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Preface

In many parts of the world, average life expectancy is rising consistently, and at the
same time technology is developing at a dramatic pace. This means completely new
options for the diagnosis, treatment, and follow-up of diseases and disabilities of the
older people and also new options to improve the quality of life by promoting an
active and healthy aging lifestyle at population level.

The main objective of this book is to disseminate information and knowledge in
the field of gerontechnology, a topic that on the one hand is considered a specific
field of interest for technology experts (e.g., computer scientists, engineers, bioen-
gineers, biostatisticians), but on the other hand often still has a relatively low diffu-
sion of expertise among clinicians and other health professionals who are involved
in the care of the older people.

Indeed, nowadays, telecare and telemedicine, domotics and robotics, artificial
intelligence and decisional algorithms are all terms that have entered the common
vocabulary, and for which interest has also grown in the public area, as well as in
research and funding agencies. We note that outstanding results are emerging in sci-
ence, which suggest that older people in particular will benefit from these techno-
logical developments. It is important to implement these successes into daily clinical
practice as early as possible and to inform the population about potential new diag-
nostic and treatment options through these technological advances.

The book presents the technical developments that are currently beginning to
influence the clinical and care management of diseases and disabilities of the older
people, with the final aim to positively influence quality of life. These include
Information and Communication Technologies (ICT), such as electronic medical-
health records and online healthcare services, Assistive Technologies (AT), such as
behavior and motility monitoring sensorial tools, smart homes, and telemedicine
tools, and Human—Computer Interaction Technologies (HCI), such as robots for
supporting mobility or cognition, humanoid robots, exoskeletons, and rehabilita-
tion robots.

The presentation of these topics has been divided into three thematic blocks: (1)
Technologies in a world of aging people; (2) Specific clinical applications of the
technologies in the older people; (3) Older people and technologies including the
issues of education and training of older people, their caregivers and healthcare
professionals on the technology challenges and possibilities as well as of the experts
in technology such as engineers, informatics, and techno-designers on the basic
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concepts of the aging process and its effects on sensorial, behavioral, and lifestyle
modifications that may occur in old age. The last two chapters venture a look into
the future of geriatric medicine: they discuss the role of artificial intelligence in
helping clinicians and patients to take clinical decisions, and the use of bio-
technologies to understand the mechanisms of active and healthy aging, frailty, and
resilience.

As the development of the topic has picked up speed again, especially in the last
few years, we hope to provide the reader with a state-of-the-art overview of the most
relevant recent developments across all major areas of the above pillars. We also
hope that by presenting these technical developments in a condensed way, we can
trigger new ideas and considerations that will further benefit the aging population in
terms of their health status and quality of life.

Bari, Italy Alberto Pilotto
Kiel, Germany Walter Maetzler
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Technology in a World of Aging People



Check for
updates

Gerontechnology: Definitions
and Classification

Alberto Pilotto, Erica Volta, Marina Barbagelata,
and Carlo Custodero

1.1 Introduction

With the growing elderly population, worldwide estimated to more than double by
2050, the increased demand of healthcare for older people, also based on technol-
ogy solutions, is rapidly spreading. This demographic transition brings a further
challenge, namely that countries and societies all around the world must face the
crescent prevalence of disabilities, chronic diseases, and frailty, i.e., all clinical con-
ditions, driven by age-related bio-psycho-social changes, associated with a high risk
for health adverse outcomes [1]. Since these conditions are multidimensional in
nature, with clinical, physical, psycho-cognitive, and socio-economic factors

A. Pilotto (<)
Department of Geriatric Care, Orthogeriatrics and Rehabilitation, Galliera Hospital,
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Department of Interdisciplinary Medicine, “Aldo Moro” University of Bari, Bari, Italy
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playing a part in their development and evolution [2], their assessment and manage-
ment require a multidimensional approach based on the Comprehensive Geriatric
Assessment (CGA) [3], which is the “gold standard” in geriatric clinical prac-
tice [2, 3].

In this scenario, the development and implementation of information and com-
munication technologies (ICT), assistive technologies, and human-computer inter-
action technologies are important opportunities to provide new ways to improve the
quality of life as well as new solutions to monitor health parameters and follow-up
clinical disorders in older people (Fig. 1.1). Indeed, developing e-health technolo-
gies has been highlighted as a possible solution to the limited capacity of the public
healthcare systems as well as the structural weakening of the private- and family-
based care systems for the older citizens [4].

Nowadays, telecare and telemedicine, domotics and robotics, artificial intelli-
gence, and decisional algorithms are all terms that have entered the common
vocabulary (Table 1.1), and for which interest has also grown in public informa-
tion, as well as in national and international research and implementation funding
programs. However, there exists a potential gap between media information, the
results of scientific research, and the application of health technologies in clinical
practice.

In this chapter, we present an overview of the different definitions and classi-
fications of technologies applied and potentially useful for older people, with a
specific focus on healthcare and from a geriatric clinical point of view [5]
(Table 1.2).

Fig. 1.1 Gerontechnology
is at the core of the
interdisciplinary field
linking existing and
developing technologies
designed, applied, and
implemented to satisfy the
aspirations and needs of
the older people to improve
their healthcare, safety, and
quality of life. AAL

Ambient Assisted Living;
ATs Assistive N
Technologies; m-Health y
mobile Health /
| Tele- - '~'.'_'\' [ ATs
medicine N
...\\ /. f Diglta| \_\..... _,-"..

4 T | -
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Table 1.1 Gerontechnology: definitions

Terminology

Ambient assisted
living (AAL)

Artificial
intelligence (AI)

Assistive technology

Big data

Digital heath

Digital literacy

Domotics

e-health

Exergames

Definitions

Products and services aimed to constitute intelligent environments to
improve the quality of life of older people and help them live an active
aging.

The field of computer science that studies whether and how intelligent
computer systems, able to simulate the capacity and behavior of human
thought, can be realized. Examples of cognitive components considered
by the Al include: Interaction with the environment, learning and
adaptation, reasoning, planning, and decision-making. The main
applications of Al also include machine learning and deep learning
techniques.

Any device or system that allows individuals to perform tasks they
would otherwise be unable to do or increases the ease and safety of
activities.

A broad term used to refer to the huge volume of digital information. It
is not only generated by traditional information exchange and software,
but also by sensors of various types embedded in a variety of
environments: hospitals, metro stations, markets, and virtually every
electrical device. Big data exceeds the capacity of traditional data
management technologies: this presents a challenge not only for the
storage of large volumes of data but also for new capabilities to analyze
this huge volume of data.

A broad umbrella term that integrate e-health and emerging areas, such
as advanced computing sciences in big data, genomics, and artificial
intelligence. It is about the proper use of technology for improving the
health and well-being of people at individual and population levels, and
to improve patient care of patients through intelligent processing of
clinical and genetic data.

Skills and techniques needed to use information and communication
technologies.

Domotics (from the Latin word “domus”, house) is the encounter of
information technology, electrical engineering, and electronics that make
an environment like a home “smart”. It comprises sensors and control
systems, devices and automations to increase the quality of life and
comfort of the domestic space (e.g., monitoring home temperature,
lighting, security systems, and many other functions).

The use of information and communications technology (ICT) to support
health and related area. The term characterizes not only a technical
development, but also a general attitude and thinking to improve health
care by using ICT.

Games that combine virtual, visual, and graphical support with real
exercise: peoples’ movements are detected by the technology giving
them the opportunity to interact in the context of the game or to receive
feedback and advice to improve fitness and skills. It is also used in the
medical setting, e.g., for the rehabilitation of patients with neurological
disorders.

(continued)
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Table 1.1 (continued)

Terminology
Genomics
Geriatrics
Gerontechnology
Information and

communication
technology (ICT)

Internet of things
(IoT)

m-health

Machine learning

Robotics

Smart-homes

Tele-health
Tele-medicine

Virtual reality

Definitions

The study of the complete set of DNA (including all genes) of a person
or other organism. It contains all the information needed for a person to
develop and grow.

Branch of medicine concerned with the diagnosis, treatment, and
prevention of diseases in older people and the problems specific to aging.
An interdisciplinary field linking existing and developing technologies to
the aspirations and needs of older people.

Set of technological tools and resources used to transmit, store, create,
share, or exchange information. ICT includes computers, the internet
(websites, blogs, and emails), live broadcasting technologies (television
and webcasting), recorded transmission technologies (podcasting, audio
and video players, and storage devices), and telephony (fixed or mobile
and video conferencing).

IoT consists of web-enabled smart devices that use integrated systems,
such as processors, sensors, and communication hardware, to collect,
send and act on data they acquire from their environments. The devices
do most of the work without human intervention, although people can
interact with them — for instance, to set them up and give them
instructions or access the data.

The use of Mobile wireless technologies for health. It includes for
instance wearables, such as smartwatches, and mobile apps.

Branch of the computer science and artificial intelligence (AI) devoted to
the use of big amount of data and algorithms to imitate the way humans
learn, gradually improving its accuracy, learning from the experience.
Branch of technology that deals with the design, construction, operation,
and application of robots, as well as computer systems for their control,
sensory feedback, and information processing. In recent years, the field
of robotics has begun to overlap with machine learning and artificial
intelligence.

Residences that use internet-connected devices to enable the remote
monitoring and management of appliances and systems, such as lighting
and heating. It is linked to the concept of domotics.

The use of telecommunications and virtual technology to deliver
healthcare outside of traditional healthcare facilities.

The delivery of healthcare services where patients and providers are
separated by distance.

An artificial environment which is experienced through sensory stimuli
(such as sights, sounds, and tactile) provided by both hardware (e.g., an
headset) and software, and in which users can freely move and interact to
perform predetermined tasks and attain goals—e.g., learning.
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Table 1.2 Clinical classification of Technology in Geriatrics

Digital Health, e-Health,
Information and
Communication
Technologies (ICT)
Internet systems,
telephone-based support

Assistive Technologies (AT)

Behavior monitoring tools
(i.e., sensors and warning

Human-Computer Interaction
Technologies (HCIT)

Assistive robotics (i.e., robots for
supporting people with mobility or

groups, webcams, and
videoconferencing
Online services and
electronic medical-health
records

systems that alert caregivers) cognitive limitations)
Smart homes tools (i.e.,
sensors and systems to
predict abnormal and
potentially dangerous
ambient conditions)
Telehealth or telemedicine
tools (including remote data
exchange between patients
and caregivers or healthcare
professionals)

Video systems that allow
patients to interact with other
people

Humanoid robots, service robots,
and companion-type robots

Exoskeletons and rehabilitation
robots (i.e., to perform physical
and mental activities with the aim
to maintain or training physical
and mental activities and
rehabilitation)

1.2  Digital Health, e-Health, Information and
Communication Technologies (ICT)

In 2019, WHO defined Digital Health as “a broad umbrella term encompassing
e-health, information and communication technologies (ICTs) as well as develop-
ing areas such as the use of advanced computer sciences, including the topics of ‘big
data’, genomics, and artificial intelligence” [4].

Indeed, the term “digital health” has been used in the literature since the 1990s,
concerning the provision of healthcare rather than the use of technology. Also, the
use of personal data and information for the care of subjects, both at population and
individual levels, has been highly emphasized. A dominant concept in digital health,
however, is the mobile health (mHealth), which is related to other concepts such as
tele-health, e-Health, and big-data analysis and artificial intelligence (AI) in health-
care [6]. Examples of mobile health systems are mobile apps for health monitoring,
contact tracing, and wearable technologies.

An interesting classification of digital health interventions has been made by the
WHO in 2018 [7] presenting the different ways in which digital and mobile tech-
nologies are being used and spread to support health system needs. According to
this taxonomy, ICTs and digital technology applications have been classified by
four different perspectives: (1) users, (2) healthcare providers, (3) health system
managers, and (4) data services. Examples of technology applications for these user
groups include: for users (1) the apps that in the last 2 years were created all around
the world for the COVID-19 pandemic tracking contacts and vaccination certifi-
cates [8]; for healthcare providers (2) the biometrics data collection through
smartphone-based systems or electronic medical records [9]; for health system



8 A. Pilotto et al.

Users Healt.hcare Health system Fatn <aryices
providers managers
Digital Health
solutions
Internet of Assistive Assistive Tele-
L I Tele-health - Ith
Eniealiy Things robots sl technology medicine

Fig. 1.2 Digital health solutions to support healthcare system needs according to four different
stakeholders’ perspectives: (1) users, (2) healthcare providers, (3) health system managers, (4) data
services

managers (3) the implementation of sensors to monitor temperature and stability of
vaccines [10]; and for data services (4) the use of predictive analytics, based on
machine learning and Al algorithms [11] (Fig. 1.2).

1.3  Assistive Technologies (ATs)

Assistive technologies (ATs) can be defined as computer-based tools aimed to main-
tain or reach specific goals in terms of motor and cognitive functionality, quality of
life, and independence. In older population, ATs represent a functional element to
keep older people’s independence and to increase their safety. In this umbrella term,
it can be included technologies such as: (i) behavior monitoring tools, i.e., sensors
and warning systems that alert caregivers whenever the care recipient changes loca-
tion or behavior, (ii) smart homes tools that predict abnormal and potentially dan-
gerous behaviors, and (iii) telehealth or telemedicine tools, including passive
monitoring systems, remote data exchange between patients and caregivers or
healthcare professionals, and video systems that allow patients to interact with other
people staying inside or outside the home [5].

1.3.1 Tele-Health and Tele-Medicine Services

The recent COVID-19 pandemic scenario called for a reduction of the traditional
medical visits and an increase in the development and implementation of telemedi-
cine and tele-health services. Indeed, during the last years a very high number of
recommendations regarding how clinical activities could change from traditional to
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digital-based practices, especially considering geriatric patients, have been reported.
A recent review [12] suggested that while telemedicine could offer futuristic prom-
ise for essential healthcare services for older people, the extent of these services via
telehealth appears to be currently limited, especially in low- and middle-income
countries. Moreover, optimizing tele-health services, making them easily accessible
to older people requires greater government investments and active engagement
with broad participation of older people, their caregivers, physicians, and all health-
care providers, technology experts, and healthcare policymakers. Indeed, many
examples of clinically useful and cost-effective applications of telemedicine and
telehealth programs in clinical practice do exist including computer-assisted soft-
ware and apps to facilitate diagnosis, follow-up, and management of subjects
affected with geriatrics conditions including sarcopenia, mobility disorders,
anorexia of aging, cognitive impairment and behavioral disorders, neurological and
cardiovascular diseases [13, 14].

Another relevant topic that emerged during the COVID-19 pandemic in relation
to the health of the older people is social isolation. It is well known that social isola-
tion is an established risk factor for several negative health outcomes including falls,
delirium, and behavioral disorders. Furthermore, it is associated with lack of clini-
cal follow-up and poorer control of chronic conditions (such as diabetes, depres-
sion, and cardiovascular diseases) as well as a decreased adherence in prevention
programs in oncology (screening and treatments) and infective diseases (vaccina-
tions). To reduce the negative impact of social isolation among older adults, many
psycho-social frameworks have been developed to provide geriatric assessment and
management programs by using tele-health digital services. A home-based tele-
health program may enhance older person’s quality of life and it can also be used to
deliver rehabilitation programs directly at home.

In this context, however, it is important to recognize, in order to reduce them,
the barriers and difficulties in implementing technological solutions as part of rou-
tine medical care, particularly for older people: (a) limited access to efficient inter-
net web may reduce the opportunity of effective telemedicine/telehealth programs
especially in rural and low economic areas; (b) high costs of mobile (smartphone,
tablets) and fixed (PC platforms) devices may increase a disparity in accessing to
digital health services; (c) reduced digital alphabetization by older people and low
level of information and training of elderly in using technology; (d) a very low
grade of design adaptation of the current apps and devices to the characteristics of
older people considering the age-related physiological reaction times and the
psycho-physical and sensorial limitations (i.e., visual and hearing deficits).

Designing telemedicine and telehealth protocols in geriatric care should be the
product of a strong interdisciplinary human-computer interaction (HCI). In fact, a
deep interaction among technology professionals, healthcare professionals, older
subjects, and their caregivers is required to develop greater usability and ergonom-
ics of the currently available technologies. Moreover, a deep analysis of the design-
ing and developing phases of technological solutions is necessary to assess whether
technologies meet various requirements and needs of different end-users (e.g.,
healthcare professionals, patients, and caregivers) [15].
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At the core of the agenda, there is indeed the promotion of internet technologies
among the elderly population. Surveys all around the world reported that older
adults and their caregivers are interested in acquiring ICT skills with reported posi-
tive impressions and relevant benefits linked to the use of ICT technologies by the
older people improving the follow-up of chronic disorders such as hypertension and
cognitive impairment, reducing social isolation and depression, and finally warrant-
ing a better quality of life and psychological well-being [16, 17]. However, a recent
survey among geriatricians published by the Italian Society of Hospital and
Community Geriatrics (SIGOT) [18] revealed that telemedicine and telehealth are
still relatively poorly practiced mainly due to infrastructural difficulties and poor
technological education for both healthcare workers and older people. All these dif-
ficulties must be addressed with attention in the next future to really exploit the
efficacy of ICT application in the geriatric clinical practice.

1.3.2 ATsfor“aging in place”: From Exergames to Virtual Reality

The current trend in gerontology and geriatrics sciences is to encourage the concept of
“aging in place”, where the older people remain in their own homes and communities.
This is considered the best solution in terms of health, quality of life, and social con-
nections for older people, as well as in economic terms. At the same time, aging in
place also represents, as recently reported by the World Health Organization [19], a
potential risk factor for injuries and negative health outcomes, since older people liv-
ing alone represent a particularly vulnerable population requiring special attention.

Moreover, although it is well documented the health benefit of physical activity
in the aging population, sedentary lifestyle is largely reported among older people.
Indeed, active aging and independent living are the pillars of the policy actions of
the Western countries and the development of technological solutions to help older
people to be active and maintain their independency for longer times is a health
policy priority.

In this context, ATs that monitor and manage the physical environment [20] and
the personal characteristics of subjects including mobility and cognitive parameters
[21] may have an important role in maintaining and improving the functional capa-
bilities of older people and at the end the chances for a successful aging in place [22].

Another promising topic, developed as ICT solutions for supporting patients liv-
ing with mobility difficulties and cognitive impairments and their caregivers, is rep-
resented by the ATs based on exergames and virtual reality scenarios.

In general, the term exergames indicates games controlled by physical activity
and body movements of the player (the name exergame is derived from “exer-
cise” + “gaming”). There is a large body of literature on exergames sustaining their
application, if properly designed, as useful tools to improve seniors’ engagement in
physical activity, in an effective and attractive manner, by integrating different train-
ing principles and implementing motivational support. Exergames may require
movement-based controller systems (e.g., haptic, or gesture-based input devices), or
full-body movement interaction, demanding different motor and cognitive functions
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and other health parameters that are targeted by the exergame while playing.
Gerontology research has provided insights into the impact of exergame-based pro-
tocols on motor and cognitive abilities of older people. A recent review provided an
extensive overview of existing studies on exergames effects on older adults’ physi-
cal activity [23] and thus supporting the use of exergames in geriatrics, through an
increase of motivation and engagement of older people in physical activity. Further
recent data suggested potential effectiveness of exergames to treat age-related
chronic diseases including cognitive impairments and dementia [24]. Exergaming
has also been described as an innovative and safe way to design enjoyable high-
intensity training physical programs in older age. Finally, the so-called social exer-
games solutions, on the other hand, are intended to answer the needs of improving
active and healthy aging in the older people by including joyful and purposeful
physical activity while simultaneously stimulating social interaction to counteract
isolation and loneliness.

In this area, some AT solutions are based on videogames and virtual reality. A
recent review [25] reported that virtual-reality training is indeed an effective inter-
vention to improve the functional mobility of older people compared to traditional
methods. Moreover, thanks to its effect on motor activation and rehabilitation,
virtual reality has promising application also in the psychogeriatric area as a ben-
eficial tool to enhance care of the cognitive and affective disorders of older popu-
lation. Indeed, in the last decades, virtual reality led to a shift from two-dimensional
non-immersive perceptions to three-dimensional fully immersive experiences,
allowing more sophisticated simulations of the environment. For this reason, vir-
tual reality has been widely applied in several clinical settings including geriatrics
resulting effective in screening and training of older subjects with cognitive
impairment [26].

1.4 Human-Computer Interaction Technologies: Robotics
and Their Assistive and Social Dimensions

Recent studies underlined that assistive robot can support older people during
everyday tasks, contributing, at the same time, to maintain personal mobility as a
supportive tool. Indeed, what robotics added to ATs is the physical interaction, when
robot provides functional assistance to mobility tasks to humans with some motor
difficulties [27]. Moreover, assistive robots can also support caregivers and health-
care professionals, e.g., nurses and clinicians, during their working routine, helping
them with assessment and management of older patients who need repetitive tasks
to improve their physical impairments [28].

In the last years, many prototypes of assistive robots have been released, to keep
people independent as much as possible. The literature on assistive robotics univer-
sally stresses the importance of the designing phase of the project. Involving since
the beginning the end-users in co-designing cycles of interaction allows better fit
between users’ needs and robot services, and thus the acceptability by the market.
Co-designing with users can have different levels of participation (from drafting the
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initial concept together, to asking feedback on a prototype), and it has proven to
enhance the usability and the acceptability of products [29].

Curiously, in the literature, there are few examples of co-designing processes
that also involve caregivers and healthcare professionals. However, formal and
informal caregivers are also fundamental stakeholders to be involved in the design
phases as they may add relevant perspective, for their first-person involvement in
the functional and healthy problems of the older subject, helping him to move in and
around the house or to complete their everyday tasks. A robot might intervene to
relieve caregivers’ burden. Similarly, formal caregivers may have an important role,
due to their expertise “on the field” on physical and cognitive problems of the older
subject and his/her everyday management. Therefore, both formal and informal
caregivers potentially could be the final end-users of an assistive robotic service as
well as the patients [30].

