Image component is to obtain the comparative dimen‐
sions of an object in the image relative to a previous image of the same wound. An initial
photograph is taken, from which a transparent digital ‘mask’ of the wound is created. The user
then overlays or aligns this digital mask to the wound for the subsequent assessment and
photograph (Figures 8 and 9). While most of the perimeter is expected to align between the
mask image and the wound in its current state, one can reasonably anticipate that if the wound
is either healing or deteriorating, portions of the perimeter between the digital mask and the
wound in its current state will differ. The algorithm compares the digital mask to the current
wound image, recognizing and aligning wound perimeter, and estimating the relative size
difference. From this size difference, either healing, deterioration, or no change is inferred. The
result is given as a percentage change in the area of the most current image relative to the
previous digital mask image.

The mask image or mask overlay essentially serves to provide a point of reference when
aligning the wound for the current assessment with its previous condition. As such, the point
of reference does not necessarily need to be the transparent mask overlay. A medical tattoo
could also act as a point of reference. In this case, it would be either a temporary or permanent
skin marker or pattern (e.g. three dots) close to the wound. This marker or pattern would be
used each to create a digital overlay which would provide the point of reference when aligning
the camera for all subsequent photographs.
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Figure 8. Creating a mask image from the wound.

Figure 9. Overlay of mask image to new wound.

The Mask Image component of the work provides the relative size of the wound from one
assessment to the next. Users can choose to create one digital mask and compare all subsequent
photographs to the initial digital mask; alternately, users can create a new digital mask at each
wound assessment so that wound size comparison is always to the most recent assessment. A
combination of the two methods is also possible. The advantage of the method is the absence
of direct contact with the wound, thus preventing patient discomfort. Another advantage is
that no additional devices to the camera or to the patient (e.g. props) are required. The error
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inherent in the approach is largely determined by the user's dexterity in aligning the digital
mask over the current wound. A limitation of the method is that wound depth is not considered
in the calculation. A further limitation of the method is that the outcome is a relative size of
the wound rather than an absolute size. When an absolute size of the wound is desired, the
Camera Calibration component is implemented.

3.3. Camera calibration for absolute size

Figure 10 shows the Camera Calibration component within the basic software framework
outlined in Figure 6.

Figure 10. Size estimation with segmentation flowchart.

Grabcut, a segmentation method used to differentiate an object (in this case, a wound) in the
foreground from its background (in this case, the surrounding skin or body part), is applied
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in this module. Grabcut accomplishes this by using colour information to compare side by side
pixels and also by using edge or contrast information to identify an object in an image. Further,
Grabcut uses progressive iteration and runs the process multiple times to optimize the results.
The result is a segmented image (the foreground object, in this case, a wound). This segmented
image is then used in the Camera Calibration component as well as the third component of
colour analysis. While other segmentation algorithms are available, Grabcut is considered an
efficient algorithm and has the benefit of minimal user interaction [37], which was a require‐
ment in this work. An example of Grabcut applied to wound photographs is found at https://
youtu.be/Iyvochswrws.

The purpose of the Camera Calibration component is to take an image photographed on an
angle and reconstruct or reference it back to a two‐dimensional plane. Essentially, the Camera
Calibration module computationally achieves one of the objectives of the scanner capture box
[27] in terms of aligning the wound to known and fixed positions relative to the camera. The
Camera Calibration component uses a known pattern with 13 or more fixed reference points,
and applies the Tsai2D algorithm [39, 40] to obtain a reconstructed image of the wound. Since
the distance between the points are known from the calibration model, the view angle can be
calculated and the image can be reconstructed on a 2D plane. From here, the size of the wound
can be calculated. Like the Mask Image component, the Camera Calibration component also
does not identify depth or volume of wounds. This is a known limitation, given that surface
size and area alone are an incomplete descriptor of wounds.

A chessboard pattern was chosen as the pattern. This was found to be effective for photographs
taken in static and dynamic conditions. Similar to the conventional approach of placing an
adhesive ruler near the wound to measure size, the chessboard pattern is placed close to the
wound and then photographed. The inherent assumption is that the wound and the pattern
are in the same two‐dimensional plane. Given that the chessboard pattern is known and fixed,
the planar orientation of the pattern in the photograph can be calculated and then the image
corrected accordingly. This approach has been shown to be effective in calculating the
dimensions of a soccer field, in which a top (plan) view of the field was reconstructed from
images taken on an angle, using Camera Calibration [41]. In this work, the chessboard pattern
is used for calibration to obtain the extrinsic matrix of the wound. The extrinsic matrix provides
information on the camera location and the view direction, allowing for translation and
rotation to the two‐dimensional plane.