Assisting the mobility of frail older people is not the only area in which assistive
robots can intervene efficiently. Mental healthcare is another important area of
application of assistive robotics. A recent review [31] addressed the role of social
robotics in psychogeriatrics. Interestingly, the authors classified the assistive robot-
ics used in this field as: (i) robotic pets, (ii) social robots, and (iii) telepresence
robots. The first category includes all the products that have an animatronic design;
social robots are those with capacity of conversation, emotion recognition, and body
language projection used for robot-human interaction. Telepresence robots require
a remote control, since they do not have autonomous behaviors. The final conclu-
sions, however, indicated that robotics is still in the early stages of clinical applica-
bility at least in psychogeriatric.

Indeed, the clinical settings where assistive and social robotics may be applied
are very extended, e.g., hospitals, nursing homes, patients’ and caregivers’ private
homes, and for different tasks.

In a future perspective, robotics can enable clinicians to treat more patients, par-
ticularly if the robots will be broadly applied in persons’ houses to help observe and
assist with activities of daily living, or to ensure prolongation of interventions.
Additionally, robots could reduce the healthcare costs for patients. Finally, assistive
and social robots may be an answer to support people who live in remote areas,
where access to clinicians may be limited (e.g., rural areas), possibly reducing
health disparities.
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Clinical Application of Technology: Why
Are they Needed, How to Implement,
and What Challenges

Jennifer Kudelka and Walter Maetzler

2.1 Why Do We Need Technology?

The idea that technology could play a leading role in most areas of the healthcare
system today and in the future often arouses mistrust, especially among geriatric
patients. There are concerns about inaccessibility to technology, poor security of
personal data, increased costs, and lack of skills to use technology [1, 2]. In order to
reduce these fears, it is crucial to communicate that the implementation of technol-
ogy, especially in the geriatric field, comes with enormous benefits for the patients
themselves. These are presented in the following as well as in Figure 2.1.

2.1.1 What Can Technology Do for Patients?

2.1.1.1 Increase Convenience

One of the most important benefits of the use of technology in direct patient care is
the increased convenience for patients [3]. By using telemedicine, it is possible to
attend medical appointments from home or from any location. For working patients,
this offers increased convenience, for example, by allowing them to attend a consul-
tation appointment from their workplace. Other patients save themselves long and
cost-intensive journeys, especially for specialist care, the search for a parking space,
and the waiting time at the doctor’s office, which is also associated with a risk of
infection through contact with other patients. For example, one study showed that
telemedicine visits saved patients with Parkinson’s disease (PD) an average of
100 miles of travel and 3 h of time compared to in-person visits [4]. In addition,
remote monitoring can potentially help reduce unplanned hospitalizations [5].
Although increased convenience is a significant factor in the compliance and
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Fig. 2.1 There are many benefits related to the application of gerontechnology. Most of the ben-
efits, however, are not only attributable to one of the three groups (patient, professional team
(TEAM), healthcare system (SYSTEM)), but to several. In addition to the overlapping benefits, the
figure also suggests a weighting of the benefits in favor of the patients

adherence to therapy of younger and less affected patients, geriatric patients in par-
ticular benefit most from the increased use of telemedicine. Geriatric patients, by
definition, suffer from multiple chronic conditions as well as an increased age-
related vulnerability. As a result of these conditions, geriatric patients are likely to
have limited mobility, making it more difficult to visit a doctor. Thus, severe illness
has been associated with increased effort to access healthcare services and/or poorer
care from the healthcare system. Technological aids can help to soften this imbal-
ance in the future [6].

2.1.1.2 Improve Care for Patients in Remote Locations

Technology and, in particular, information and communication technologies (ICT)
and telehealth can not only help to improve the comfort of patients, for example, by
preventing them from having to travel long and uncomfortable distances to see their
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attending physicians, but can also be of importance in the case of acute health prob-
lems. Unlike the former example, seeing the appropriate specialist in these cases is
not hindered by an increased effort, but rather by an acute lack of time. One example
of how telehealth can be of assistance in these cases is telestroke [7]. Since in stroke
there is a defined time window in which acute treatment, such as thrombolysis ther-
apy, can be started, there is enormous time pressure, which can be counteracted by
means of technology. For example, experts in centers further away can support the
physicians on site both in diagnostics (neurological examination, CT) and in the
implementation and monitoring of therapy. In contrast to telestroke, which is a flag-
ship example in the use of telehealth, telemedicine care for chronic neurological
disorders has been less established, even though the prevalence of these conditions
is growing significantly [6].

2.1.1.3 Allow“Aging in Place”

Technical aids should not only support patients in their direct healthcare, but also
ensure that geriatric patients can remain in their familiar surroundings, resulting in
greater patient satisfaction, quality of life, and reduction of healthcare costs [8]. In
addition to monitoring health parameters, technology and, in particular, ICT sys-
tems can help ensure the safety of patients in their home environment: Examples
include sensors that detect potential hazards such as heat, burglary, and flooding,
and synchronously trigger an alarm to alert potential helpers. Furthermore, motion
sensors, for example, can detect falls without fallers having to make an emergency
call themselves. Although the accuracy of the systems is not yet sufficient for
widespread use in clinical routine, the initial results are promising. The same
applies to possible scenarios in which patients are unconscious [9]. In this respect,
ICT systems not only relieve the patients themselves, but also their caregivers. A
survey of caregivers of Alzheimer’s patients showed that the majority of caregivers
felt that implementing ICT in the patient’s home would be beneficial to their per-
sonal autonomy, quality of life, and safety in everyday life and in emergency situ-
ations [10].

2.1.1.4 Promote Awareness and Self-Management

The continuous monitoring of body functions by parameters such as movement or
vital signs offers, in addition to the important gain in information for physicians,
the possibility of improved patients’ awareness of their own disease. By looking
at their data, patients can gain knowledge about their own disease and their own
personalized disease progression [11], which will empower them to be more
involved in treatment decisions and has the potential to facilitate shared decision-
making [12].

Furthermore, artificial intelligence will be increasingly used to enable patients to
receive feedback and recommendations for disease modification based on the data
collected and consequently improve self-management of chronic diseases. One
example that is already widely practiced is the recording of blood glucose in patients
with diabetes mellitus, where continuous monitoring of blood glucose has reduced
the incidence of hypoglycemia [13]. Another recent randomized controlled trial
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showed that digital health self-management, more specifically downloading and
using an app that monitors physical activity and sends motivational messages to the
user, significantly increased average daily step counts in patients with cardiovascu-
lar disease [14].

2.1.2 What Can Technology Do for Health Professionals?

2.1.2.1 Capture Performance

The continuous recording of health parameters in the home environment represents an
enormous gain in information for the treating physicians, which in turn can facilitate
the determination of therapy concepts. In the diagnostics currently practiced clinicians
primarily rely on two variables: capacity (“How well can the patient perform?”) and
perception (“How do I, as a patient, perceive the limitation/health problem?”).
Common clinical assessments (reflecting mainly capacity aspects, e.g., the Movement
Disorder Society-revised Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)
in PD), while of great importance for detecting symptoms and assessing disease pro-
gression, represent only a snapshot in the patient’s life that is also environment- and
examiner-dependent [15]. Daily life outside the hospital is almost exclusively cap-
tured by questionnaires that reflect the patient’s perspective (perception measures).
This is an important, but also highly subjective assessment approach. Results can
sometimes be influenced by patients either not recognizing symptoms, signs or limita-
tions, confusing them, or forgetting them. In addition, the quality of the results may be
influenced by the patients’ motivation to complete the questionnaires. To gain insight
into the actual performance of patients in their daily life in addition to capacity and
perception, the use of technology is crucial, e.g., body-worn sensors to record move-
ment, vital signs, ECG or EEG. Yet, it is important to emphasize that the three pillars
capacity, perception, and performance should be considered complementary and in
their entirety provide a comprehensive picture of the patient’s state of health [16, 17].

2.1.2.2 Save Time

The use of technology can save physicians time. Remote monitoring can help phy-
sicians prepare for appointments with patients and avoid non-essential in-clinic
appointments. In addition, systems will be established in which a healthcare worker
interacts with multiple patients. An example of such a model is ParkinsonTV, set
up by ParkinsonNet [18] in the Netherlands with the aim to educate people with
PD about their disease.

Another innovation that will revolutionize medicine is the use of artificial intel-
ligence in the diagnostic field, for example, in radiology, pathology, or ophthalmol-
ogy [5]. A promising example is the interpretation of three-dimensional optical
coherence tomography (OCT) in the field of ophthalmology, where artificial intel-
ligence has been used to diagnose sight-threatening retinal diseases. In this case, the
deep learning architecture used ultimately proved to be equal or superior to the
interpretation of experts [19]. Technological innovations such as these will save
time for physicians, which can be used for more individualized and patient-centered
care and have the potential to omit (human) errors.
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2.1.3 What Can Technology Do for the HealthCare System?

2.1.3.1 Reduce Costs

The increasing aging of the world’s population in the context of demographic change
is associated with an enormous economic burden on the healthcare system. The
example of neurological disorders, currently the third most common cause of dis-
ability and premature death worldwide, shows that further development of preven-
tion and therapy strategies is essential not only for patients, but also for the healthcare
system and the economy [20]. The use of technology such as remote monitoring and
telehealth in chronic neurological disorders (e.g., PD) will help reduce costs for the
healthcare system, for example, by reducing the need for in-clinic visits and decreas-
ing hospitalization rates [21]. Moreover, many of the uses of technology already
mentioned will also lower costs for the healthcare system, such as the ability to save
staff in diagnostic areas where artificial intelligence can be used. These healthcare
professionals can in turn be deployed in other areas of the healthcare system, where
there is already a growing shortage of personnel. In addition, the use of telemedicine
can save costs in the construction and maintenance of infrastructure [6].

2.1.3.2 Improve Equity

Technology, if implemented properly, can make a difference in terms of equal
healthcare for all people worldwide. In the field of telemedicine, disadvantages
related to place of residence can be leveled out by giving patients in remote loca-
tions access to specialists. In acute emergencies such as strokes, concepts like
Telestroke [7] can also reduce the risk that the quality of treatment depends largely
on where the patient suffers the stroke and how far away a suitable clinic is located.

However, telemedicine can also be used to reduce global disparities between dif-
ferent countries in terms of the quality of healthcare and training of healthcare
workforce. Collaborations can be established between medical workforce in devel-
oping countries and specialized centers in industrialized nations, for example, by
holding regular case conferences and consults [6]. A study from Nepal showed that
such collaborations are technically feasible and can improve local medical treat-
ment using expertise from afar [22].

Despite these tremendous benefits, it will be a major challenge to reap the ben-
efits of digital medicine in a manner that is consistent with consideration of all
populations. Particularly with regard to the geriatric field, it is important to focus on
ensuring that all patients have access to technology and receive the necessary tech-
nical education.

2.2 How to Implement Technology
2.2.1 How to Fit Technology into Patient Lives

Despite the tremendous benefits of using technology to improve the lives and health
of geriatric patients, the implementation of technology into patients’ lives lags
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behind the rapid development of new technologies [23]. Especially geriatric patients
express fear, distrust, and lack of competence regarding the use of technology [1].
Moreover, the senior technology acceptance model (STAM), developed by Chen &
Chan, states that age is associated with less use of technology and user’s perceived
ease of use [24]. Therefore, it is of particular importance to identify the critical fac-
tors for patients’ adoption of technology and to develop strategies for successful
implementation.

2.2.1.1 Provide Education

Both the lack of health literacy and the lack of technical literacy among older adults
make digital education of geriatric patients particularly challenging [25]. One of the
challenges in the acceptance of technical aids is concerns regarding technology, for
example, related to usability. Other fears are that patients would have no control
over the activation or deactivation of technology or that health damages could result,
for example, from suspected radiation from sensors [26]. These concerns show that
education about the usefulness and functionality of technical aids and practice in
using them are of great importance. A recent study showed that an intervention
(2 weeks of learning) increased patients’ knowledge and skills as well as eHealth
literacy, and that patients’ acceptance of technical aids also improved after the inter-
vention [25].

2.2.1.2 Respect Patients’ Wishes

Studies have shown that customization and maintenance of autonomy is a critical
criterion for acceptance of technology by geriatric patients [27]. Therefore, it is
necessary to involve them in the development of technical devices. Involvement of
geriatric patients should not only be limited to trying out and evaluating technolo-
gies that have already been established (which is rather “engaging” patients), but
should also include direct participation in the development and design of new tech-
nologies. Current challenges include the large age gap and resulting communication
difficulties between product designers and users in the geriatric field, as well as the
great diversity of geriatric users in terms of their individual background and techni-
cal understanding. Researchers agree that the inclusion of patients in the develop-
ment of technologies (which is real “involvement”) is urgently necessary, and
further research is needed on how this inclusion should be carried out [28].

2.2.1.3 Include Caregivers

Research results suggest that acceptance of technology depends not only on indi-
vidual factors of the users, but also on influence from family members, caregivers,
and the social environment [26, 29]. In particular, spouses, children, and grandchil-
dren can encourage geriatric patients to implement technology, such as computer
devices used in telemedicine, into their daily lives. Therefore, individual family
members take on specific roles: spouses often help with the daily use of the devices,
children mostly support the implementation of technological devices, for example,
out of concern for their parents, and grandchildren can often transfer their enthusi-
asm for technology to their grandparents [29]. Accordingly, the involvement of
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family members as well as the social environment, for example, in installing techni-
cal devices in the home environment, training them in their use, and handling the
resulting data, plays a crucial role in the successful implementation of technology
in geriatric care.

2.2.2 How to Choose Technology

In order to effectively and profitably implement technology into the lives of geriat-
ric patients, a consensus must be created in the research community about the role
technology should play in diagnostics and what type of technology can provide
clinically relevant parameters. To achieve this, it is of major importance to establish
globally valid requirements for technologies and resulting parameters so that they
provide added diagnostic value in assessing the actual performance of patients in
their home environment.

2.2.2.1 Define Requirements

Technologies used for remote monitoring that provide information on mobility and
vital signs, for example, should be technically feasible and clinically relevant. Due
to the rapidly evolving technological capabilities and the overwhelming quantity of
measurable parameters, it is particularly important to filter out those that have the
highest relevance to patients’ health and well-being. To map the meaningfulness of
sensor-based parameters, Manta et al. proposed a four-level framework consisting
of Meaningful Aspect of Health (e.g., ability to perform ambulatory activities),
Concept of Interest (e.g., walking capacity), Outcome to be measured (e.g., duration
of walking bouts per day), and Endpoint (e.g., percent change from baseline time
stepping compared to placebo) [30]. Based on this framework, it should become
apparent which health problems are to be assessed and eventually improved with the
aid of a digital parameter.

To define specific requirements for each outcome, we recently established
four criteria that parameters used for remote monitoring in the clinical manage-
ment of chronic diseases, for example, PD, should fulfill. Digital outcomes are
supposed to

e Provide valid results that reflect a clinically relevant symptom

* Contribute to treatment decisions that are relevant to the patient, e.g., improve-
ment in Health-related Quality of Life (HrQoL)

e Provide a target range by which to assess, for example, response to treatment
decisions

e Be easy to use for patients and healthcare professionals [15]

These two exemplary models are intended to give an impression of how tech-
nologies can be selected to be used in the geriatric field for diagnostics, monitoring
of disease progression, and therapy control.



22 J. Kudelka and W. Maetzler

2.2.2.2 Validate Parameters

A wide range of technologies already exist in the field of remote monitoring of dis-
eases. However, there is a gap between the development of new technologies and
the actual clinical application, which is due to the fact that there are no standardized
requirements for the technical and clinical validation of digital parameters. In this
context, technical validity (“criterion validity”’) means the comparison of new tech-
nology (e.g., body-worn sensors) with the gold standard (e.g., motor assessment
under laboratory conditions) [31]. Both the accurate measurability by the devices
and the functionality of the algorithms must be verified [32]. Clinical validity (“con-
struct validity”’) means that a technology-based outcome captures a disease symp-
tom as well as or better than a traditional assessment tool for measuring that same
symptom. In addition, the parameter should be able to detect changes in the progres-
sion of the disease (e.g., worsening of a symptom) and should be related to relevant
clinical endpoints [31].

Various publications conclude that there is a disagreement in the research com-
munity about which outcomes should be applied in clinical practice, due to a lack of
consensus on how validation studies should be designed to demonstrate the clinical
relevance of an outcome [9, 33, 34]. Therefore, a proposition is made for a sequence
of studies that a digital outcome should complete from development to clinical use
(see Table 2.1) [35].

2.2.3 How to Manage Data

With the development and implementation of technologies and algorithms that pro-
duce a variety of data in patients’ daily lives, the question emerges of who owns the
data, where it is stored, and who has access to it.

2.2.3.1 Build Platforms

It should be avoided that increasingly more technologies are developed that already
exist in a similar format or produce outcomes that are already covered by existing
technologies and algorithms. The result would be an inefficient way of doing
research by putting effort into duplicating already available technologies due to a
lack of data sharing [36, 37]. This poses the hazard that a patchwork of technologies
will emerge that produce similar outcomes, have been validated in different ways,
and are not accessible to all stakeholders. For this reason, the Movement Disorder
Society (MDS) Taskforce on Technology, among others, recommends the establish-
ment of an open-source platform where existing technology can be collected in a
structured way and made available to appropriate stakeholders as needed. The ben-
efits of this solution include improved accessibility, improved comparability of out-
comes captured by different technologies, and improved feasibility of proposed
validation standards [38].
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Table 2.1 Requirements and “study-associated development steps” for a digital outcome param-
eter that is eventually used in clinical routine

Requirement

Establish the wearability,
usability, and acceptability of
the device to be used for
measurement of a digital
parameter

Establish whether the digital
parameter can be measured
with accuracy in comparison
with an existing gold standard

Establish whether the digital
parameter tests what it is
intended to test by comparing
measurements with other tests
(clinical and/or patient-
reported outcome)

Establish the sensitivity of the
digital parameter to change,
such as disease progression or
treatment response

Establish the smallest change
in the digital parameter that a
patient and/or medical
professional would consider
clinically relevant

From [35], with permission

Example aim

Ascertain that operation of the
device is possible even with
disease-related disabilities

Determine whether a wearable
device on the lower back can
accurately measure walking speed,
as defined by a stationary optical
system

Demonstrate that real-world
walking speed deteriorates with
increasing disease severity

Demonstrate that step time
variability measured with a device
on the lower back improves with
cholinergic treatment

The target population and/or the
treating medical team rate, e.g., on
a Likert scale, whether a
meaningful change (e.g., from
“severe” to “moderate”) of gait
disability occurred during the
observation period

2.2.3.2 Give Patients Control

Example study design
Focus groups and
qualitative interviews
with participants who
have used the device over
sufficient time. Suggested
n 10-20

Cross-sectional
observational study.
Suggested n 20—100

Longitudinal
observational studies in
the target population.
Suggested n 100—1000

Longitudinal
observational studies or
inclusion as an
exploratory parameter in
clinical trials
Longitudinal
observational studies or
inclusion as an
exploratory parameter in
clinical trials

Even with evolving technology, patients today still lack adequate access to their
own health data [39]. From the perspective that the introduction of new technolo-
gies “intrudes” into patients’ daily lives, e.g., through remote monitoring, there is
an even greater need for patients to (1) be involved in development of technology
from the beginning and (2) have full access to their own data. A digital record
containing information from physicians and healthcare professionals as well as
the data extracted from sensors (see Fig. 2.2) should not only be accessible to
patients, but should provide them with information that they can easily understand
and is therefore beneficial to their health literacy and chronic disease management
[40]. In addition, patients can be encouraged to provide their own data (e.g.,
mobility data from wearable sensors) to research institutions and benefit from it
themselves [39]. Another advantage of a patient-centric dataset is that patients can
decide on who they give access to which data (e.g., their caregivers or their
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Fig. 2.2 The implementation of technology requires guidelines regarding data management. A
patient-centered approach is inevitable. Collected data from the patient, such as actively collected
data, e.g., via e-diaries, or passively collected data, e.g., via wearable sensors, can be made avail-
able to other stakeholders by the patient. Other stakeholders include emergency staff (e.g., access
to safety data in smart homes), research institutions (e.g., access to research data), medical profes-
sionals and caregivers (e.g., access to health data). Figure adapted from Hansen et al. (2018) [40]

physicians). Such an arrangement also means a significant reduction in issues
regarding data protection that could become even more pressing as new technolo-
gies are being developed.

2.3  Challenges and Opportunities
2.3.1 Ethical Aspects

Gerontechnology is an emerging field in medicine that holds immense benefits for
geriatric patients. Nevertheless, it is of utmost importance to keep ethical issues in
mind when implementing this field: How much should technology be able to cap-
ture about patients’ lives? To what extent is technology allowed to interfere with
patients’ lives? How can we ensure that technology is accessible and fairly distrib-
uted to all?
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2.3.1.1 Protect Rights
A recent scoping review on ethical aspects of gerontechnology identified two impor-
tant issues that need to be discussed:

e The balance between the benefits of gerontechnology and the rights of patients
regarding privacy, safety, and autonomy

e The risk of insecurity of older adults regarding loss of human contact, and other
fears and concerns related to the use of gerontechnology [41]

Other studies confirm that these issues are criticized by geriatric patients and
hinder adoption of technologies [1, 2, 26, 27].

An example to illustrate the ethical dilemma that can arise from technology
implementation is GPS tracking of patients with dementia or cognitive impairment.
On the one hand, GPS tracking enables early detection of danger and alerting of
help, thus increasing the patient’s safety. On the other hand, such “surveillance”
also represents a restriction of privacy and can lead to the loss of human contact, for
example, when caregivers consider technologies as a substitute for their personal
care. In the case of patients with dementia, the issue becomes even more complex,
as they may be cognitively incapable of weighing up the advantages and disadvan-
tages and making an autonomous decision as to whether they want to use technol-
ogy in their everyday lives. As a result, caregivers are often authorized to make these
decisions for patients. Caregivers, in turn, often consider the safety of patients as
more important than their autonomy [42].

This example highlights the urgent need to consider ethical aspects when imple-
menting technologies, especially in the geriatric setting. It is important to ensure
that the technologies have a noticeable benefit in the lives of patients, that patients
are integrated into the development of technologies, and that strict data protection
rules are applied.

2.3.2 Technical Aspects

2.3.2.1 Rethink Validation

Regarding the validation of parameters, there are already propositions (see Sect. 2.2)
about the requirements, sizes, and designs of studies needed. This includes, among
other aspects, the comparison with the current clinical gold standard for recording a
symptom, dysfunction, sign, or disability [31]. A challenge is posed by the fact that
objective measurement instruments, e.g., the remote monitoring of fluctuating symp-
toms, most probably outperform subjective clinical assessments in the accuracy of their
measurement, for example, if the symptoms do not occur at the time of the examination
by a physician [38]. Research results suggest that the relationship between technology-
based measures and clinical assessments is complex and that they may not highly cor-
relate simply because they (are supposed to) measure different constructs [36]. Even
though these scenarios may require new validation approaches, it should be empha-
sized that new technologies offer the potential to make previously unrecognized symp-
toms objectively measurable, opening up entirely new options for medical management.
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2.3.3 Political Aspects

2.3.3.1 Ensure Access

Equity in the digital future means that all people should use healthcare technologies
equally, regardless of their location or characteristics such as age or gender.
Unfortunately, recent studies show that this aim has not yet been achieved: for
example, it has been revealed that especially older people, women, children, people
in poor economic situations, and people in remote locations have limited access to
assistive technology (AT) [43]. In addition, there are large differences between the
availability of AT in various countries: Especially in low-income countries such as
Botswana or Swaziland, there is a lack of technologization [44].

The Topol Review, an NHS report designed to prepare the healthcare system in
the UK for technologization, identifies healthcare equality as one of the biggest
challenges in the digital future. According to the report, there is both the potential to
eradicate inequalities through technology, but also to fuel inequalities further [5].
Thus, technologies can be seen as both a challenge and an opportunity to make
healthcare more equitable worldwide, since digital features such as telemedicine
can again improve the quality of healthcare for people in low-income countries or
people in remote locations (see Sect. 1.3).

2.3.3.2 Integrate into the Healthcare System

Even though ensuring that there is a globally equal access to technology looks
like an ethical issue, however, it is actually a political challenge. An important
instrument to achieve this goal is to reimburse costs expended on health mainte-
nance and prevention technologies. In order to create the appropriate structures,
recognition of digital outcomes by regulatory authorities such as the European
Medicines Agency (EMA) or the U.S. Food and Drug Administration (FDA) is
required, with defined, globally valid standards that can be adopted by technol-
ogy manufacturers and health insurance companies. Thus, a cost-effectiveness
analysis should demonstrate that the benefits of technologies through the positive
effects on the course of disease and the HrQoL of patients exceed the initially
high costs for the healthcare system in the long term [15, 31, 36].

In summary, the benefits of the use of gerontechnology for all stakeholders are
evident and useful requirements and frameworks for implementation of technology
have been proposed. Yet, several steps are needed to integrate technological innova-
tions such as telemedicine or wearable devices into the actual healthcare of geriatric
patients: Measures must be taken to:

e Strengthen the acceptance of the use of technologies in everyday life among
geriatric patients

e Create standardization of procedures that result in the validation and official
approval of digital outcomes

e Respect ethical considerations such as privacy and autonomy and ensure that no
one is left out in our digital future of medicine—especially not geriatric patients
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Technology Support to Integrated Care
for the Management of Older People

Vincenzo De Luca, Antonio Bianco, Giovanni Tramontano,
Lorenzo Mercurio, Maddalena lllario, and Guido laccarino

3.1 Introduction

“Integrated care” is the combined set of methods, processes, and models that seek
to achieve greater efficiency and value in healthcare systems, effectively addressing
fragmentation in patient services and enabling better coordinated and continuous
care, particularly in older adults which present an increasing incidence of chronic
diseases and complex needs. Integrated care seeks to improve the patient experi-
ence, the outcomes of care, and the effectiveness of health systems (known as the
“triple aim”) by linking or coordinating services and providers along the continuum
of care [1]. In order for health authorities to successfully achieve this “triple aim”,
they should be supported in developing the organizational and technological capa-
bilities needed to successfully implement integrated care. Integrated care reflects an
organizational principle for health with the aim of improving care through better
coordination of the services provided [2]. The search for methods to integrate care
more effectively is a pressing political concern. The related economic burden man-
dates the experimentation of new forms of service provision, that are sustainable
and that allow to face the new demographic challenges. The aging trends in our
populations are indeed paralleled by a rise in multimorbidity and comorbidity, and
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a stratification of chronic diseases correlated with each other. The European societ-
ies have created many models to address integration of care, but they are divided
into organizational clusters such as Health, Social Care, Housing, and others, each
one organized, delivered, and recorded separately by organizations and their staff
who are separately funded, managed, and regulated. As a result, patients are sur-
rounded by uncoordinated “islands of excellence” when what is needed is coordi-
nated care [3] (Fig. 3.1).

In order to develop effective, accessible, and resilient health systems, the
European Commission declared that integration of care should take place both
between different levels of healthcare (primary care, hospital care, etc.) and between
health and social care, particularly with regard to elderly people or people with
chronic illnesses [4].

Integrated care models have been tested in different forms in different health
systems around the world [5], however, there is little evidence available. Integrated
care does not lend itself easily to scientific evaluation and analysis, because it does
not rely on individual interventions that can be isolated from other elements of prac-
tice. This makes the implementation of controlled studies difficult [6]. Evidence
from case studies has shown that innovative care service integration approaches
have led to a reduction in the number of emergency admissions as well as in the
length of stay in hospital for older people [7, 8]. Analysis of good practice in the
field in care integration has shown that the validity of approaches depends espe-
cially on a context-sensitive implementation strategy and a carefully tailored digital
support infrastructure [9]. Home care program clearly demonstrates the importance
of close integration of clinical, public health, and other services if the needs of
patients with chronic conditions are to be met to a reasonable extent [10] .

Fig.3.1 Integrated home
care domains
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3.1.1 Technology for Integrated Care

Information and communication technologies (ICT) have often been attributed to
the role of a key lever for integrated care [11]. Through its inherent functionalities,
ICT generally provides the potential to facilitate information transfer, eliminate
redundant paperwork, and monitor progress. Simply adding ICT to existing service
delivery processes is not enough unless accompanied by a multidimensional
approach that is consistent with the organizational and social context [12]. Digital
solutions can contribute both to more efficient use of healthcare resources and to
better targeted, more integrated, and safer healthcare [13, 14]. However, the tradi-
tional dividing lines between health and social care do not seem to have been crossed
so far when it comes to implementing ICT-based services to support independent
living and home care for those with chronic conditions. Most integrated services
tend to be firmly situated within one or the other area of social or healthcare [15].

3.2 Health Management and Self-Monitoring

The current evolution of healthcare systems places great emphasis on patient
empowerment and self-care. The chronic care model (CCM) argues that better
health outcomes can be achieved with an informed and activated patient and a pro-
active team. It is the productive interactions between the two sides of the model that
lead to better health outcomes [16]. Clinical information systems and decision sup-
port tools play a key role. The patient is supported by self-management tools acti-
vated by community resources. A proactive healthcare team that regularly
communicates with self-activated patients is a desirable component of effective
chronic disease management [17, 18] (Fig. 3.2).
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3.2.1 Early Identification of Frailty in the Community-Dwelling
Older Adults

Early screening of frailty, based on the older adult’s first contact with primary
care services, community, and specialists, is pivotal to guide them to subsequent
in-depth investigations with respect to the identified domains of frailty (physical,
cognitive, nutritional, social). Easy to use, validated tools are available for the
early identification of frailty in the over 65 population that can be used in differ-
ent contexts, which can be linked to other in-depth tools for the assessment of
specific dimensions [19]. ICT tools support the health professionals by linking
the elements of the screening tool to further scales aimed at assessing the com-
promised domains, and enabling them to develop appropriate intervention
strategies.

3.2.2 Shared Care Plan

The shared care plan (SCP) provides the health professionals, the patient, and other
stakeholders with a common document to help manage the disease. The document
provides two points of view — that of the patient and that of the professionals. The
SCP represents a structured way in which patients and their doctors and other pro-
fessionals can organize the management of the patient’s disease. Additional actors
may be involved as observers (e.g., informal caregivers, nursing assistants, and
social workers) or as co-creators of the care plan (e.g., physiotherapists, nurses, or
specialists). A professional acts as administrator of the care plan and allows access
to other interested parties, under express consent. The SCP is an online document
that can be used by the doctor during visits, or by the patient at home. The SCP
allows to set and track goals, schedule events, manage alerts and notifications, med-
ication and dosage, as well as view, generate, and export reports. The SCP is con-
nected with medical devices that allow automatic measurement and upload of the
patient’s clinical parameters [20].

3.2.3 Medication Adherence

Mobile apps allow to manage the drugs treatment prescribed by professionals in
a simple way. The patients access a tab of the medication, with the possibility of
scheduling notices of the shots [21]. Some apps are connected with national drug
nomenclatures and offer a barcode reader to access all the information of a medi-
cation. The app can be connected to the smart pillbox via Bluetooth and allows
patient to program alarms with the mobile app. When it is time to take the pills,
the pillbox will beep and the patient receives a notification. The smart pillbox has
lights that indicate which pills to take and how many [22].
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3.2.4 Healthy Lifestyle Support

Mobile apps for personalized coaching offer the opportunity for patients to be
coached on physical activity, nutrition, and other lifestyles (such as smoking,
drinking, drug abuse, and others) in line with personal preferences. Harmful
effects (such as intolerances and unwanted food-drug interactions) can be
avoided, and the patient can receive comprehensive long-term coaching.
Similarly, personalized coaching solutions allow instruction in activities to pre-
vent and avoid a sedentary lifestyle and receive useful and comprehensive long-
term coaching. Lifestyles are the first level of intervention for chronic patients.
Therefore, interactive coaching is more than just a list of tips as it allows to
measure progress and classify a patient’s behavior in order to identify possible
alerts to be communicated to users. Coaching on healthy nutrition is based on the
patient’s meal intake data. The patient’s preferences are also taken into account.
The solution monitors the patient’s adherence to nutritional advices. Similarly,
coaching on physical activity is based on the data provided by the patient.
Validated devices are used to enable the patient to record his data (Fitbit,
SmartWatch, etc.). Tracking is done automatically (e.g., type of exercise, dura-
tion, distance, intensity, steps, floors, sleep, heart rate). The system continuously
provides positive feedback to the patient and keeps track of goals. The system
provides warnings to the patient (e.g., low daily activity or excessive sedentari-
ness in activities of daily living).

Prescription of diet and physical activity provided by healthcare professionals
are probably the most unattended medical prescriptions. ICT enables the possibility
to increase this adherence, with the use of digital solutions that integrate prescrip-
tion and monitoring of the activities related to these prescriptions. For instance, the
dietary modules developed within the solutions DIAWATCH and DM4all for the
Horizon2020 pre-commercial procurement “PROEMPOWER” [20] allowed
patients to receive information regarding the daily diet and on the other hand,
allowed the healthcare provider to monitor these items periodically or analyze sum-
mary reports and provide feedback to the patient during visits. Interestingly, these
solutions were both considered particularly effective and usable by the patients, that
reported a positive experience during the testing phase and increased ability to man-
age their condition.

3.2.5 Adapted Physical Activity Program

Adapted physical activity (APA) programs are personalized physical exercise
programs designed for patients with chronic conditions, aimed at correcting
sedentary lifestyles and subsequently preventing or mitigating frailty and dis-
ability [23]. In recent years, ICT solutions have contributed to the development
of APA programs with which professionals can prescribe physical exercises and
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remotely monitor patient’s adherence. Patients access the exercise program
from home via a web-based platform interface or mobile app, which contains
video tutorials of the exercises. The platform allows exchanges between patients
and the physician through a dedicated communication channel. Then, data of
adherence can be utilized to confirm the adoption of a healthier and more active
lifestyle at the time of visit with the specialist. This platform has achieved better
results when used in programs of e-rehabilitation, than standard rehabilitation
programs [24].

3.2.6 Virtual Reality for Rehabilitation

A virtual reality (VR) therapy system, when combined with conventional rehabilita-
tion, enables functional and neurological rehabilitation for older adults and persons
with physical limitations [25]. The system incorporates an advanced 3D camera and
a specialized computer to capture the patient’s movements and allows them to inter-
act in a virtual world. The user carries out his/her own rehabilitation program while
participating in interactive games in the VR. This system has been used to address
the cognitive impairment of the older patient by incorporating activities that use
memory and executive function. VR helps make therapy more fun and engaging for
patients and motivates them to exercise more and longer. Combining VR with natu-
ral interaction opens up new horizons and capabilities, extending the impact to intel-
ligent monitoring and VR scenarios that have so far been limited by technological
restrictions.

3.2.7 Serious Games for Memory Training

Technology-based cognitive training and rehabilitation have shown promising ben-
eficial effects on various domains of cognition with moderate to large effect sizes
[26]. Serious games are used to preserve the abilities of older adults by stimulating
their brains and feelings. These games are designed to train various types of skills
such as alert, selective, and focused attention, or auditory, visual, and tactile percep-
tion, or short and long-term memory. Language, imagination, and spatial-temporal
orientation are considered the abilities least affected by aging, while attention, exec-
utive functions, and memory are the most relevant in relation to their sensitivity to
deterioration during aging [27]. Games for older adults are designed with the need
to provide simple instructions and to offer self-adjustment of the level of difficulty
to avoid feelings of frustration and boredom. Additional social dynamics borrowed
from games can facilitate the development of networks among patients by creating
social connections and virtual communities that could be powerful clinical resources
for elderly patients [28].
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3.3 Housing

Ambient Assisted Living (AAL) systems improve the quality of life of patients
and person with disabilities, enabling them to live healthier and more indepen-
dently for longer, and supporting caregivers and medical staff in caring for them
[29]. Monitoring daily activities of chronic patients and older adults, such as
sleeping, walking, and bathing, are good indicators of their physical capabilities
and provide important information for medical staff. Such systems are able to
detect any abnormality, such as a sudden fall, and provide immediate activation.
A home environment monitoring system is therefore a crucial step in future
healthcare applications.

3.3.1 Home Environments Monitoring

Living environment monitoring facilitates the integration of care and the prevention
of acute events that can drastically worsen the health status of older patients. It is
based on the combination of components that collect information from home envi-
ronment in which the older adults live (for example, smoke, water leaks, move-
ments, etc.) and medical devices, measuring clinical parameters. An active 24/7
monitoring system provides protection to the home even when the patient is away.
This is particularly important in the case of older patients who tend to lose their
short-term memory, and are more likely to leave, for example, a frying pan on the
cooker or an open tap in the bathroom. The monitoring module analyses the data
generated by movement sensors installed in various rooms of the older adult’s home
and builds, over a certain period of time, a model of normal behavior for each patient
living alone. Sudden and substantial changes from the normal pattern are detected
and reported to the caregiver, to verify the actual occurrence of an incident before
the emergency procedure is launched. The behavioral analysis and monitoring mod-
ules make use of “Nonlinear Time Series Prediction” to process the graphs gener-
ated by the motion detectors, and of neural networks to detect different patterns in
the collected data. The behavioral analysis can also combine the movement pattern
with other data collected by the monitoring system, such as clinical parameters,
reaction times of cognitive training games, opening/closing doors or windows, etc.

3.3.2 Alert Systems

These systems may be integrated with other functionalities, also available on the
smartphone, which allow monitoring the patient at home and outside, such as: the
integrated panic button; the integrated fall detector based on a 3-axis motion sensor;
medication reminders; the positioning and geo-referencing system. A Contact
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Centre, using a web-based component, can activate and deactivate monitored per-
sons, defining their profile, entering and modifying the rules according to which the
system generates alerts for monitored patients, or subgroups of them, or even for
individuals. Healthcare professionals (HCP) have access to data according to their
profile and their relationship with the monitored persons. It is possible to predefine
which call numbers can force hands-free communication in case of emergency.
Thanks to the smartphone, the older adult may be monitored and located anywhere
within the GPS and mobile phone coverage. A decision support system (DSS), oper-
ating on the basis of a set of personalized rules that depend on the specific profile of
each older adults, may define under which conditions alarms or warnings should be
generated, e.g., when the value of a single measurement (e.g., blood pressure or
room temperature) or a combination of measurements (e.g., weight and heart rate)
fall outside a predefined range or show changes in excess of a certain percentage
over a predefined period of time (trends). The data collected by sensors can also be
combined with information from external sources, e.g., weather forecasts. Thus, the
DSS can send, for example, a message to all older adults who have already experi-
enced an episode of hyperthermia or dehydration in the past, warning that tomorrow
is expected to be a particularly hot day and therefore those people are strongly
advised to stay at home during the hottest hours of the day and drink at least two
liters of water. When a risk situation is detected according to the rules that have been
entered into the system, the DSS is designed to activate the care pathways, custom-
ized for a given subgroup of people (e.g., people living in a specific apartment
block), or even for each individual. The care pathway may vary from informing the
next-door neighbor, to informing the social worker on duty or the GP that a specific
intervention is needed. Messages can be sent through different means: phone call,
SMS, e-mail, other text message, etc. Alarms are classified according to their sever-
ity and life or health threat character, which influence the priority and maximum
delay within which the problem must be handled. DSS response protocols are based
on the principle of automatic problem recognition and escalation. Thus, if the first
message is not acknowledged by the receiver within a certain time (this is a configu-
rable parameter), the next action in the escalation procedure is triggered and so on
until one of the receivers confirms that it will take care of the problem. The last
resort is always the transfer of the alarm to a human operator in the contact center
that will take responsibility for it.

3.3.3 Domotic Services

Domotic services help the older adults to manage their home in spite of physical
impairments that may progressively affect their ability to use the most common
features of the home, such as windows, front door, blinds, lighting, heating, etc. All
these functions can be controlled by a central, user-friendly, touchscreen-based soft-
ware that runs on the fixed base unit and, at the same time, displays information
about the home such as temperature and humidity. The individual wireless monitors
and actuators may be easily installed in most flats and houses built in the last
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50 years and using single-lock windows and doors, and provide support to older
adults for their daily life. The various components can be mixed and matched
according to the individual needs of each user.

The light control module allows different light sources to be controlled from a
fixed or remote base unit. The door lock/unlock actuator is very similar to the radio
control used to lock/unlock car doors, and works just as simply and conveniently as
one of these. Access to a flat for a specific person (e.g., a cleaner or repairman) can
be enabled/disabled depending on the time of day. The climate control module may
help to save energy and maintain a constant room temperature. The radio-
programmable wall thermostat measures the room temperature and wirelessly con-
trols the heating via electronic radio actuators mounted on the radiators. The
ventilation of a room can be controlled from a chair via the fixed base unit or be
started automatically at a given time.

34 Social Inclusion

Social inclusion is about making all people feel included and valued in their society
or community. When individuals or groups of individuals are excluded, or feel on the
margins of society, there is often a direct impact on their health. Some diseases or
disabilities themselves can also cause people to be excluded. Social exclusion
depends on a person’s or community’s ability to connect with the wider society [30].
Older people are especially vulnerable to loneliness and social isolation, and this can
have a serious effect on health (depression, decline in physical health, and well-being).

3.4.1 E-Inclusion Services

The inclusion services for older adults living alone are based on a videoconferenc-
ing environment which interacts with the end-users using the paradigm most famil-
iar to the current generation of older adults, i.e., the TV set. Selecting the
videoconference channel with the TV remote control, the older adult is presented
with the list of correspondents he has included in his/her community and who are
connected to the network. The older adult can start a videoconference by simply
pressing a button on the simplified TV remote control, or can be called by one of
his/her authorized correspondents. The correspondents are inserted or removed
from the community at the older adult’s request, avoiding making complex manipu-
lations. The system is closed, under the control of the older adult, so that no one can
intrude the privacy unless explicit invitation. In addition to the basic function of
videoconferencing, the system can also provide the older adults with multimedia
content such as pictures or video messages sent by family and friends, educational
videos (e.g., video clips showing the functioning of the medical devices provided).
The system can also be used to provide simple information services such as the
local weather forecast for the next two days or special events organized by local
authorities for older people [31].
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3.4.2 Socially Assistive Robots

Socially Assistive Robots (SAR) designed for social interaction with humans play
an important role with respect to health and psychological well-being of older
adults. Robotic technologies are useful in home care for various reasons, a func-
tional, therapeutic, and social. SARs can help the older adults with activities of daily
living [32], or are more generally used for improving the psychological state and
general well-being of their users [33]. SAR can be used to improve dementia patient’
general sense of well-being and alleviate acute mood disorders [34]. Such robots are
developed to function as an interface for older adults to digital technology, and to
help increase their quality of life by providing assistance and companionship.