Figure 11 demonstrates the Camera Calibration sequence at a high level. The red lines denote
the objects which were detected, i.e. the dark squares. The algorithm finds the centre of each
square and applies the Tsai 2D algorithm to process the coordinates. The blue lines show the
scanning sequence. The green lines are the re‐projected lines from the model points to the real
world coordinates, as an indication of the success of the Camera Calibration algorithm. If the
green lines were curved or otherwise irregular, this would indicate that the projection back to
a two‐dimensional plane was not successful.

Figure 12 shows the Camera Calibration component applied to a wound. The wound was
photographed at an angle and then re‐projected on a two‐dimensional plane at 90 degrees to
the viewer.
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Figure 11. Original and re‐projected planes.

Figure 12. Wound image before (left) and after (right) reconstruction.

While the Mask Image component results in a relative size of the wound and the Camera
Calibration component results in a corrected orientation and an absolute size of the wound,
taken together, they allow for more accurate calculations. When applied to a Canadian dollar
coin (26.5 mm diameter with eleven edges), the actual size was determined with an error of
<1%.

A demonstration of the Camera Calibration module is available at https://youtu.be/
OiJk3nMymSE.

3.4. Colour analysis

The third algorithm focuses on colour analysis of the wound. It determines the range of colours
present in an image, separating the image into three component colours by extracting com‐
ponents from the red‐green‐blue (RGB) format of the image and presenting them in a histo‐
gram. These data can then be fed into an expert system to infer the stage of the wound. Figure 13
shows the Colour Analysis component within the software framework outlined in Figure 6.
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Figure 13. Colour analysis flowchart.

Pressure ulcers will be assessed as one of six stages (stage I through IV, Suspected Deep Tissue
Injury, and Unstageable) [42]. Because the current work is unable to calculate the depth of the
wound, the last two categories (both of which are wounds with some depth below the skin
surface) have been combined as Unstageable. In addition to wound depth, other factors that
determine the stage of a wound include skin condition (intact or broken), tissue loss, the colour
of the skin, tissue, and wound bed, and the presence and nature of discharge.

To analyse the colour of a wound, the algorithm uses an RGB format of the image and
determines the presence of the three component colours. Each component colour has a defined
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range, although the user can adjust that range or calibrate the range for variable lighting
conditions.

While segmentation is not mandatory, the results of the colour analysis component are much
more accurate if done on a segmented image, as this allows the algorithm to disregard the
background (Figure 14 images taken from http://reference.medscape.com/features/slideshow/
pressure‐ulcers).

Users can also consider hue, saturation, value (HSV) and red‐yellow‐black (RYB) formats for
colour analysis. Hue, saturation, value (HSV) format responds to lighting, and as such, it may
be a good option when one wants to tune the colour more specifically. RYB (red‐yellow‐black)
has a fitting relationship to wound stages, and RGB results can be converted to RYB. The
approximate ratios of red, yellow, and black correlated to wound stages are shown in
Figure 15. Wound stages I and II rely only on red, but are differentiated on the intensity of the
red in the image. The subsequent wound stages are differentiated on the proportions of each
of the three colours in the image. The error inherent in this method depends to some extent on
the definitions of colours set by the user. A recommendation is to associate this component
with a machine learning component, once a large enough data set is collected. In this way,
colour parameters can be more precisely defined.

Finally, expert systems can be developed to determine wound stages from the RGB and/or
RYB data. This again relies on collecting a sufficiently large data set. Alternatively, support
vector machine (VSM) or another machine learning algorithm can be applied to determine the

Figure 14. Histogram results before and after segmentation.
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stages of a wound. In the current work, the framework for an expert system is in place. The
next step is to collect and populate the expert system with training data.

An example of the colour analysis on wound photographs can be viewed at https://youtu.be/
Iyvochswrws.

Figure 15. RYB output correlated to wound stage.

4. Conclusion

SmartWoundCare as a mobile wound management prototype demonstrates the wide rele‐
vance of mHealth for applications within healthcare facilities and their integration with larger
EMR and eHealth systems, as well as the application of telehealth to connect underserved
communities. Community health and home‐based care is an equally important and in some
way a more urgent implementation. For example, nurses of the Winnipeg Regional Health
Authority alone carry out 450,000 wound visits per year in its Home Care program in clients’
homes. Particularly in home‐based care, the integration of SmartWoundCare with a suite of
mHealth tools is a natural extension. A logical partner app for SmartWoundCare is diabetes
monitoring, as well as novel pre‐emptive applications such as an early warning system for
injury or damage to diabetic feet due to neuropathy [43].

SmartWoundCare and other mHealth applications also illuminate opportunities in Big Data,
in which a community of users generate data – in this case, a wound database – from which
relevant trends in wound diagnosis and healing can be extracted and form part of the body of
knowledge in wound care.
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