3.4.3 Daily Scheduler

The Daily Scheduler is a piece of software which helps the older adult to organize
his/her own daily activities by showing what type of activity is scheduled for when.
The Daily Scheduler is managed by the formal or informal caregiver who has
responsibility for the older adult, and interacts with the diaries of the various care-
givers and professionals who look after the older adult. Changes in, e.g., the time of
a home visit by a nurse using an electronic diary are reflected in the schedule of the
older adult. Reminders are generated to help the older adult to organize his/her rou-
tine (e.g., getting dressed to go out, take medications, etc.). The main purpose of the
Daily Scheduler is to relieve the older adult from the anxiety that is typical of their
age when they know that they have to do something and are afraid to forget about it.

3.4.4 Educational Items

Patients and informal caregivers, not having specific formal education, need to be pro-
vided with context-sensitive information on what to do in specific circumstances.
Digital solution can support integrated home care including the possibility to send edu-
cational articles to a variety of receiving terminals such as the TV, smartphones, tablets,
etc. Educational articles can be triggered by situations detected by the monitoring and
alarm management services and are an integral part of integrated care pathways.

3.5 Data Sharing
3.5.1 Workflow Management

The implementation of integrated and innovative care pathways cuts the barriers
between one care organization and another and activates the most appropriate
resource at any given time. Considering the target population of home care services,
this must be interpreted in a broad sense and self-care should include care provided
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by community nurses, informal caregivers, social workers, gym trainers, peers orga-
nizations, charity’s volunteers, etc. (Fig. 3.3).

Such integrated care pathways require the presence of a workflow management
service that activates different resources when they are needed by interacting with
the resource planning services of health and social care providers. Essential infor-
mation about the older adults who should benefit from integrated care services is
currently scattered in a large number of databases and is not even always digitized.
Making this information available to social workers, health professionals, and other
relevant professionals, where and when needed, represents the biggest challenge for
implementing integrated home care services. The use of ICT systems to integrate
services between professionals from different organizations clashes with legacy
systems which are very difficult to integrate. ICT may allow for multilevel, role-
based access system that takes into account the relationship between the caregiver
and the care recipient, with an audit trail to ensure that authorized professionals
only access personal information when they need it.
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3.5.2 Interoperability and Semantic Integration

Current data resources are designed and made available as additional products and
have limited access and interoperability. This does not allow full exploitation of
potential results, as well as integrative efforts and long-term reusability. In the era
of “Big Data”, defining appropriate standards for data and metadata collections is
still a challenge for open and accessible data sources. The heterogeneity of informa-
tion and the wide range of ontologies is leading to the identification of Artificial
Intelligence (Al) technologies to manage all this information, especially in the con-
text of integrated home care, with its multiple devices, sensors, and tools for self-
assessment and data collection. Al algorithms for the development of risk models
capable of performing individual risk and staging analysis can support healthcare
professionals in changing medication or care plan [35].

3.6 Governance
3.6.1 Change Management

The interaction among multi-sectoral professionals and the role played by the
patient and the social support network can generate confusion in processes and
resistance. Team members are not always able to identify with their profession, and
this generates conflicts. Only when the team identity and the professional identity
are integrated in a meaningful way will improvement occur [36]. Acceptance of
technologies for integrated care is a social process, driven by inter-professional
negotiations about the role and ownership of the technology and data. The strong
boundaries between professions are a particularly relevant factor, especially in light
of the distinct training and consideration they have for technologies [37].

3.6.2 Policy Implementation

In addition to innovative organizational model to support workflows management and
collaborative service provision, regional adoption of ICT-supported integrated care
requires a strategy for governance and reimbursement of ICT-supported integrated
care services and continuous patient monitoring at home [38]. In Campania, Local
Health Agencies and Municipalities are the “actors” of the integrated system of social-
health interventions and services. The territorial districts of the Local Health Agencies
are the context in which the primary care services related to the healthcare and social
services are ensured, as well as the coordination with the hospitals. The Zone Plans
(Piani di Zona) are the tool through which the Municipalities of the Social Territorial
Cluster (Ambito Sociale Territoriale), in collaboration with the Local Health Agency,
design the integrated system of interventions and social services, setting the strategic
objectives, the organizational set-up, the financial and human resources to be used, the
monitoring and evaluation methods. Despite the efforts for pilot experiences, the gov-
ernance system of integrated care in Campania suffers from the institutional
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separation between social and health organizations. This siloed care provision gener-
ates fragmented services and does not allow a holistic approach for management of
chronic disease in community-dwelling older adults [39].

In Catalonia, the “Integrated Attention Care Plan for health and social care
(PAISS)” promotes the transformation of the model of social and healthcare to ensure
integrated and people-centered care. In addition, this model guarantees that any per-
son, at any time of life, is evaluated from a holistic perspective, promoting the maxi-
mum level of personal autonomy [40]. To this regard, a number of digital tools are
already available in the region, supporting different procedures for integrated care.
However, connectivity and full integration along the network of public providers is
not always available. Catalonia has multi-provider model that promotes a positive
“competition” that facilitates access to funds for the development of new services
and quicker adoption of local solutions. On the other hand, this situation may create
undesired situations of inequality of services or distribution of resources. Another
negative aspect is the difficulty to scale up solutions that are successful, or the ability
to guarantee interoperability and communication between providers in the network.

3.7 Conclusions

Integrated care embodies the paradigmatic shift from reactive disease management
to proactive, patient-centered care, where service provision is designed and harmo-
nized taking into account needs and preferences of patients. Implementing inte-
grated care requires organizational efforts aimed at ensuring equity while designing
integrated care plans, that take into account the peculiarities of the different settings:
capacity, resources, regulatory framework, technologies. Innovative approaches
imply cultural changes in the way professional roles are envisaged, and re-designing
the relationships between them. The challenges lie in the educational pathways, as
well as in the Life-Long-Learning opportunities that should strengthen hands-on
training opportunities among peers for all involved professionals, highlighting the
needs for the soft skills required by collaborative approaches to problem solving.
The potential generally provided by digital technologies for the provision of inte-
grated person-centered and coordinated care is clear. As the COVID-19 pandemic
has shown, it is incorrect to expect that digital technologies will automatically lead
to better care [41]. The availability of practical and secure applications is crucial to
verify the usability and benefit of digital technologies in integrated care, according
to the context and the needs of the target populations [11].
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Technologies in Long-Term Care
and Nursing Homes

Gubing Wang, Armagan Albayrak, Francesco Mattace-Raso,
and Tischa J. M. van der Cammen

4.1 Introduction

Long-term care is defined as a variety of services designed to meet a person’s health
and personal care needs which help people live as independently and safely as pos-
sible when they can no longer perform everyday activities on their own [1].
Depending on the needs and social context of the patient, long-term care can be
provided in different places by different kinds of formal or informal caregivers,
either at home or in an institutionalised setting, which from here on we will refer to
as the nursing home. In all these fields, technology has an increasing role to play.
There is an increasing body of work on the development of technologies for
facilitating integrated care for older adults [2]. According to the World Health
Organisation (WHO), integrated care is “‘a concept bringing together inputs,
delivery, management, and organisation of services related to diagnosis, treat-
ment, care, rehabilitation, and health promotion” [3]. Integrated care focuses on
the integration of care for mental and physical health, the integration of health-
care and social care, and the involvement of multiple stakeholders. The princi-
ples of integrated care are holistic and comprehensive, and therefore pre-eminently
useful to address the challenges of long-term care. In this chapter, we would like
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to present the two most-researched geriatric syndromes, falls and impaired cog-
nition (commonly referred to as dementia), as examples on what could be sup-
ported by technology to achieve integrated care for older adults in long-term care
settings.

4.2 Technologies in Dementia Care

The technologies recently developed in dementia care can be categorised into two
groups based on their primary users, i.e., people with dementia, or caregivers. When
the primary users are people with dementia, their caregivers play a facilitating role
in using the technology. Within this group, the technologies developed mainly
address three types of needs that people with dementia usually have, which are:
physical needs, social needs, and the needs for being independent.

The technological interventions targeting physical needs can be exemplified by
Virtual Reality (VR), which is used to promote physical activity or rehabilitation [4]
among people with dementia; or video games to help people with dementia main-
tain health in general [5].

The technological interventions addressing social needs have a wide range, such
as social robots that act as artificial companions for people with dementia [6]; or
video-conferencing tools for people with dementia to maintain social connection
with family and friends [7]; another example is an m-health app developed to facili-
tate communication between people with dementia and their caregivers and to share
memories together [8].

Most technological interventions on facilitating independence in people with
dementia aim to reduce the risk and worry when people with dementia are alone.
For instance, previously, the human-centred location tracking device allows people
with dementia to travel outdoors, and their caregivers will keep an eye on where
they are to prevent them from getting lost [9]. This function has recently been
embedded as a feature in some technologies mentioned above, another example is
the reminder feature of the social robot that can help people with dementia to
remember when to take their medication [10].

Some technological interventions target two or all types of the three needs that
are mentioned above, i.e., physical needs, social needs, and the needs for being
independent. For example, a TV-based home support offers a reminding system,
cognitive stimulations, and the measurement of vital parameters for people with
dementia, and helps them with video-calling with healthcare professionals, family,
and friends [11]. Sometimes the kind of effect of the technology on people with
dementia also depends on how the technology is used in the context. For example,
when the VR technology was applied in creating a virtual group cycling experience
for people with dementia, it not only promoted physical activity but also social
stimulation among the participants [12].

When the primary users are the caregivers, the technological interventions are
designed to support them with caring tasks. Within this group, the difference
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between the technologies developed for informal caregivers and that for profes-
sional caregivers is huge.

For informal caregivers, one type of technology is on providing information
about the dementia condition and offering a platform for peer support. For example,
OneCare is developed as a phone app to offer information about the disease, medi-
cation, outpatient consultation management and to support communications with
peers [13]. Social robots have also been envisioned to support ageing-in-place for
people with dementia; they can give physical and cognitive support to the informal
caregivers who are often under heavy workload [10].

For professional caregivers, the technologies focus mainly on how to streamline
their workflow and reduce their workload. For instance, a pain assessment app was
developed to replace the pen-and-paper approach that has been used by caregivers
for pain management [14].

4.2.1 Effectiveness of the Technologies in Dementia Care

Regarding the effectiveness of these technological interventions we have introduced
above, only two of them have been evaluated quantitatively, i.e., the VR-based reha-
bilitation [4], and the pain assessment app [14]. The other studies either evaluated the
effectiveness of the intervention qualitatively, evaluated parameters other than effec-
tiveness, or only reported the design process of the intervention without evaluation.
This is partly because we have selected the most recently developed technological
interventions as illustrative examples in this chapter, and these interventions are in
their early stage of development. Most of the studies about these interventions are
formative, and summative studies are usually conducted when the researchers and
stakeholders are confident about the value of the intervention after a few rounds of
formative studies. Besides, in comparison to medicine, it is more costly to evaluate the
effectiveness of technological interventions quantitatively. Some research projects
stopped at the formative stage due to a lack of funding and support. We hope that in
the near future, researchers with the same goals will get together, to collaborate, and
to evaluate these early-stage interventions further. In addition, qualitative evaluations
of technological interventions are gaining recognition in the medical field.
Technological interventions are usually developed in an agile manner with fast itera-
tion cycles, which means it is unlikely that the effectiveness of these technological
interventions will be evaluated in the same way as new medications or traditional
therapies. For example, the sample size for evaluating technological interventions is
usually smaller, and it is difficult to conduct randomised controlled trials or longitudi-
nal studies. As a good start, descriptive studies, case studies, and qualitative studies of
these technological interventions have been increasingly accepted by medical jour-
nals. We posit that new evaluation methods and consensus need to be agreed upon by
researchers in the fields of medicine, technology, and design for facilitating the devel-
opment of these technological interventions to be efficient and effective in the future.

A summary of the technologies on dementia care that have been mentioned so far
and the evidence of their effectiveness (if any) can be found in Table 4.1. The
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evidence is listed as bullet points under each intervention, and for qualitative evalu-
ations the evidence consists of selected quotes from these studies, given the space
limit of this chapter.
In Table 4.1, the categorisations of these interventions are based on the type of
primary users and the type of care settings (i.e., home care, nursing-home care).

Table 4.1 Recent technologies for dementia care and their effectiveness categorised by primary
users and care settings

Home
care

Nursing
home
care

People with dementia

TV-based home care support [11]

* Patients “liked the contact list and appreciated
having a pre-view of their camera”, “reported
to enjoy videoconferencing with their
caregivers and healthcare professionals”, “enjoy
cognitive exercises especially those with ‘no
time limit™”’

mHealth app [8]

* “Appeared useful in stimulating memory and
cognitive function, aiding communication, and
providing a sense of normalcy for people living
with dementia and their carers”
Video-conferencing [7]

¢ Older adults “regard video-conferencing
positively, and see it as a good way of
communicating with family/friends”

* “Video-conferencing is an unfamiliar
technology for many older residents, and
practice and staff assistance are required”
Virtual group cycling experience [12]

* Participants “reported the virtual cycling
experience to be immersive and challenging
and reminisced about cycling earlier in life”

* The activity manager “observed that the
virtual cycling experience was an overall
positive experience and emphasised benefits of
safety screening and preparation prior to the
activities”

Social robot [6]

* Evaluated parameters other than effectiveness
Videogame [5]

* Informal and professional caregivers
“perceived a self-rated improvement in the
physical and cognitive resources of the person
with dementia”.

VR-based rehabilitation [4]

* “Only seven dementia patients were happy to
use the VR system. The remaining reported
experiencing claustrophobia and did not
complete the study”’

* “A significant increase in the scores of the
emotional state of people with dementia in
pre- and post-VR exercising exposures”

Caregivers

OneCare [13]

* No evaluation conducted

Social robot [10]

* Caregivers “asserted the potential
of the social assistive robot to
relieve care burden and envisioned
it as a next-generation technology
for caregivers”

Pain assessment app [14]

* Frontline staff reported lower
levels of workload, lower levels of
emotional exhaustion, lower levels
of depersonalisation
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There are several differences between the technologies adopted in the home care
settings and those adopted in a nursing-home care setting. In the home care setting,
a person with dementia (usually in the early to moderate stages) is mainly cared for
by informal caregivers; while in the nursing-home care setting, a group of people
with dementia (usually in the moderate to late stages) are mainly cared for by pro-
fessional caregivers.

Depending on the care settings, the functionalities of the technologies regarding
people with dementia as primary users could be different. First, since most people
with dementia living at home are in the early to moderate stages of dementia, they
can use more advanced technologies such as a mHealth app. In contrast, the tech-
nologies deployed in the nursing homes are mainly in the form of visuals and physi-
cal robots. Besides, technologies in the nursing-home care setting usually have a
feature for group activities [15], sometimes the residents can provide social com-
pany to each other when the caregivers are busy with other tasks. For the technolo-
gies regarding caregivers as primary users, as mentioned before, their functionalities
differ widely between informal caregivers and professional caregivers.

It is worth mentioning that the benefits of these technologies to people with
dementia and their caregivers are intertwined. To explain, when the technologies
primarily address the needs of people with dementia, people with dementia will
require less help as a result, which will indirectly reduce the care burden in the care-
givers; when the technologies primarily address the needs of the caregivers, the
workload of the caregivers will be reduced as a result, which will allow them to have
more time and energy to care for people with dementia. To conclude, these tech-
nologies, no matter which primary user they target, will contribute to the well-being
of both people with dementia and their formal and informal caregivers.

Most technologies target either people with dementia or caregivers or both, and
a limited number of technologies also support other stakeholders in dementia care.
For example. in nursing homes, caring for people with dementia is a group effort.
Recently, a digital platform was developed to fill this gap [16]. Specifically, it helps
the care team to keep track of the health status of the residents and of their surround-
ing environment by means of analysing location data collected from people with
dementia and the caregivers.

4.2.2 Reflections on Technologies for Dementia Care

Technology for dementia care is a broad topic, the review provided by this chapter
is by no means exhaustive. There are a few review articles about this topic recently,
while from different perspectives. A recent scoping review is on the use of technolo-
gies to promote meaningful engagement for adults with dementia in residential aged
care, and centres on the technologies addressing the social needs of people with
dementia [17]. A recent systematic review is on electronic assistive technology
within supporting living environment for people with dementia, and is more focused
on the autonomous needs of people with dementia [18]. A scoping review protocol
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indicates that the use of touch screen tablets for supporting social connections
among people with dementia will be reviewed in the near future [19].

Lastly, the ethical issues raised by these technologies should be highlighted.
Ethical consideration should be an integral part of the development process of new
technologies, especially when the target group consists of vulnerable people. Since
people with dementia have impaired cognition, special attention should be paid to
aspects of privacy, and concerns of deception. Informed consent should be consid-
ered before and during the development of the technology.

4.3 Technologies in Falls Management

We categorised the technologies developed for addressing falls into four sequential
groups, which are: prevention phase (before a fall happens), detection phase (when
the fall is about to happen or is happening), consequence reduction phase (when the
fall just happened), and treatment phase (after the fall has happened).

A variety of technological interventions have been developed for falls preven-
tion. Video games have been designed for encouraging older adults to do exercise
[20], which is an effective way for improving one’s physical health. Another
example is the Intelligent walker [21], which has sensors and actuators embed-
ded to guide people with visual impairments to navigate the surroundings.
Besides, DVD videos on falls education have been distributed to older adults to
increase their awareness on falls prevention and to practice the recommendations
in their daily lives [22]. An augmented reality prototype has been developed to
allow falls prevention experts to superimpose proposed recommendations into
the home environment of the older adult [23], which helps older adults to under-
stand these recommendations and hence eases the discussion and evaluation of
these recommendations. Smart home systems have been developed for facilitat-
ing older adults with activities of daily living, and a recent smart home system
can help older adults with operating lights, windows, doors, and appliances; one
rationale behind these functions is that taking over these tasks could reduce the
risk of falls for older adults [24]. Moreover, researchers have also deployed
CCTV cameras to capture the moments of falls for understanding why people
fall. One study identified that the most frequent cause of falling was incorrect
weight shifting, followed by trip or stumble, hit or bump, loss of support, col-
lapse, and lastly, slipping [25]. It has also been found that falls occur more during
standing and transferring than during walking [25]. Another study uncovered that
the agreement between video analysis and incident reports on the cause of imbal-
ance and activity while falling is below 50% [26]. These findings shed light on
how to design for falls prevention.

Regarding falls detection, some fall alarms have been developed to inform
caregivers that a fall might happen or is happening [21]. Fall alarms can be cate-
gorised as a technology for falls detection because the caregivers need to act
quickly to stop the fall from happening. The alarm is usually triggered when the
person is sitting up from the chair or bed, and caregivers have reported that
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sometimes they do not have enough time to intervene before the fall happens. To
cope with this issue, voice-recorded messages, such as “Grandpa, please get back
in your chair”, can be played to the older adult when the alarm is triggered. This
is more informative and less frightening to older adults than the sound of an alarm.
Some recent fall alarms can also be individualised based on the needs of the
patient. The fall alarms are oftentimes incorporated as a feature in the smart home
system as well [27].

The third category is consequence reduction, which implies how to reduce the
consequence of the fall when the fall has happened. Some fall alarms are devel-
oped to inform caregivers that a fall has just happened so that the caregivers can
react quickly, and the older adult will receive pain relief and treatment in time
[21]. Telecare has been applied to allow older adults to reach out to healthcare
professionals, their families, or friends when there is a health-related accident.
For example, when one falls, this person can push a wearable emergency button
to send the helping signal to the people in his or her emergency contact list [28].
A hip protector is also developed to provide cushioning and spreading the impact
when the person falls, which has been found to be effective in preventing hip
fracture when they are worn [29]. However, their uptake by older adults is low, the
reported reasons are: mild discomfort while wearing them; difficulty in putting
them on and taking them off; poor fit; forgetfulness; and perceived lack of per-
sonal risk [29].

As for treatments after falls, the physical treatments older adults receive are simi-
lar to other types of therapeutic rehabilitation; for example, an innovative prototype
software tool has been developed to visualise dynamic movement data when older
adults undertake activities of daily living to guide the rehabilitation process [30].
Besides, some older adults will undertake psychological therapies to overcome the
fear of falling after the incident, and mixed reality has been applied to facilitate
these therapies [31].

These four categories are by no means mutually exclusive. For example, when
the fall alarm detects a fall is about to happen, the caregiver will be notified and try
to prevent the fall from happening. Despite these overlaps, these categories provide
a structure for the readers to understand and remember the variety of technologies
on falls management.

4.3.1 Effectiveness of the Technologies on Falls Management

Both formative and summative evaluations have been conducted for these technolo-
gies. The summative evaluations usually report the evidence of effectiveness for
these interventions. The formative evaluations usually discuss the evaluation out-
come on how to develop the intervention further. A summary of the technologies on
falls management that have been mentioned so far and the evidence for their effec-
tiveness (if any) can be found in Table 4.2. The evidence (or evaluation outcome) is
listed as bullet points under each intervention.
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Table4.2 Recent technologies for falls management and their effectiveness categorised by phases

Prevention phase

Detection phase

Consequence
reduction phase

Treatment phase

Video games that encourage exercise [20]

» The Wii (video game platform) was perceived to be easy to use, to provide
a way to socialise with peers and to give opportunities to participate in
activities in a new way.

Intelligent walker [21]

* No evaluation reported.

DVD videos for falls education [22]

« Patients in the treatment group were significantly more likely to report not
falling at 3 months than patients in the control group.

* The number of falls was lower for the treatment group, while the
difference was not statistically significant.

Augmented reality for home modification [23]

 The use of this tool helps older adults with understanding the benefits of
home modifications for falls prevention.

Smart home [24]

 Those in the intervention group reported a high degree of satisfaction with
the technology.

Videos for falls analysis [25]

* No evaluation reported.

Fall alarms (part of smart home) [27]

» The placement and sensitivity of the fall alarms should be carefully
thought through.

* Some caregivers report they do not have sufficient time to prevent the fall
from happening after receiving the alarm.

Fall alarms (part of Telecare) [28]

* An automatic fall detector was useful for older people who were unable or
reluctant to use a pendant alarm following a fall.

Telecare [28]

* Some participants felt a greater sense of security and reassurance, yet
confidence levels were not increased for others.

Hip protector [29]

* Their uptake by older adults is low, which could be due to mild discomfort
while wearing them; difficulty in putting them on and taking them off; poor
fit; forgetfulness; and perceived lack of personal risk.

Software for visualisation of biomechanical data [30]

* No evaluation reported.

Mixed reality intervention on fear of falling [31]

* Mixed reality has the potential to help older users perform physical
exercises that could improve their health conditions.

* More research on the effect of mixed reality falls prevention interventions
should be conducted with special focus given to usability issues of mixed
reality.

4.3.2 Reflections on Technologies for Falls Management

There are a few review articles on the use of technology on older adult falls preven-
tion, and the most recent scoping review examined these technologies from the
perspective of occupational therapy [32]. This review indicates that multifactorial
programs in occupational therapy are useful for preventing and reducing falls. This
is because the factors contributing to falls are diverse and their relations are
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complex. A multifactorial intervention includes the complex assessment of different
components for addressing falls, such as activities of daily living, fall risk, environ-
ment, education, and fear of falling. However, most of the current technologies
developed for addressing falls mainly offer single-component interventions. This
reveals one direction for improving these current technologies in falls, that is, inte-
grating them carefully to form a comprehensive support from falls prevention to
treatment after falls.

To do so, more evidence about the effectiveness of each technological interven-
tion is needed. Besides, with the increasing privacy awareness and ethical concerns
over the years, some of the technologies applied for falls management might not be
appropriate in the future. For instance, the use of CCTV cameras might be replaced
by ambient intelligent or wearable sensors for capturing the behaviours of the older
adults and the context that they are in before and during a fall incident.

4.4  Acceptance of Technology in Long-Term Care

Only a fraction of the technologies developed in long-term care for older adults
have been successfully implemented in a real-life context. Researchers have been
investigating what are the barriers and facilitators for technology adoption for older
adults and their caregivers. A few theoretical models have been proposed and
applied, such as the Technology Acceptance Model [33] and the Unified Theory of
Acceptance and Use of Technology [34], to develop technologies that will be
accepted by users. A few common determinants shared by these models are “per-
ceived usefulness”, “perceived ease of use”, and “self-efficacy with technology”.
The weighting of these determinants for older adults has been different from their
caregivers. For instance, a study has found that older adults with less education and
not familiar with the Internet have a lower acceptance towards technology while
caregivers are more likely to use the technology when they think the older adults
could benefit from it [34].

It is also common for older adults and their caregivers to have conflicting needs
and goals. As identified during the evaluation of a smart home system for dementia
care [35], the person with dementia tends to use the alarm feature often even when
there are no urgent events. This feature brings a sense of safety when the person
with dementia is feeling insecure while has the risk of exhausting the caregivers.
These tensions need to be addressed early-on during the development of the
technology.

4.5  Future Directions of Technology in Long-Term Care
4.5.1 Chatbot as the Technology Interface

We would like to highlight chatbot as one of the future directions of technology in
long-term care for older adults. A chatbot is a computer program that simulates and
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processes human conversation to facilitate humans on interacting with digital
devices [36]. The chatbots communicate with users in either a written or spoken
manner and make the users feel as if they were communicating with a real person.

Chatbot can be a useful tool on delivering e-health to older adults. They are more
accessible than mobile apps, robots, and voice-enabled conversational agents due to
the low cost, the prevalence of smartphone usage and the familiarity with text mes-
saging among older adults.

A chatbot has been applied to facilitate older adults with reporting symptoms
who receive chemotherapy at home [37]. This frees up time of the nurses, who had
to administer questionnaires on symptoms reporting. Besides, the survey compli-
ance rate and question completion rate were very high. Moreover, some conversa-
tions between participants and chatbot revealed serious health or care plan adherence
issues, which were intervened timely in this study [37]. The researchers acknowl-
edged that the caregivers might be able to identify the same issues with the tradi-
tional approach, while the additional benefit of the chatbot is that they are able to
store the conversation record over a long time and the older adults can write to the
chatbot at any time. This could reduce the recall bias and might help older adults to
report less severe but underreported symptoms (e.g., constipation).

Chatbots have also been developed for improving the mental health of older
adults. Older adults tend to experience anxiety and depression induced by social
exclusion and loneliness. One study evaluated a chatbot built for tackling this issue
[36]. This chatbot encourages emotional self-disclosure, checks on sleep, general
wellness, and diet, provides games, to name a few of its features. It has been found
that the human-like interactions created by the chatbot make older adults feel being
cared for and accompanied, and sometimes even though older adults are reluctant to
use the chatbot at the beginning, they started to chat with the chatbot after the chat-
bot has been regularly initiating conversations for a period of time. The anxiety and
depression among older adults were reduced at the end of the study. This study also
generated guidelines on how to design user-friendly interfaces to reduce the tech-
nology anxiety among older adults.

Chatbots have also been developed for people with dementia and their caregiv-
ers, yet their design is in its stage of infancy. Dementia is progressive, some advanced
chatbots can learn from their users and adapt themselves timely. The more person-
alised and evidence-based the chatbots, the more support and benefits they can pro-
vide to older adults. Like social robots, chatbots raise the same ethical concern of
deception, monitoring and tracking, as well as informed consent. These issues need
to be discussed with older adults at the early stage of the chatbot development pro-
cess. In general, the current research on chatbots for older adults is limited, and
more research needs to be done to evaluate and refine the current guidelines on
designing chatbots for older adults as well.

4.5.2 Achieve the P4Healthcare Vision

The vision that healthcare should be preventative, personalised, predictive and par-
ticipatory (P4Healthcare) has been proposed as a set of guiding principles with the
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potential for improving the current healthcare delivery [38], which we posit could
be operationalised and applied for long-term care for older adults.

A systematic review indicates that the P4 principles are embraced partially and
non-systematically by the current technology-based interventions focusing on cog-
nitive impairment [39]. We postulate that integrating appropriate technologies and
design approaches could lead to a systematic application of the P4 principles in
long-term care for older adults.

We present below a hypothetical case on how to integrate technology and design
for achieving the P4Healthcare vision. Specifically, three design approaches are
explored, which are: Co-design, Behavioural Design and Data-enabled Design,
each can be facilitated by technology. The application of these three design
approaches is intertwined, each has its emphasis:

e Co-design helps the research team to engage users as co-designers and understand
their unmet needs. Technologies such as VR help older adults and their caregivers
to experience what current technologies are like and spark their creativities.
Besides, with VR, they can experience the designed scenario early-on, which can
help them to provide more accurate feedback regarding their attitude towards the
design. Co-design mainly taps into the Participatory aspect of the P4 vision.

e Behavioural Design is based on the application of theories and models of behav-
iours and behavioural change to design for desired behavioural change. For
example, in healthcare, Behavioural Design has guided the design of e-health
interventions to promote active lifestyles among older adults. These e-health
interventions could monitor the physical activities of the users with built-in sen-
sors in their smartphones so as to evaluate if they become more physically active,
hence shed light on the effectiveness of the interventions. Lifestyle has a signifi-
cant influence on one’s health. An active lifestyle could prevent the initiation and
progression of many chronic diseases. Behavioural Design mainly contributes to
the Preventative aspect of the P4 vision.

e With the surge of big data and artificial intelligence, Data-enabled Design has
been applied to guide the collection, visualisation and analysis of data needed for
the development and evaluation of the interventions designed. Data-enabled
Design has been applied to reveal insights at both the personal level and the envi-
ronmental level. At the personal level, behavioural, emotional, and experiential
data about a person could be collected and analysed. At the environmental level,
temperature, sound, light, and air quality data about the living environment could
be collected and analysed. The integration of insights about the personal and
environmental level could allow users to receive personalised, context-aware
notifications and predictions. Therefore, Data-enabled Design mainly contrib-
utes to the Predictive and Personalised aspects of the P4 vision.

4.5.3 Rethinking the Functions of the Nursing Home

After summarising the latest developments in technology, we think the nursing home
could play an increasing role as a centre for testing and investigating the
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(effectiveness and effects of) new technologies for the care of older adults. But per-
haps, even more importantly—in view of the growing number of senior citizens age-
ing at home—we think the nursing home is ideally placed to be the community hub
for the care of the older citizen, and technology will be essential to achieve this role.

We acknowledge that the long-term care industry has been encouraged to focus
on supporting ageing in place or in community-based settings rather than in typical
nursing homes, although the need for 24/7 nursing home care will always remain for
certain patients at the end of their long-term care journey. In addition to relocating
some residents who were able to receive care at home, some nursing homes have
acquired home-care agencies, hospices, and assisted-living facilities [40], and in
doing so, they have expanded their services so that they are equipped to offer inte-
grated care throughout the various parts of the long-term care journey. To illustrate,
when a person is admitted to a nursing home, it will help the person to adapt to this
new phase of long-term care better if this person has previous experience with this
nursing home, for example, this person had received home-care services from this
nursing home when he or she was still living at home. Besides, the nursing home
already has information about this person and his/her preferences, so is equipped to
provide personalised care. In Fig. 4.1, we illustrate the connections of the nursing
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Fig. 4.1 The nursing home as the hub for elderly care where the dotted lines represent the
technology-supported channels for communication and exchange of knowledge/expertise/data
between the nursing home and its partners and vice versa
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homes within the community, which could be both physical and digital, represent-
ing our vision of the long-term care journey.

4.6 Conclusions

In this chapter, we have discussed the role of technologies in long-term care and
nursing homes, which is a broad field under development. Due to the limit of space,
we have used examples to highlight the landscape of technology in long-term care
for older adults, specifically focused on dementia care and falls management. The
evidence of effectiveness of the technological interventions developed is limited so
far, and we hope this chapter could bridge researchers from different disciplines to
collaborate on improving long-term care for older adults with technology. We posit
that technology is not the final solution, rather, it is a means to the end, which needs
to be designed carefully to be ethical, appropriate, desirable, and sustainable.

For future directions, we see the emergence of the chatbot technology, among
others; and suggest that design approaches should be applied to guide the technol-
ogy development process for shaping technologies that provide long-term care to
older adults that are preventative, personalised, participatory, and predictive. In the
end, we encourage the potential of nursing homes to be explored further on their
roles in facilitating long-term care. The readers are encouraged to explore this field
with this chapter as a guide, and find more technologies, application areas and future
directions.
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Technologies and Frailty: 5
A Multidimensional Approach

Alberto Cella, Marina Barbagelata, and Alberto Pilotto

5.1 Conceptual Models and Clinical Measures of Frailty

Geriatric frailty is a syndrome burdened with several negative clinical outcomes
(falls, hospitalization, long-term care admission and mortality). Its early recognition
can allow strategies to be put in place to prevent or contain its effects. Geriatric
research in recent years has seen heated debate particularly in terms of its definition
and pathophysiology: in the Frailty Operative Definition-Consensus Conference
Project experts agreed on the importance of a more comprehensive definition of
frailty that should include assessment of physical performance (gait speed and
mobility), nutritional status, mental health, and cognition and that frailty can be
modulated by diseases [1].

Different models of frailty, based on different theoretical constructs, capture dif-
ferent groups of older adults or different frailty pathways; similarly, the different
assessment tools proposed for the measurement of frailty have shown a varying
degree of reliability and clinical usefulness [2]. The two best-known models of
frailty are the phenotype model, i.e., the physical frailty developed in the
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Cardiovascular Health Study (CHS) [3] and the cumulative deficit model developed
in the Canadian Study of Health and Aging (CSHA-Frailty Index) [4].

More recently, a novel conceptual model has emerged, the multidimensional
model of frailty that can be better captured by the comprehensive geriatric assess-
ment (CGA) and its derived Multidimensional Prognostic Index (MPI) [5]. This tool
evaluates eight domains (Activities of Daily Living—ADL, Instrumental ADL—
IADL, risk of pressure sores/mobility, cognition, nutritional status, comorbidity,
polypharmacy, cohabitation status) and has been applied in different clinical set-
tings, showing always excellent predictive accuracy of negative health outcomes
[5]. Furthermore, some data seems to indicate the superiority of the MPI in predict-
ing mortality compared to the most widespread models of physical frailty, i.e., the
frailty phenotype and the cumulative deficit model [6, 7].

The problem of ‘assembling’ the most significant data of the domains that char-
acterize frailty could be solved by the availability of more reliable and cheaper
technologies, that could allow for an automated assessment and monitoring of all
the constitutive dimensions of frailty in the daily life of older people overcoming the
problem of partial and indirect evaluations as happens in a doctor’s office.

5.2  Gerontechnologies and Frailty

The technologies usable in the context of digital healthcare and assistance for the
elderly are very varied and have recently played a relevant role during the Covid-19
pandemic, for example, through web-based platforms, apps on mobile devices and
video calls [8]. During the pandemic, some authors have also developed CGA mod-
els suitable for telemedicine programs that can be used through teleconferencing
applications to evaluate the more vulnerable subjects [9]; for example, the develop-
ment and implementation of a telephone-administered digital version of the MPI
(TELE-MPI) for remote monitoring of community-dwelling older people could
identify the frail subjects at higher risk for falls and psychotic symptoms in a home-
based clinical setting [10]. The same assessment tool (TELE-MPI) made it possible
to define the frailty trajectories of the elderly living in the community during 1 year
of follow-up, suggesting that the negative effects of the COVID-19 pandemic were
far beyond simple infection and disease, causing a significant deterioration of the
multidimensional state of frailty in both infected and uninfected elderly subjects [11].

Furthermore, the widespread use of digital technologies to facilitate access to
health and social care during the Covid-19 pandemic has offered a unique opportu-
nity to better understand the usefulness and barriers and limitations of their use [12].

Information and communication technologies (ICTs) can be beneficial for older
adults under many aspects: they favour direct interaction with people, contributing
to the well-being and improving quality of life and social engagement. ICT use
offers challenging activities that can empower individuals; many internet services
can support autonomy in old age by facilitating the execution of many routine tasks
through e-services (e.g., banking, shopping) and communication with social and
health services.
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‘Internet-of-Things’ (IoT) is the set of “web-enabled smart devices that use inte-
grated systems, such as processors, sensors and communication hardware, to col-
lect, send and act on data they acquire from their environments; the devices do most
of the work without human intervention, although people can interact with them—
for instance, to set them up and give them instructions or access the data” (see
Chap. 1).

In a recent narrative review about wearable technologies and the role of the IoT,
the authors identified different devices and different areas of application for the
aged care [13]. In this study as many as 11 main areas of IoT applications have
been identified in elderly healthcare: aged care monitoring, chronic disease moni-
toring, human activity recognition (HAR), specific clinical applications, emer-
gency conditions, mental health, movement disorders, rehabilitation, preventive
measures, accessibility to healthcare services and accessibility for caregiver. All
these solutions could be applied in specific areas of healthcare and assistance for
older people: ambient assisted living (AAL), monitoring health status, smart
homes, fall prevention and alerts, therapeutic adherence, monitoring gait changes
and physical performance, tele-rehabilitation, tele-care, tele-assistance, virtual
assistive companion and robotic assistive technology. The researchers pointed out
how these studies on IoT/wearable application were discussed more at a techno-
logical than a clinical level, highlighting the need for specific clinical studies,
aimed not only at the effectiveness of the technologies but also at cost-benefit
analyses [13].

A few years ago, a systematic review analysed the technologies used for these
subjects within the following areas: prevention, care, diagnosis and treatment [14].
The authors used the following criteria: frail phenotype model for the diagnosis of
physical frailty [3] and a model based on trials for the design of devices; the studies
based on these models accounted for 55% and 45% of cases respectively. In the area
of prevention, the results proved similar regarding the use of wireless sensors with
cameras (35.71%), and KinectTM sensors (28.57%) to analyse movements and pos-
tures at risk of falling. In the area of care, the studies included in the review used
various wireless motion, physiological and environmental sensors (46.15%), the
so-called smart homes. In the area of treatment, the Nintendo® Wii™ console was
the most used tool (37.5%) for improving balance and physical activity. The authors
highlighted the need of narrowing the gap between technology, frail elderly, health-
care workers and caregivers to contribute with their different views to better target
future research [14].

5.3  Clinical Studies on Technologies for Frail Older Adults

Looking at the evidence supporting the use of technology for the frail elderly, there
are few clinical studies and few reviews on this topic, as proof of the poor attention
to this population in the field of digital health. The main common characteristics of
digital health interventions tested in clinical trials on frail people are shown in
Table 5.1.
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Table 5.1 Purpose, mode of delivery and content of digital health interventions in frail people
(items listed in order of frequency of use in clinical trials, from N. Linn 2021—mod [15].)

Purpose Mode of delivery Content

* Assessing and monitoring health e Sensor-based technologies » Feedback

status * Other technology (including * Educational info/
* Communication robots) training

 Care and support * Videoconferencing * Self/reporting

* Enhancing health status * Mobile apps * Reward

* Frailty detection * Web-based technology * Goal setting

* Fall prevention * Game-based technology

¢ Rehabilitation

A recent review examined 105 studies that enrolled a total of 13,104 subjects
described as frail, with varying degrees of cognitive ability and personal autonomy,
and observed in different contexts (nearly 65% in community settings, just over
25% in clinical settings, while 7% did not report the setting); indeed, 46% of the
studies on participants in need of long-term care services [15]. The classification of
frailty was carried out with validated tools (mostly the frailty phenotype) in less
than 50% of the studies; furthermore, the relative share of frail, pre-frail and non-
frail subjects in each study sample was not always been clearly reported. The digital
interventions were aimed at monitoring (43%), communication (39%), care and
support (38%), assessing health status (35%) or improving health status (28%),
frailty detection (29%), prevention of falls (11%) and rehabilitation (7%) [15]. The
most used technologies were sensor-based technologies (56%), other technologies,
such as robots and electronic pillbox (41%), video conferencing technology (17%),
mobile applications (14%), technology web-based (14%) and game-based technol-
ogy (6%). Regarding the outcome measured in these studies, evaluations in terms of
usability and feasibility were reported in 54% of the studies, effectiveness in 30%,
user experiences (e.g., satisfaction surveys) in 23%, diagnostic accuracy in 22% and
cost analysis only in 7% [15].

The overall level of evidence from these studies was relatively low, given the
paucity of randomized controlled trials (one exercise program based on a game
system and another exercise program in a tablet and a night light to prevent falls); in
some cross-sectional studies, positive results emerged in terms of assessing the
frailty and risk of falling and fall detection [15].

Another recent systematic review about the use of technologies in the manage-
ment of older frail people [16] confirmed that the frailty phenotype was the frailty
model used by the majority of the included studies (14 out of 16). Three main classes
of ICT technologies have been employed: (1) accelerometers and inertial sensors (to
assess gait, balance, specific performance tasks, and movement and kinematic data);
(2) dynamometer (to measure grip strength); (3) motion sensors (for the assessment
of the physical activity). The included studies generally aimed at assessing frailty by
using ICT technologies to sharpen gait analysis, standardize the measurement of
physical activity, or integrate information from several devices to detect frailty.

ICTs have also been used to test the effects of rehabilitation interventions; in this
application, multiparameter measurements derived from inertial sensors were more
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sensitive in detecting improvements after a physical rehabilitation programme than
traditional clinical evaluation [17]. The use of a robotic platform has proved useful,
through the analysis of the specific components of postural control, to identify the
risk of falling after 1 year; in this way, it is possible to lay the foundations for a
personalized robotic rehabilitation [18].

Some recent studies have focused in particular on the ability to refine the detection
of the degree of multidimensional frailty through the use of ICT and Artificial
Intelligence (Al) applications. In older patients admitted to geriatric wards the auto-
matic calculation of the MPI on the basis of CGA data derived from the electronic
clinical record (record-based MPI) accurately predicted mortality and re-admission
rates in patients over the age of 75 [19]. In another study, machine learning applications
were able to classify hospitalized older patients into different levels of multidimen-
sional frailty (i.e., no frail, pre-frail or frail) and categorize their risk of mortality [20].

By contrast, very few intervention studies have implemented technological solu-
tions in the field of frailty. In a systematic review [21] including 48 studies, only one
was a Randomized Controlled Trial (RCT) specific for the frailty condition: the aim
of the RCT was to evaluate the effect of a 12-month home Tele-monitoring to prevent
frailty and death in older adults with clinical problems [22]. The technology used in
the study was a Tele-monitoring system, consisting of a health guide placed at the
patient’s home along with other peripheral equipment for monitoring biometric
parameters. This study showed that the home Telemonitoring did not decrease the rate
of functional decline as measured by frailty status and mortality in older adults [22].

5.4 Living Labs and Multidimensional Frailty

Gerontechnology and digital automation have found a relevant field of application in
the so-called Living Labs, indicating possible useful applications even for the frail
elderly. The concept of Living Lab (LL) appeared in the 2000s, evolving from the
definition of a particular research infrastructure (an environment that replicates a
normal home in which services, automations and technologies are experimented) to
that of a dynamic multi-stakeholder network aimed at fostering user-driven innova-
tion in real-life contexts [23]. Even if the concept of LL is quite complex because it
can refer to an environment, a methodology and a system, LLs are now considered
one of the main actors in innovation management: the LL-based approach allows the
identification of micro-level factors, related to the individual user, and macro-level
factors, related to the stakeholder network existing in the ecosystem; hence a dynamic
interaction between design, development and provision of services for users [23].

In this research context, the recent data from the LLs “MoDiPro” (Protected
Discharge Model) and “Pro-Home Project” (co-funded by the Italian Ministry of
Health) for older hospitalized patients at high risk of delayed discharge due to social
and/or housing problems has shown that innovative solutions can be useful for the
assessment and monitoring of elderly people through home automation, robotics,
environmental solutions (RGB-D and depth cameras for body tracking) and wear-
able devices (smartwatches) (see Figs. 5.1 and 5.2) [24].
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Fig. 5.1 Architectural and sensor design in the ‘smart home’ of the MODIPRO project [24]
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Fig. 5.2 Data flow and monitoring scheme in the Pro-Home Project [24]
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Subjects admitted to the Living Labs can be assessed and monitored as regards
movements, gait speed, basal and instrumental daily living activities, sleep quality
and other functions (drinking, eating, taking medicines, leisure activities, etc.) but
most of all as regards the degree of their multidimensional frailty [25]. In the LLs,
digital technology and robotics have been combined, also to test the effects of reha-
bilitation interventions, demonstrating that multiparameter measurements derived
from inertial sensors were more sensitive in detecting improvements after a physical
rehabilitation program than traditional clinical evaluation [26]; it was also possible
to calculate the individual risk of falling in an ecological context such as the home
environment simulated by the LL [18].

5.5 Gerontechnology and Frail Older People with Dementia

The relationship between ageing, frailty and dementia is very complex. First, ageing
is associated with both frailty and cognitive decline; second, frailty is known to be
a predictor of all forms of dementia, especially in women. Despite inherent differ-
ences in ageing metrics that incorporate cognitive and physical function, they con-
sistently capture mortality risk. The available data support the incorporation of
cognitive and physical function for the stratification of mortality risk and suggest
the possibility of adopting suitable metrics to grasp both the physical and cognitive
dimension of frailty [27].

Data from a large epidemiological study (UK Biobank prospective cohort study)
show that two parameters of the phenotypic model of frailty (low physical activ-
ity—in this study measured with an accelerometer—[28] and lower grip strength
[29]) were associated with a higher risk of all-cause incident dementia, indepen-
dently of major confounding factors.

Most ICT applications developed for both patients with dementia and primary
caregivers are focused on in-home care and can help caregivers better manage situ-
ations in daily life and understand the disease process [30]. An aspect in which
telemedicine can help in monitoring the disease over time is the evaluation of cogni-
tive functions. Some data support the possibility of carrying out the remote admin-
istration of neuropsychological tests, particularly those that rely on verbal responses
from participants [31]. Cognitive training solutions showed clear positive effects on
objective and subjective cognitive functioning and promising effects on depression
of subjects with cognitive impairment or dementia, while supportive web platforms
for informal caregivers were indirectly beneficial for behavioural and psychological
symptoms of dementia (BPSD) and were successful in increasing their self-efficacy
[28]. Furthermore, a systematic review about cognitive telerehabilitation for neuro-
degenerative disease provides preliminary evidence suggesting that it may have
comparable effects as conventional in-person cognitive rehabilitation [32].

Another relevant question is whether assistive technology (AT) can help people
with dementia and their caregivers: limited evidence is available regarding the
effectiveness of AT in improving the safety of demented people in the domestic set-
ting (reducing fall-risk) and the available data are not conclusive about whether AT
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is effective in decreasing care home admission [33]. Moreover, there is no evidence
that AT is effective in supporting people with dementia to manage their memory
problems [34] or in maintaining an independent life [35].

5.6 Gerontechnology and Frail Older People Living in Aged
Care Facilities

As we all know, nursing homes (NH) and other long-term care facilities constitute
the care environment in which the greatest number of frail elderly subjects are found
[36]. There is a growing number of technology-based interventions designed to sup-
port the health and quality of life of nursing home residents. The Covid-19 and the
recommended social distancing policy have led to increased interest in relying on
technology-based solutions; although these solutions have the potential to provide
healthcare, there is limited evidence of the benefits and delivery options of
technology-based interventions specifically designed for nursing home residents. A
review of the literature on implementing health information technology (HIT) in
NH found that these facilities often do not use a systematic process for HIT imple-
mentation, lack the necessary technology support and infrastructure, such as wire-
less connectivity, and make little investment in staff training [37]. Without an initial
investment in the implementation and training of their workforce, nursing homes
are unlikely to make potential HIT-related gains in productivity and quality of care
support; to overcome the problem, policy makers should ensure greater incentives
for preparation, infrastructure and training, with greater involvement of nursing
home staff in design and implementation [35]. In this context, leadership practices
that value innovation and employee empowerment appear to be the determining fac-
tor in bringing nursing homes to adapt to HIT implementation and streamline the
implementation process.

5.7 The New Challenges of Gerontechnology
5.7.1 Digital Literacy

Digital literacy is one of the most important problems in the spread of gerontechnol-
ogy: older age, lower education, lower income, belonging to an ethnic minority or
living in a remote area are all associated with reduced access or use of eHealth
resources (health information, communication with health professionals, health
monitoring, use of medical records). Although the concept of eHealth literacy was
introduced in 2006 [38], in most eHealth development studies digital literacy was
not explicitly considered or evaluated [39]; moreover, it lacked a theoretical frame-
work to inform eHealth planners on how to meet the needs of users, whose point of
view was only marginally considered. It is clear that failure to address this problem
leads to poor adoption of eHealth interventions and ineffective outcomes. As a
result, older people (among other disadvantaged groups) are at risk of digital



5 Technologies and Frailty: A Multidimensional Approach 71

exclusion, leading to a potential widening of health inequalities. There is also a lack
of adequate scientific evidence on how to assess the digital literacy of older people,
the implications of digitalization for their treatment, and how healthcare profession-
als can benefit from this phenomenon [40]. However, a recent survey of the Italian
Geriatrics Hospital and Community Society reported that there is significant interest
in improving eHealth literacy in older adults and geriatric healthcare profession-
als [41].

5.7.2 Usability

eHealth system designers need to consider the age-related issues in cognition,
perception and behaviour of geriatric patients while designing telemedicine
applications and devices [42]. Indeed, the potential for e-Health to improve
healthcare is largely dependent on its ease of use; for this reason, to determine
the usability for any technology, rigorously developed and appropriate measures
must be chosen.

The usability of technologies becomes even more complex in the case of frail
elderly subjects. A population survey of people aged 65-98 living in Northern
Finland showed that physical frailty was negatively associated with older people’s
ICT use regardless of age, education and opinions on the use of ICT, with relevant
implications in the design of preventive and assistive technologies and interventions
for the most compromised elderly [43].

One area that deserves specific investigation is that of consumer experience mea-
surement tools, in order to assess whether the use of these technologies is making a
measurable difference in the quality of care or patient experience [39]. Finally, it
should be noted that there is currently a lack of psychometrically valid measures to
assess the usability of eHealth technologies.

5.7.3 Ethical Issues

The most frequent ethical objections arise from the idea that people are, or should
be, independent and self-determining. However, it has been observed that this point
of view is not very applicable and useful in the debate on the use of ICT and AT for
the frail elderly, especially when cognitive deficits are present: it seems more appro-
priate to adopt an ethical approach that considers individuals as social and recipro-
cal persons [44].

Two main ethical themes have been identified in a recent literature review in
which surveillance and monitoring technologies were mainly investigated: (1) ‘bal-
ance between the benefits of using gerontechnology and the fundamental rights of
the elderly’, that is, the issues of safety, privacy and autonomy; (2) “gerontechnol-
ogy as a risk of insecurity for the elderly”, including the fear of losing human con-
tact and concern [45]. Respect for privacy, in particular, requires the definition of
data ownership policies [42].
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Finally, in times when health and social services are increasingly offered online,
the digital divide may predispose people with low digital literacy and high needs for
services to exclusion from them [42].

5.8 Conclusions

Important limitations emerge in the clinical research carried out so far on the use of
technologies in frailty. First, most studies have focused on diagnosing frailty rather
than experimenting with interventions to prevent or contain its effects. Secondly,
considering the technology-based ‘diagnosis’ of frailty, there is no homogeneous
clinical validation reference, although the adoption of the phenotypic model is prev-
alent. The latter model, however, explores only parameters related to physical func-
tion (exhaustion, low energy expenditure, poor grip strength, slowed walking speed)
and nutritional status (unintentional weight loss), neglecting important dimensions
of frailty, such as cognitive functions, socio-relational aspects, comorbidities, poly-
pharmacy, etc. According to a comprehensive and multidimensional approach to
frailty, the opportunities offered by ICT, machine learning or other aspects of Al
should instead allow the exploration of all these aspects to define the most effective
combination of data to identify frail people at an early stage and to monitor their
changes over time [46].

We then need RCTs testing different application or models of eHealth compared
to the usual care to define the best practices and which frail older subjects can be the
target of ICT-based interventions able to guarantee their possibility of ‘ageing-in-
place’, safe and with the best possible quality of life. Comparative studies on devices
and different technologies in terms of usability, reliability and costs are also needed.
Finally, cost-effectiveness and cost-benefit analyses will be essential in assessing
the sustainability of these solutions in an ageing world with an ever-increasing num-
ber of frail people [47].

The development of innovative digital solutions must be considered with particu-
lar urgency for the frailest of the frail older subjects, i.e., the elderly population
living in nursing homes as the Covid pandemic has dramatically highlighted.
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6.1 Mobility Alterations in Normal Aging

Mobility is defined as the ability to independently move around in the environment;
it is a strong prognostic marker for disability and mortality in the general popula-
tion, and it is a key contributor to quality of life, especially in older age. The digital
assessment of mobility has been recently recognized as pivotal endpoint for phar-
macological and non-pharmacological interventions [1]. The normal aging process
has been associated with several changes in mobility, including the global speed and
ability to move but also specific modifications of gait and balance, two of the most
basic aspects of mobility [2].

Two abilities are essential to walking: (i) locomotion, i.e., the ability to initiate
and to maintain rhythmic stepping and (ii) balance, that is the ability to assume the
upright posture and to maintain it in response to changes required by walking. These
are separate but interrelated components of gait [2]. Walking is a learned activity
acquired during the first year(s) of life and refined until the age of seven. The walk-
ing pattern and the gait parameters remain then stable during the entire adulthood
until old ages when significant changes of gait and balance occur and age-related
diseases can also occur [2, 3]. Several components of gait have been demonstrated
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to change with these diseases, including gait velocity, gait phases, walking posture,
joint motion, and step length [4]. The reasons are heterogeneous and include
diminished range of motion, reduced cerebral and vestibular function, reduced
visual acuity, diminished cardiopulmonary function, and reduced muscle
strength [5].

6.1.1 Gait Pattern Changes in Normal Ageing

Decreased walking speed is the most consistent change in the elderly, with a reduc-
tion by about 1% per year from the age of 60 years onwards. As already mentioned
above, walking speed is an important prognostic indicator of general health and thus
received much attention in translational research even before a systematic use of
digital technology for the assessment of gait has been possible [5].

Classically, the gait cycle can be measured from one to the subsequent strike of
the same foot. A single gait cycle can be subdivided into two phases, namely stance
phase—the time that a foot is on the ground, and swing phase—the time that the
foot is in the air. When both feet are simultaneously in the stance phase, this is
called the double limb support phase (normally about 20% of the gait cycle). When
only one foot is in the support phase, one speaks of the single limb support phase.
Running is defined as having 0% double limb support phase, which differentiates
it from walking (>0% double limb support phase during the gait cycle). During
normal aging we usually observe a slightly increased duration of the global gait
cycle—especially of the double limb support phases—necessary for increase of
stability.

6.1.2 Balance Alterations in Normal Ageing

The ability to stand and maintain posture strongly depends on an effective interac-
tion between the center of mass and the base of support [6]. Aging leads to an altera-
tion of this interaction between the center of mass and the base of support. The
posture in the elderly is usually characterized by thoracic kyphosis and loss of lum-
bar lordosis. This often leads to an increased area of the base of support, modest
knee flexion, and forward inclination of the trunk. The postural stability thus dimin-
ishes, which is further influenced by deteriorating neural, sensory, and musculoskel-
etal systems [6—8]. Moreover, there is often an increase in the hip flexion angle to
compensate for these changes.

Due to these changes in mobility and equilibrium, many elderlies have a greater
risk of falls.

Different explanations are proposed for these changes: on one side, if balance,
the ability to control the center of mass during movement, is impaired, older persons
may shorten single support time to reduce instability; on the other side, muscle
weakness may decrease power reducing velocity and shorten step length [5, 9—-11].
Other alterations that can occur with increasing age are increased stiffness and
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tremor. The mechanistic basis for these signs is still not well understood, but it
seems to be multifactorial, with factors including an age-associated decline in dopa-
minergic nigrostriatal activity, and the accumulation of vascular pathology in the
brain [12].

Impaired gait and balance changes, rigidity, bradykinesia, and tremor are defined
as mild Parkinsonian signs (MPS), which can occur regularly in the elderly without
having a “real” neurological diagnosis [12]. However, MPS are associated with an
increased risk of developing neurodegenerative disorders, namely Parkinson’s dis-
ease (PD) and Alzheimer’s disease (AD).

6.1.3 Mobility Alterations in Common Diseases of the Elderly

Several age-related pathological conditions, including frailty, lead to dysfunctions
of gait and other components of movement, and, consequently, to reduced general
mobility. For example, heart failure and pulmonary problems can impact general
muscle power and energy. In these conditions, decreased gait speed probably repre-
sents one of the most important prognostic parameters for (increased) morbidity and
mortality. Other examples are neurological disorders that are highly prevalent in the
elderly—including both central and peripheral nervous system diseases. These dis-
eases usually present a set of different signs and symptoms—most of them shared
between different disorders, whereas some specific features and gait alterations are
specific for some conditions. Step time asymmetry, for example, is an important
element suggestive for the presence of a pathological alteration of gait. However,
this sign is unspecific, as it can be present in Parkinson’s disease but also in an
asymmetric paresis or in neuromuscular disorders and orthopedic conditions.

Other parameters of gait often affected by neurological disorders are gait speed
and step length. This makes it difficult to define a cut-off between physiological and
pathological states. For gait speed, however, some rough cut-offs have been pro-
posed: <1 m/s is considered abnormal [7, 13], <0.8 m/s is associated with limited
ambulatory capacity, and <0.4 m/s is associated with dependency in ADL [1, 14].
These cut-offs are important as prognostic markers in elderly persons, as they seem
relevantly associated with disability and frailty.

6.1.4 Neurodegenerative Conditions: Parkinsonism
and Cognitive Disorders

The evaluation of mobility is pivotal for the diagnosis of parkinsonism- which is
clinically defined by bradykinesia, combined with either rigidity or tremor.
Parkinsonism is almost always associated with gait impairment. Parkinson’s disease
(PD) is the most common form of parkinsonism, affecting about 1% of people aged
>60 years of age. Mobility evaluation is central for the diagnosis, monitoring, and
prognosis of PD patients. Nigrostriatal dopamine depletion is the core pathophysi-
ological finding of PD and dopaminergic treatment is pivotal for improving motor
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Table 6.1 Typical gait changes in common geriatric syndromes and disorders

Limp or Due to inflammatory muscular or skeletal diseases, such as arthritis or due to

antalgic gait  traumas. Characterized by lifting and lowering the foot with ankle fixed.

Hemiparetic ~ Due to spasticity, a semicircular outward movement can often be observed

gait during the swing phase of the affected leg. In addition, there is often paresis of
the distal leg muscles with foot drop.

Stepping walk Seen in patients with weakness of foot dorsiflexion, e.g., due to herniated disc
L5 or paresis of the peroneal nerve. Patients lift the leg particularly in the knee
joint so that the foot does not drag on the floor.

Ataxic gait Most commonly seen in cerebellar disease, but also in diseases with severe
involvement of the sensory nerves. Patients show wide-based, irregular, and
arrhythmic gait. Even while standing still, the patient’s body may swagger
back and forth and from side to side.

Parkinsonian ~ Presents most often slow and small steps. Patient may have difficulties

gait initiating steps, and problems stopping a walk thereby even increasing step
frequency (festination; often followed by freezing of gait episodes).

Magnetic gait Typically seen in Normal Pressure Hydrocephalus. During the swing phase,
the leg is always relatively close to the ground, which has led to the term
“magnetic gait”.

“Exhausted”  Associated with decreased velocity of gait and increased risk of falling, e.g.,

gait due to loss of muscle strength and increased (physical) fatigue. Can be
observed (especially in advanced stages of) cardiovascular and respiratory
disorders

performance, including mobility. Other forms of Parkinsonism are atypical
Parkinsonian disorders, including progressive supranuclear palsy and multisystem
atrophy among others. These diseases are classically characterized by even more
severe affection of mobility, as can be observed in PD. Unfortunately, response to
dopaminergic treatment is often reduced or even not observable.

The diagnosis of PD and other Parkinsonian disorders is still based on clinical
diagnostic criteria, with or without dopaminergic imaging. Implementation of
mobile health technology can improve the diagnostic process and add important
insights into the pathophysiology but also measure the response to pharmacological
and non-pharmacological treatment at different disease stages.

Alterations of gait and mobility are observable also in other neurological disor-
ders and conditions that are age-associated and often highly prevalent in geriatric
patients. Some typical examples are shown in Table 6.1.

6.2  Role of Mobile Health Technologies in Identifying Gait
and Mobility Alterations

Mobile health technologies can support clinical assessment, or even overcome at
least some limits of clinical assessment by providing quantitative data from a stan-
dard assessment of gait, turning, and further mobility aspects. Lots of different tech-
nologies, able to target different gait parameters, have been proposed.

A digital analysis of gait enables the quantification of the different phases of gait
[15-17]. The parameters most commonly evaluated in a standard gait analyses are
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Table 6.2 Mobile health technology parameters

Time Parameters:

— Step time: Time between heel strike of one leg and heel strike of the contralateral leg.

— Stride time: Time between two consecutive heel strikes / toe offs of the same foot.

— Stance time: Time during which one leg and foot are bearing most or all of the body weight.
— Swing time: Time during which the foot is not touching the ground.

— Double limb support phase: Phase in which both feet are in contact with the floor at the
same time.

Step Length: Distance between the point of initial contact of one foot and the point of initial
contact of the opposite foot.

Variability: Fluctuations of gait measured between steps

Asymmetry: Difference between right and left side

Balance Parameters:

— Antero-posterior and latero-lateral acceleration

— Surface

Turning Parameters:

— Angle of turn

— Velocity of turn

gait speed, total step time, time of the stance and swing phases, double limb support,
and the variability between the different gait cycles. Even space characteristic can
be evaluated, in particular step length. Other gait parameters frequently evaluated
are asymmetry and variability. Another interesting component of gait, which can be
evaluated from digital health technology, is turning. Turning requires a more com-
plex synchronization of the different components of gait, compared to straight
walking. Altered turning has been associated with freezing and hesitations in
Parkinsonian disorders, and with increased risk of falls in the elderly in general.
Table 6.2 gives an overview of regularly extracted parameters from digital
technologies.

6.2.1 Different Instruments and Technology for Evaluating Gait
and Mobility

The gold standard of the analyses of movement still relies on 3D motion capture
systems, which consists of high-quality cameras, and force plates. These devices are
validated for specific tasks and provide quantitative, granular and objective gait and
balance parameters for adequate evaluation. With these parameters one can evaluate
different positions of the limbs in the space in high time and space resolutions,
which allows to draw—at least cautious—supportive conclusions concerning diag-
nosis, course, and treatment response of/within a disease [18].

These assessments are currently only applied in specific mobility labs, as they
are expensive, and require space and experienced personnel [18]. Moreover, these
assessments allow, per definition, only an assessment under stationary conditions
(“supervised assessment”). For several diseases, especially for Parkinsonism, the
supervised evaluation is however reductive, since the patient is influenced by the
presence of an observer and the performance is altered. Moreover, the evaluation is
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time limited, confined to at most some hours, usually during the day and at specific
hours. As physical performance is depending on the local environment of the person
and is also time-dependent, the collection of mobility parameters in the real life over
longer time periods may add relevant information to clinical assessment and
management.

In the last decade mobile health technologies have been developed to allow such
real-life measurements. Mobile health technologies include wearable or portable
devices but also digital application, body-worn or even consumer-market (e.g.,
smartphone) devices [19]. These technologies are less expensive than gold standard
assessment machines as mentioned above, and they do not need specific space and
dedicated staff. Another advantage of these devices is the possibility to register
potentially unlimited amount of data in different times during the day, week, month,
and year. In summary, patients can be evaluated with such technology in their nor-
mal life, removing also the influence of an external observer on data production and
collection. From a research point of view there is an additional advantage: increased
temporal and spatial resolution reduces the sample size required to evaluate the
effect of therapeutic strategies [18-21].

Another important advantage of mobile health technology is the general increase
of devices that allow data collection, e.g., by using also commercially available
devices for the collection of unsupervised data [20]. The large diffusion of smart-
watches and devices registering physical activity already enables their use for evalu-
ating basic movements and changes in mobility. In the next future, such devices
might be used as screening tools to catch people deserving specific medical atten-
tion in relation to neurological and neuromuscular diseases or prognostic tools for
elderly people. The next section will discuss these different aspects that can be
addressed with mobile health technology in more detail.

6.3  Role of Mobile Health Technology in Mobility Disorders

Mobile health technologies can provide at least additional, complementary informa-
tion concerning the evaluation of age-related diseases. This can refer to diagnosis,
prognosis, and evaluation of treatment response.

6.3.1 Mobile Health Technology as Diagnostic Tools

Mobile health technologies, including both device-based clinical tests conducted in
a supervised environment by the clinical professional team, and those that are self-
administered by patients, can improve sensitivity, accuracy, and reproducibility of
diagnoses in age-related diseases, capturing the full complexity of motor and non-
motor features [22]. They may even allow an earlier diagnosis, and detect occult
diseases [23]. In addition, mobile health technologies can help in differential diag-
nosis [24]. Smartphones and smartwatches could soon be used as screening tools to
identify people deserving more specific and more exhaustive assessment [21]. One
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of the most studied disorders in this respect is PD, as subtle mobility changes have
been shown to appear years before the clinical diagnosis. From the patients’ point
of view, mobile health technologies can be an instrument to engage them and to
enable remote monitoring, reducing the need of outpatient visits saving time and
money without reducing the quality of care, and, consecutively, leading to a real
democratization of health. Moreover, the use of home monitoring can facilitate
adherence to trials [19].

However, some hurdles have to be overcome before mobile health technologies
can be used on large scale in clinical management of age-related disorders and in the
development of new treatments. First and foremost, a consensus on the type and the
scope of measures is needed [24]. One particular shortcoming in current research
with mobile health technologies is that often these devices are developed to target
specific aspects of a disease, without having the global picture and without consid-
ering the patients’ needs [20]. For example, the evaluation of finger tapping through
specific devices can be useful in research and for the diagnosis of a specific disease,
but is of low interest in the long-term monitoring and in the evaluation of disabilities
[21]. Moreover, the different sensors reveal usually low compatibility between each
other, preventing the possibility of comparing data across different devices, studies,
and datasets.

Another hurdle is that monitoring patients in their ecological environment makes
interpretation of data more complex: for example, if a device and an algorithm find
that a person showed slowness of movement during a specific time of a day, inter-
pretation of this finding may still be challenging. This person may indeed have had
suffered from a medication off phase as part of their fluctuations in the frame of
dopaminergic treatment. However, it may have been due to fatigue or fear of falling
[21]. Therefore, removing noise out of the data is essential. Not surprisingly only
25% of all trials currently performed in this area use mobile health technologies in
an ecological environment [19]. This may also be explained, at least partly, by the
lack of regulatory approval of these devices [23].

A fundamental aspect for the successful future development of the field toward
clinical applicability is thus to define useful and generally acceptable standards and
systems. The CTTI recommendations may be an important first step in this direction
[25, 26].

6.4 Parkinson’s Disease as Paradigm of Mobility Disorder
in the Elderly

PD is one of the most important diseases for the application of mobile health tech-
nologies, as mobility limitations occur early in the course of the disease, can be
treated with medication and allied health, and progress during the course of the
disease. Several studies showed that PD patients present with reduced gait velocity,
reduced step length, increased double limb support time and decreased single sup-
port time, and often with festination. Some of these gait alterations may be present
already in the prodromal phases of the disease. Moreover, several studies showed
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already the applicability and value of mobile health technologies in evaluating the
response to pharmacological and non-pharmacological treatment strategies. During
early phases of PD, dopaminergic treatment is highly efficacious for gait alterations,
bradykinesia, and rigidity. During the advanced phases of the disease, some patients
can develop an abnormal response to dopaminergic treatment with ON and OFF
phases during the so-called motor fluctuations. OFF periods are those parts of the
day in which patients manifest with particularly severe PD symptoms. On the con-
trary, ON periods refer to the time in which patients regain movement control and
the only appreciable movement alteration can be dyskinesia [27]. Several studies
evaluated mobile health technologies for the detection of changes of mobility
between ON and OFF phases—in order to use mobile health technologies as moni-
toring tools for treatment in addition to commonly used diaries [28].

Specific mobility alterations can also occur, such as freezing of gait, that is a dis-
abling phenomenon characterized by brief episodes of inability to step or by extremely
short steps that typically occur on initiating gait or on turning while walking [29].

6.4.1 Use of Mobile Health Technology in Trials and as Target
of Treatment

Currently, the most-often used instruments for PD assessment are the Movement
Disorder Society-sponsored version of the Unified Parkinson’s disease rating scale
(MDS-UPDRS), to evaluate the presence, severity, and progression of PD symp-
toms, and the Hoehn and Yahr scale to evaluate disease progression [18, 30, 31].
Levodopa treatment appears to improve gait and balance parameters, however not
all gait and balance parameters seem to be dopamine-responsive [23]. Therefore,
clinicians and researchers are moving from single parameters of the movement to
more complex, even multi-component parameters to measure mobility, as these may
also be more related to quality of life [1].

In summary, technology is already very important for measuring mobility and its
limitations, e.g., due to age-associated diseases. Furthermore, it can be assumed that
this implementation of technology, especially mobile health technologies, for diag-
nostics as well as determination of progression and treatment response will continue
to increase in the course of the next few years. This is primarily due to the fact that
these devices make it possible for the first time to record objective and detailed
parameters on real-life mobility.
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7.1 Cognitive Disorders in the Elderly

Dementia is one of the most common diseases in the world and is destined to
increase its rates, due to the progressive ageing of the population. The World Health
Organization indicates that about 50 million people worldwide are now living with
dementia, with a growth rate of ten million new cases every year and an estimated
proportion of the general population aged 60 and over with dementia between
5-8%. Cognitive deficits due to neurodegeneration are one of the major causes of
disability and dependency in older people with potentially serious consequences
also for the caregivers and with severe implications for society and economy [1].
Alzheimer’s disease (AD) is the most common form of neurodegenerative dementia
characterized by accumulation of both amyloid and tau pathology in the brain. The
second most common cognitive disorder of aging population is vascular cognitive
impairment and dementia, secondary to cerebrovascular events including both isch-
emic and hemorrhagic stroke [2]. Other common neurodegenerative disorders
include dementia with Lewy bodies (DLB), characterized by a combination of par-
kinsonism, fluctuating cognition and hallucinations [3], and frontotemporal demen-
tia (FTD), defined by prominent behavioral or language dysfunction [4].
Pharmacological and non-pharmacological interventions can improve the trajecto-
ries of AD and other cognitive disorders since the early stages and might even pre-
vent progression in prodromal or at-risk stage [5, 6].

Considering the exponential spread of the availability and use of new technolo-
gies and devices in everyday life, it could be useful to take advantage of them to
reach more people in an easy and home-based setting.
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In fact, there is an urgent need to track cognitive changes in early symptomatic
or even presymptomatic stages of AD and other cognitive disorders. The landscape
of cognitive testing in supervised and unsupervised conditions is rapidly changing
as technology advances [7].

7.2  Digital Testing: Different Setting and Techniques
for Different Purposes

The increasing percentage of patients affected by dementia calls for the need to a
wider and more effective cognitive screening in healthcare in order to identify early
signs of cognitive neurodegeneration worthy of a more meticulous analysis which
could possibly lead to early intervention. Mild cognitive impairment (MCI) has
been defined as a stage between the expected age-associated cognitive decline and
the more serious decline observed in dementia. At this stage, subjects present mild
cognitive alterations with no impairment in daily living activities. Several studies
showed that subjects with MCI have a higher risk of developing dementia and that
they might benefit from preventive pharmacological and non-pharmacological strat-
egies [8].

The longitudinal evaluation of these subjects using more efficient and less
demanding cognitive assessment is thus an urgent need for clinicians and research-
ers who are dealing with a growing number of at-risk subjects.

Very important characteristic of new Digitized Cognitive Assessment (DCA) is
the ability to provide accurate measurement of new variables, such as reaction time
for individual tasks within a test battery and frequency of errors, with the option to
adapt the difficulty of the exercises online, in order to avoid ceiling or floor effects.

Cognitive assessment using digital technology offers new opportunities to over-
come the limitations of current classical paper-and-pencil assessments. One issue in
traditional neuropsychological testing is the test/retest effect and the need of neuro-
psychologists or trained specialists who apply the assessment.

The digital assessment can be applied in different settings: in the clinic even
together with “classical” paper and pencil neuropsychology assessment or at home.
In addition to this, the assessment can be applied in supervised conditions, i.e.,
applied and explained by trained specialists or in unsupervised conditions in self-
administered test.

The supervised digital assessment is usually applied for a specific diagnostic or
prognostic purpose and might provide information about specific cognitive domains
in a similar way compared to classical pen and pencil neuropsychological tests.
These digital assessments are of high interest for the development of specific tests
or optimizing a global evaluation in clinic but often need a rater and could not be
used for self-reported evaluation of the subject (see next section for details).

The unsupervised self-administered assessment, conversely, can capture similar
proxies of cognitive dysfunction and could be used—especially in internet-based
platforms—as screening tool to identify subjects at risk of dementia or to track
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cognitive changes over time. The major limitations are related to the higher attrition
rate and the lack of control of conditions of testing (see section 4 for details).

7.3  Digital Testing in the Clinic

The first digital assessments developed during the last two decades were electronic
versions of paper and pencil traditional tests such as the Montreal Cognitive
Assessment (MoCA). Clinical trial data management companies have adapted tra-
ditional cognitive measures to be administered as electronic clinical outcome
assessments such as the Pearson’s Q-interactive for Wechsler AdultIntelligence Scale.

Automatic recording mitigates common error sources and could thus represent
an important instrument for clinicians in the next future, as they have demonstrated
a fair correlation with traditional neuropsychological assessment.

Several different computerized cognitive tests have been developed to detect
cognitive deficits and cognitive decline. These may include stand-alone apps and
programs as well as web-based apps that can be completed either on personal com-
puters (PC) or tablets. For AD and MCI in general, several specific tests have been
developed including CANTAB, Cogstate, and NIH toolbox (Table 7.1, adapted and
updated from [7]), which are discussed in the following.

7.3.1 CANTAB

The CANTAB battery (Fig. 7.1) is a language-independent and culturally neutral
battery applied in several studies focusing on brain aging and dementia [9, 10]. The
assessment was originally developed in the 1980s by the University of Cambridge,
and is now commercially provided by the company Cambridge Cognition. CANTAB
tests have demonstrated sensitivity in detecting changes in neuropsychological per-
formance and include tests of working memory, learning, and executive function;
visual, verbal, and episodic memory; attention, information processing and reaction
time, decision making and response control social and emotion recognition.
Administration of CANTAB was initially on PC but is now available also on mobile
(tablet-based) devices, in shorter versions and with special focuses on specific
domains. The battery has been applied in large cohorts of subjects at risk for AD,
particularly using the Verbal Recognition Test, including measures of memory

Table 7.1 Principal cognitive tests and platforms

Computer-Based Tablet-Based Smartphone-Based Novel Platform
CANTAB ARC Analysis of voice
NIH-toolbox M2C2 Ocular movement
Cogstate PACCS5 Virtual reality

ORCA-LLT (through a web browser)
BRANCH (through a web browser)
BoCA
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Fig. 7.1 CANTAB, display example. (adapted from CANTAB website, https://www.cam-
bridgecognition.com/cantab/)

recall and recognition. In this test, the participants are shown a sequence of words
on a touchscreen. Subsequently, the subjects are asked to recall the words, and the
task ends with a recognition task. Bischoff and coauthors showed an association
between higher Amyloid-f1-42 and memory recall and recognition measures in
younger adults, whereas the effect weakened in older people [11].

7.3.2 Cogstate

Cogstate, one of most used platforms, was specifically designed to mitigate the
effects of language and culture on cognitive assessment [12, 13], Darby et al. 2012).
The battery was originally developed for personal computer but is now also avail-
able for tablets. The measures are mainly extracted from tasks using the universal
stimulus set of common playing cards. Using different paradigms, the test can pro-
vide accurate measures evaluating response time, working memory, and continuous
visual memory. The new versions of the assessment include further non-card play-
ing tasks. An important strength of Cogstate is the design specifically developed as
reliable measurement of change over time through randomized alternative versions
to reduce confounding practice effects. The battery was originally designed to be
administered by an examiner, but there have been recent efforts for the implementa-
tion of a remote administration version. A new unsupervised version with fair diag-
nostic performance is now also available (see below).

The Cogstate test batteries are used in several ongoing studies and clinical trials,
such as the Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease (A4)
study and the Alzheimer’s Disease Neuroimaging Initiative 3 (ADNI3) or the
Dominantly Inherited Alzheimer Network-Trials Unit (DIAN-TU) [11].

7.3.3 NIHToolbox

The National Institutes of Health Toolbox Cognitive Battery (TBCB) was devel-
oped and approved by more than 80 institutions in order to provide an easy-to-use
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and low-cost standard for a brief cognitive test in different settings [14]. The battery
includes seven different tests adapted to a digital platform, designed by an expert
panel. The tests evaluate episodic and working memory, attention, processing speed,
executive functions, and language. Both computer and tablet versions are available
and have been validated against standard neuropsychological measures [15] The
battery has been regularly used in studies and trials investigating early phases of
AD, and have been compared against established cognitive composite scores [16].

7.4 Unsupervised Digital Cognitive Assessment

The large and still growing number of aged people that are able to use smartphones
and digital technology opens a wide range of new opportunities of digital technol-
ogy use in an unsupervised setting even continuously for months or years [7].
Improved ecological validity and everyday life applicability of smartphone-based
measures is timely. Researchers, patients, caregivers, and even regulatory institu-
tions (such as FDA, EMA) now underlined the importance of patient-reported out-
comes with clinically relevant impact on well-being [17] for both diagnostic and
prognostic purposes.

Indeed, the last decade showed a dramatic increase in smartphone-based appli-
cations specifically designed for cognitive assessment in unsupervised settings for
older populations [18]. The strengths of smartphone-based cognitive assessment
for detection and tracking subtle cognitive changes in the aging population are
obvious. This way of testing enables frequent assessment with potentially more
sensitive cognitive paradigms compared to classical neuropsychological testing
[19]. This kind of assessment is also largely scalable, allowing a remote assess-
ment in a much larger populations compared to samples acquired through in-clinic
and supervised assessments. Thus, unsupervised cognitive testing might be used
for large population screenings in order to identify at-risk subjects for cognitive
impairment.

With mobile technology, cognitive assessment can be performed in a familiar
environment and may thus increase ecological validity (i.e., generalizability to the
real-life scenarios) of the assessment.

The assessment in familiar environment may also reduce the “white-coat effect”
(i.e., different performances observed on tasks in a medical environment, compared
to the usual environment) and reduce the time and costs for a frequent re-evaluation
(e.g., for clinical trials). Furthermore, several digital cognitive tools provide alterna-
tive versions able to track subtle changes of cognition and response to pharmaco-
logical and non-pharmacological intervention, omitting learning effects.

Several important challenges should be also mentioned, specifically related to
validity of measures (i.e., ensuring alignment between smartphone-based vs
gold-standard cognitive assessment data), and reliability of testing (higher vari-
ability observed in tasks when the tested subjects are in free-living conditions
and not under a defined and structured task setting). Also, privacy issues are
relevant in this context and should be considered for any relevant outcome
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measure or automatically delivered information—especially when the own
mobile phone of the subjects is used for testing. Moreover, the feasibility of stud-
ies and trials depending on repeated testing could be limited by increased attri-
tion rates and low compliance—especially in those participants with cognitive
deficits. The adherence in short studies is quite promising if the subjects are
well-instructed [20]. Daily testing and assessment are more difficult, but prelimi-
nary studies indicate an adherence of 80-90% in young adults with low rate of
missing data over an observation period of at least 6 days [21]. In patients with
MCI or mild dementia, however, many studies using remote assessments indeed
reported a limited participant engagement. As a general observation, higher
response and retention rate have been observed in trials that included also super-
vised assessment and when monetary compensation was provided [21].

The use of tests using mobile devices should enable more frequent testing, result-
ing in more reliable and informative longitudinal data [22] and potentially more
cost-effective assessment using self-administration [7]. The self-administered and
remote testing, however, has also generated new challenges for the interpretation of
findings. Unsupervised remote digital assessments require systems to ensure the
individual assigned to a remote assessment is the individual taking that assessment
and that no additional inputs/help by caregivers or other persons are provided.
Furthermore, the human cognitive performances can be easily impacted by mood,
stress, or time of day [22]. To avoid this, several studies assessed cognition by
adopting shorter assessments, but several times per day.

Despite the advances in the field, only few large studies and trials on neurode-
generative disorders have been applying unsupervised cognitive testing several
times. In the next section, we will provide more specific details for the most often
used tests and assessments so far. Further work is required to fully establish whether
more “ecologic” unsupervised testing is more closely associated with neurodegen-
erative markers than “classical in-clinic assessment” which is still considered the
gold standard for the assessment of cognitive performance.

7.4.1 Specific Unsupervised Digital Cognitive Tests Used
in Older Subjects

The Mobile Monitoring and Cognitive Change (M2C2) test has been specifically
developed to test cognitive performance over time and has been validated in younger
people. A fair validity against the supervised in-clinic assessment has been observed
[22]. Moreover, the application of the test up to five times per day and for 14 con-
secutive days showed a high reliability for the same subjects, thus confirming the
validity of this design.

Another interesting tool is the Preclinical Alzheimer Cognitive Composite —5
(PACCY), developed by the team conducting the Harvard Aging Brain Study [23].
In subjects at risk for AD, the authors revealed a diminished practice effect in cogni-
tive tests repeated for three months in subjects with higher burden of amyloid—thus
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suggesting that continuously-delivered cognitive testing might increase the sensibil-
ity for the detection of cognitive decline by showing different trends in longitudinal
individualized data.

A web-based version of memory for face-and-name pairs (FNAME)—called
the Boston Remote Assessment for Neurocognitive Health (BRANCH)—was
designed to reduce costs of assessment and time for longitudinal evaluation [24].
These tasks are particularly sensitive to memory changes that should characterize
AD-related pathology and are thus of high interest for prodromal and clinical AD
studies.

Recently, a digital alternative to the MoCA called Boston Cognitive Assessment
(BoCA) has been presented [25]. BoCA is a completely self-administered smart-
phone- and computer-based test able to track global cognitive function with subtests
exploring different domains with a high test-retest reliability. It has already been
proposed as an important research application for large screening or longitudinal
follow-up studies.

For the assessment of cognition in the general population, the Many Brains
Project has been suggested. It is aiming at evaluating cognitive changes in the
aging population using normative data obtained from the TestMyBrain.org web-
site. Even if the numbers of people tested include millions of people, the diagnostic
accuracy and reproducibility of such assessments still need further validation ver-
sus normal in-house testing and in subjects at risk for different forms of cognitive
decline [26].

A different approach based on learning ability was proposed with the Online
Repeatable Cognitive Assessment Language Learning Test (ORCA-LLT). In this
assessment, designed for older adults, subjects are asked to learn the English word
equivalents of 50 Chinese characters for 25 min per day. The researchers found that
the learning curve in persons with positive Amyloid p status (an early AD marker)
was different from those with negative PET, with relatively little overlap between
the groups [27]. Another interesting application called “Mezurio” was developed
by the Oxford University Big Data Institute and is now included in several ongoing
longitudinal studies focusing on early and preclinical AD. The application includes
several game-like tests able to assess episodic memory, language, executive func-
tion with different degree of recall delays potentially associated with different
degrees of risk of cognitive changes [28]. This example suggests that the use of
game-like tests to assess cognitive function is one of the most promising approaches
to increase retainment and long-term compliance of subjects. The so-called Sea
Hero, for example, is a virtual reality-based game able to track visuospatial and
memory function. It is already used by several millions of people in different coun-
tries. First results suggest that the ability of such games to detect cognitive changes
is comparable with traditional tests but further research, especially in cohorts at
risk for the development of cognitive decline and dementia, is needed before these
tools can be implemented in clinical trial batteries and routine clinical manage-
ment [29].
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7.5 Digital Cognitive Training

Cognitive training is increasingly being applied for prevention of cognitive decline
in research and clinical setting, and commercial training packages are on the mar-
ket. ‘Cognitive training’ is defined as an intervention consisting of repeated practice
on standardized exercises, targeting a specific cognitive domain or domains, for the
purpose of benefiting cognitive function [30]. In cognitively healthy older adults, it
is intended to reduce age-related cognitive decline and thus maintain cognitive
function, to prevent or delay the development of neurodegenerative cognitive
decline [31]. Computer-based cognitive training (CCT), including exercises, virtual
reality, and gaming, offers highly accessible, low-cost, standardized interventions.
Several randomized clinical trials and meta-analyses demonstrated significant ben-
efit in specific domains and composite scores of cognitive functions in older adults,
whereas in MCI some studies even found a reduced rate of incident dementia [30].
Additionally, some clinical trial results indicate that computerized and online cogni-
tive training in adults without dementia may improve daily functioning and psycho-
logical well-being [32].

The unifying theoretical premise behind digital cognitive training is that it will
increase cognitive reserve by stimulating neuroplasticity and thereby maintaining or
even improving cognitive function. It has also been suggested that cognitive stimula-
tion may result in the development of compensatory networks according to which
cognitive performance is maintained, thus masking or preventing clinical manifesta-
tion of neurocognitive disease [33]. In a recent Cochrane review on randomized
clinical trials for cognitive interventions, researchers found still a lot of inconsisten-
cies between different trials. Overall, evidence on the efficacy of cognitive training
on cognitive function is relatively low, although especially longer trials suggest some
beneficial effect on memory [30]. Of note, the most important lifestyle intervention
trials such as the so-called FINGER trail [5, 34] are now including cognitive training
as part of a multidimensional approach, demonstrating the general efficacy and
applicability of such interventions even in a large population. The main limitation of
gaming and interventions is still the high attrition rate for long longitudinal trials,
especially in those subjects who are at higher risk of developing dementia [34, 35].
Compared to traditional cognitive training, CCT allows the level of challenge to be
more easily individualized and adapted as a result of training progression. Further,
CCT is easily scalable, and training data can be automatically recorded (Kuider
2012). For these reasons, several cognitive training applications are now moving
from standard cognitive training to adaptive versions able to optimize the levels of
difficulty of a task based on the cognitive capabilities of the user. A very interesting
approach is the application of such training and application to track cognitive changes
over time, as recently suggested in old adults and subjects at risk for dementia in
small trials [35, 36]. The integration of such assessments and trainings represents an
important challenge but also a big opportunity, as it can represent an innovative inter-
vention strategy for clinicians and at the same time a way to track cognitive changes
and monitor the response to general management in clinical settings.
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7.6  Promising New Digital Technologies to Track Cognitive
Changes and Activities of Daily Living

A growing body of evidence indicates that features other than cognitive disor-
ders, such as sensory and motor changes, play an important role in defining
patients with cognitive decline. Mobile and wearable digital technology assess-
ing changes within mobility and daily function have the great potential to over-
come at least some limitations of cognitive testing and represent a growing area
of interest for researchers.

Impairment of mobility is a core feature of cognitive disorders. Moreover, lon-
gitudinal observations found that reduction of gait speed could be observed even
more than 10 years before a clinical diagnosis of MCI [37]. A growing number of
technologies have been developed to quantify gait parameters and changes in fine
motor control in both supervised and unsupervised settings (see Chap. 6) in both
supervised and unsupervised settings [38]. The ability of new algorithms to quan-
tify the amount and quality of mobility at home will dramatically change in the
next future by opening a new window of observation in the home environment of
healthy subjects and those with cognitive disorders [38, 39]. The evaluation of
daily mobility and the correlation with cognitive function and behavioral
changes—including apathy, depression, and even irritability or agitation—are
still a growing field of research, as only few studies focused on non-cognitive
measures in cognitive disorders so far [40].

Other interesting areas of assessment are based on analyses on voice, ocular
movement, and even fine motor dexterity that enable researchers to have important
information even when only using application-based assessments [40]. Also, sleep
and autonomic dysfunction could now be evaluated using small sensors and mobile
applications.

A wider use of data coming from phones and mental health applications could
generate important data for a deeper understanding for the daily relevance of cogni-
tive deficits and the complex relationship between behavioral, cognitive, and motor
domains. Further research is still needed in this area, as the use of GPS sensors and
metrics coming from daily personal mobile-phones application (e.g., evaluating the
amount of use of specific applications and the interactions with other people) defini-
tively need an adequate regulation and the development of specific privacy policies
concerning personal data.

Digital phenotyping including these non-cognitive areas in neurodegenerative
conditions is still in its infancy as research groups have yet to establish a clear link
between these activities and the cognitive domains of interest. Nevertheless, a
safe and accurate assessment of daily life functions in cognitive disorders in the
new “digital era” will relevantly change the scenario of any diagnostic and prog-
nostic evaluation and stimulate the development of new interventions based on
more ecologically-valid parameters with a higher impact on well-being and qual-
ity of life.



96 A.Padovani and A. Pilotto
References
1. Padovani A, Pilotto A. Looking at the burden of neurological disorders in Europe. Lancet

2.

10.

11.

14.

15.

17.

18.

20.

21.

22.

23.

Public Health. 2020;5(10):e523.

van der Flier WM, Skoog I, Schneider JA, Pantoni L, Mok V, Chen CLH, Scheltens P. Vascular
cognitive impairment. Nat Rev Dis Primers. 2018;4:18003. https://doi.org/10.1038/
nrdp.2018.3.

. McKeith IG, et al. Diagnosis and management of dementia with Lewy bodies. Neurology.

2017;89:88-100.

. Miller B, Llibre Guerra JJ. Frontotemporal dementia. Handb Clin Neurol. 2019;165:33-45.
. Kivipelto M, et al. The Finnish geriatric intervention study to prevent cognitive impairment

and disability (FINGER): study design and progress. Alzheimers Dement. 2013;9:657-65.

. Scarmeas N, Anastasiou CA, Yannakoulia M. Nutrition and prevention of cognitive impair-

ment. Lancet Neurol. 2018;17(11):1006—15.

. Ohman F, et al. Current advances in digital cognitive assessment for preclinical Alzheimer's

disease. Alzheimers Dement (Amst). 2021;13(1):e12217.

. Qarni T, Salardini A. A multifactor approach to mild cognitive impairment. Semin Neurol.

2019;39(2):179-87.

. Fray PJ, Robbins TW, Sahakian BJ. Neuropsychiatric applications of CANTAB. Int J Geriatr

Psychiatry. 1996;11(4):329-36.

Juncos-Rabaddn O, et al. Do the Cambridge neuropsychological test automated battery epi-
sodic memory measures discriminate amnestic mild cognitive impairment? Int J Geriatr
Psychiatry. 2014;29(6):602-9.

Bischof GN, et al. Amyloid deposition in younger adults is linked to episodic memory perfor-
mance. Neurology. 2016;87(24):2562-6.

. Maruff P, Thomas E, Cysique L, et al. Validity of the CogState brief battery: relationship

to standardized tests and sensitivity to cognitive impairment in mild traumatic brain injury,
schizophrenia, and AIDS dementia complex. Arch Clin Neuropsychol. 2009;24(2):165-78.

. Fredrickson J, et al. Evaluation of the usability of a brief computerized cognitive screening test

in older people for epidemiological studies. Neuroepidemiology. 2010;34(2):65-75.

Hodes RJ, et al. NIH Blueprint for Neuroscience Research. The NIH toolbox: setting a stan-
dard for biomedical research. Neurology. 2013;80(11 Suppl 3):S1.

Weintraub S, Dikmen SS, Heaton RK, et al. Cognition assessment using the NIH toolbox.
Neurology. 2013;80(11 Suppl 3):S54-64.

. Buckley RF, et al. Computerized cognitive testing for use in clinical trials: a comparison of the

NIH toolbox and CogState C3 batteries. J Prev Alzheimers Dis. 2017;4(1):3-11.

Pillemer F, et al. Direct release of test results to patients increases patient engagement and
utilization of care. PLoS One. 2016;11(6):1-9.

Koo BM, Vizer LM. Mobile technology for cognitive assessment of older adults: a scoping
review. Innov Aging. 2019;3(1):1-14.

. Samaroo AH, et al. P1-466: diminished practice effects on a monthly computerized and home-

administered face-name associative memory exam are predictive of elevated pet amyloid in
normal older adults. Alzheimers Dement. 2019;15:P447.

Perin S, et al. Unsupervised assessment of cognition in the healthy brain project: implications
for web-based registries of individuals at risk for Alzheimer’s disease. Alzheimer’s Dement
Transl Res Clin Interv. 2020;6(1):1-11.

Pratap A, et al. Indicators of retention in remote digital health studies: a cross-study evaluation
of 100,000 participants. npj Digit Med. 2020;3(1):1-10.

Sliwinski MJ, Mogle JA, Hyun J, Munoz E, Smyth JM, Lipton RB. Reliability and validity of
ambulatory cognitive assessments. Assessment. 2018;25(1):14-30.

Jutten, et al. Monthly at-home computerized cognitive testing to detect diminished practice
effects in preclinical Alzheimer’s disease. Front Ageing Neuroscie. 2022;13:800-15.


https://doi.org/10.1038/nrdp.2018.3
https://doi.org/10.1038/nrdp.2018.3

Digital Technologies in Cognitive Disorders 97

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Rentz DM, et al. Face-name associative memory performance is related to amyloid burden in
normal elderly. Neuropsychologia. 2011;49(9):2776-83.

Vyshedsky A, et al. Boston cognitive assessment (BOCA)—a comprehensive self-administered
smartphone- and computer-based at-home test for longitudinal tracking of cognitive perfor-
mance. BMC Neurol. 2022;22(1):92.

Passell E, et al. Digital cognitive assessment: results from the TestMyBrain NIMH research
domain criteria (RDoC) field test battery report. Digital Cognitive Assessment; 2019.

Lim YY, Baker JE, Bruns L, et al. Association of deficits in short-term learning and Af and
hippoampal volume in cognitively normal adults. Neurology. 2020;95(18):e2577-85.
Lancaster C, Koychev I, Blane J, Chinner A, Wolters L, Hinds C. Evaluating the feasibility of
frequent cognitive assessment using the Mezurio smartphone app: observational and interview
study in adultswith elevated dementia risk. JMIR Mhealth Uhealth. 2020;8(4):e16142.
Coutrot A, et al. Virtual navigation tested on a mobile app is predictive of real-world wayfind-
ing navigation performance. PLoS One. 2019;14(3):e0213272.

Gates NJ, et al. Computerised cognitive training for maintaining cognitive function in cogni-
tively healthy people in late life. Cochrane Database Syst Rev. 2019;3:CD012277.

Petersen RC, et al. Practice guideline update summary: mild cognitive impairment. Neurology.
2018;90(3):126-35.

Rebok GW, et al. 2014 ten-year effects of the advanced cognitive training for independent and
vital elderly cognitive training trial on cognition and everyday functioning in older adults. J
Am Geriatr Soc. 2014;62(1):16-24.

Grady C. The cognitive neuroscience of ageing. Nat Rev Neurosci. 2012;13(7):491-505.
https://doi.org/10.1038/nrn3256. PMID: 22714020.

Kivipelto, et al. Lifestyle interventions to prevent cognitive impairment, dementia and
Alzheimer disease. Nat Rev Neurol. 2018;14(11):653-66.

Li, et al. The effect of cognitive training in older adults: be aware of CRUNCH. Neuropsychol
Dev Cogn B Aging Neuropsychol Cogn. 2020;27(6):949-62.

Walton CC, et al. Design and Development of the Brain Training System for the Digital
"Maintain Your Brain" Dementia Prevention Trial. JMIR Aging. 2019;2(1):e13135. https:/
doi.org/10.2196/13135.

Buracchio, et al. The trajectory of gait speed preceding mild cognitive impairment. Arch
Neurol. 2010;67:980-6.

Warmerdam E, et al. Long-term unsupervised mobility assessment in movement disorders.
Lancet Neurol. 2020;19(5):462-70.

Mikolizak AS, et al. Connecting real-world digital mobility assessment to clinical out-
comes for regulatory and clinical endorsement-the Mobilise-D study protocol. PLoS One.
2022;17(10):e0269615.

Kourtis, et al. Digital biomarkers for Alzheimer's disease: the mobile/ wearable devices
opportunity. NPJ Digit Med. 2019;2:9. https://doi.org/10.1038/s41746-019-0084-2. Epub
2019 Feb 21

Cummings J, et al. Alzheimer's disease drug development pipeline: 2022. Alzheimers Dement
(NY). 2022:8(1):e12295.


https://doi.org/10.2196/13135
https://doi.org/10.2196/13135
https://doi.org/10.1038/s41746-019-0084-2

®

Check for
updates

Technologies to Assess 8
Psycho-Behavioural Symptoms

Kirsten Emmert and Walter Maetzler

8.1 Definition and Relevance of Psycho-Behavioural
Symptoms, with Focus on Older Adults

Psycho-behavioural symptoms, such as depressive and manic symptoms, anxiety,
delirium, lack of impulse control, fatigue and sleep disturbances, have a major influ-
ence on physical health [1] and quality of life (QoL), [2, 3], especially in older
adults. For example, the mental component of health-related QoL (HRQoL) is a
predictor of functional disability in older adults independent from the physical com-
ponents [4]. The impact of these psycho-behavioural symptoms on society is severe.
Major depressive disorder (MDD) alone is estimated to cause a loss of 7.5 million
Disability Adjusted Life Years in older adults [5]. Psycho-behavioural symptoms
should therefore be considered as an essential part of health in all treatment
decisions.

These symptoms are associated with physiological reactions of the body, changes
in mobility and social participation, which can potentially, or already demonstrably,
be measured with digital technology.

8.2 Digital Technology that Is most Probably Relevant
for Assessment of Psycho-Behavioural Symptoms

Technology can help to monitor psychological symptoms and their dynamics
over time in an unobtrusive way. One particular advantage of such technology
is that extreme data points (e.g. extremely low mood) can be detected that may
not be apparent during a doctor’s visit or when looking at mean values [6].
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While technology can also help to actively collect data, e.g. with question-
naires, voice recording or neuropsychological testing, we focus here on passive
data collection, as it can be applied more broadly and with minimal burden
especially to older persons. In the following, some of the most important physi-
ological reactions of the body, as well as a short overview of how mobility and
social participation can be measured (e.g. in combination with physiological
reactions) are presented, together with the digital technologies that can assess
these reactions.

8.2.1 Physiology

8.2.1.1 Heart Rate and Heart Rate Variability

The heartbeat is generated by auto-rhythmic cell bundles in the sinoatrial node,
which constantly receives neural input, most importantly from the medulla [7, §]. In
a stressful situation, healthy adults usually show a fast and consistent increase in
heart rate (HR) [9].

Heart rate variability (HRV) measures changes to the intervals between con-
secutive heartbeats [10] and can be calculated from an electrocardiogram (ECG)
or, in a less accurate way, using photoplethysmography (PPG). In health, these
so-called inter-beat intervals (IBIs) vary in a complex manner to allow a rapid
adjustment to changing external and internal circumstances. HRV measures can be
grouped into time-domain (observed variability within a certain period), frequency-
domain (absolute or relative signal energy within component bands), and non-lin-
ear metrics (quantification of unpredictability and complexity of a series of IBIs),
[5]. There is a complex influence of autonomic, cardiovascular, central nervous,
endocrine, and respiratory systems as well as baroreceptors and chemoreceptors on
HRYV on the short-term with effects in the very-low to high HRV spectrum frequen-
cies [8].

8.2.1.2 Breathing Rate

Breathing is important for gas exchange and acid-base balance regulation [11, 12].
A normal breathing rate (BR) during rest ranges between 12 and 20 breaths/min
[13]. Changes in BR can indicate the presence of pathologies such as adverse car-
diac events or pneumonia as well as emotional stress, cognitive load, temperature
change, physical effort, or fatigue after exercise [11]. It is often measured indirectly
by extracting a respiratory waveform from ECG or PPG signals but data with better
quality can usually be obtained by using strain sensors or IMUs placed at the chest
and abdomen [11, 14, 15].

8.2.1.3 Skin Temperature

Skin temperature reflects a number of physiological changes such as cutaneous
vasodilatation as well as secretion and evaporation of sweat [16, 17]. Skin tempera-
ture is usually measured by either thermocouples, thermistors or infrared sensors.
Traditional thermistors and thermocouples need wires that connect the sensor to a
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body-worn data storage system. Infrared sensors, semiconductor temperature sen-
sor or telemetry-based sensors offer wireless alternatives [16, 18].

8.2.1.4 Galvanic Skin Response/Electrodermal Activity

Electrodermal activity (EDA) assesses the change in electrical conductance of the
skin, which is tightly linked to sweat production [19]. As sweat glands are inner-
vated by the sympathetic nervous system, it can be used as an approximation for
sympathetic nervous system arousal [20]. However, EDA is also influenced by cen-
tral mechanisms such as movements, thermoregulatory sweating, affective pro-
cesses, orientation and attention [19]. To measure EDA two electrodes can be placed
on parts of the skin that are relatively close to each other, such as, e.g. neighbouring
digits of the hand.

8.2.1.5 Electroencephalography (EEG)

Electroencephalogram (EEG) measures electrical activity on the scalp, which
reflects activity of the surface layer of the brain. Specifically, EEG mainly records
oscillations as the sum of excitatory and inhibitory post-synaptic potentials that are
generated by cortical pyramidal neurons of the cerebral cortex [21]. EEG is a wide
field of research and the EEG setups vary considerably, depending on the intended
purpose. The most commonly used setup is the international 10-20 system, which
distributes electrodes between Nasion (top of the nasal bones) and Inion (tip of the
external occipital protuberance) as well as front to back at distances of 10% fol-
lowed by four times 20% and again 10% of the total distance [21]. For standard
applications the use of at least 25 electrodes is recommended, although high-density
scalp EEG arrays with 64-256 electrodes are also often used in a research setting to
allow a more granular source localization [22]. Mobile devices such as EEG head-
bands are usually simplified versions, with fewer electrodes, often focusing on fron-
tal regions as there is less hair impacting data acquisition.

8.2.2 Movement and Mobility

Human movement and mobility assessments are mainly performed with body-worn
inertial measurement units (IMU), force plates or optical motion capture systems.
Due to ease-of-use and the lack of location boundness, IMUs are the most conve-
nient method to capture movement in older adults. IMUs usually include triaxial
accelerometers, gyroscopes and magnetometers to measure accelerations, angular
velocities and the earth magnetic field each in three degrees of freedom [23]. Sensor
fusion algorithms that need data from at least the accelerometers and the gyroscopes
can be used to estimate the orientation and location of body-worn sensors over time
[24, 25]. Smartphones also include IMUs and can hence be used for movement and
mobility tracking. For further information on how mobility can be tracked in older
adults, see Chap. 6.
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8.2.3 Social Participation

Smartphones offer a new way to passively track social interactions. Apps can quan-
tify social communication based on social media use, call and text messaging fre-
quencies and social exploration based on environmental data derived from
techniques such as GPS [26-28]. In addition, Bluetooth sensing can be used to
detect if similar sensors on others’ smartphones are near to determine if the person
is currently alone or in company [29]. This way, different data types collected by a
smartphone app may be combined to calculate a “sociability score” [26].

8.2.4 Combined Devices

In practice, several of these assessment methods may be combined in one device.
For example, current smartwatches often include movement sensors as well as PPG
technology.

8.3  How s this Digital Technology Used to Examine
the most Relevant Psycho-Behavioural Symptoms?

In this section, we focus on a selection of psycho-behavioural symptoms based on
relevance for geriatric patients and describe how current technology can be used to
assess them. This selection is not meant to be exhaustive and does not include cog-
nitive (dys-)function, which is discussed in Chap. 7. The presented technology is
usually not used for diagnosis, but rather to monitor disease course and therapeutic
effects.

8.3.1 Depressive Symptoms

Depressive symptoms are frequent in older adults and usually assessed using
patient-reported outcome (PRO) such as the Beck’s Depression Inventory, Patient
Health Questionnaire (PHQ)-9 or the Geriatric Depression Scale-15 (GDS-15,
developed especially for use in older adults). Wearables promise a less intrusive
way to monitor depressive symptoms on the long term. Technology to assess depres-
sive symptoms has previously mainly been tested in confirmed diseases like MDD.

A systematic review of studies looking at HR and HRV during stress suggests
that a hypo-reactivity during stress exists in MDD [7]. HR increases after stressful
stimuli, and the HRV in the high-frequency (HF) band seems to be decreased [7].
Similarly, EDA seems to be reduced in depression, as demonstrated in a study with
50 depressed patients [30]. Another meta-analysis of 18 studies showed that HRV
was reduced in patients with MDD and depression severity seemed to be negatively
correlated with HRV [31].
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The amount of physical activity, specifically the amount of moderate-to-vigorous-
intensity physical activity, as measured by IMUs for seven days on the right hip, was
negatively associated with rates of depression [32] in 2764 participants with a mean
age of 45.7 years. In a study focusing on older adults, 29 participants (mean age
74 years) suffering from late-life depression (LLD) as measured with the
Montgomery-Asberg Depression Rating Scale score showed reduced physical
activity (mean acceleration magnitude, measured with wrist-worn IMU). The stron-
gest effect was seen in the morning [33]. Compared to controls, patients had slower
fine motor movements (‘jerk’), defined as the mean of the first derivative of accel-
eration magnitude [33].

Recent studies combined different measures to increase accuracy of prediction

models [34]. One study using a multimodal wristband found that skin tempera-
ture, sleep time (IMU-derived), and correlation of those modalities were the most
important features for depression prediction accuracy [35]. Another study using a
wristband that included peripheral skin temperature, HR, IMU-derived parame-
ters, sleep characteristics using actigraphy and EDA measurements in combina-
tion with a smartphone, showed moderate-to-high correlation, ranging from 0.46
to 0.7 between the developed model and clinician-rated depression scores [36].
The most predictive features in the model were related to mobile phone use, activ-
ity level, skin conductance (EDA), and HRV. Time spent talking, assessed with a
microphone, was negatively correlated with depressive symptoms [37]. Several
studies have tried to use EEG to detect depressive symptoms [38—40]. While the
method seems promising, a lot of future research is needed as there is currently no
clear consensus on which EEG measures are most predictive for depressive
symptoms.
In conclusion, depressive symptoms seem to interact with various physiological
processes such as HR during stress, HRV, activity level and EDA. Future research is
needed to confirm which combination of these features is most promising to esti-
mate depressive symptoms with clinically relevant accuracy.

8.3.2 Manic Symptoms

Manic phases are characterized by unreasonable euphoria or irritation, increased
energy or agitation, thought disorder and increased speech [41]. Compared to
depressive symptoms, the association between individual digital measures and
manic symptoms is less clear, therefore most studies looked at a combination of
different digital measures.

One study found that a model using location, distance travelled, conversation
frequency, and non-stationary duration could predict social thythm metric reason-
ably well in patients with bipolar disorder (BD) [42]. A similar study found physical
activity (smartphone IMU) and especially location (using GPS tracking) to have a
high recognition accuracy for BD state [43]. Another study found that manic symp-
toms are predicted by lower physical activity (smartphone IMU) and higher social
communication [44]. One study using light exposure, number of steps, sleep data
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such as sleep length, quality and onset as well as a cosinor analysis of HRV as vari-
ables to predict the mood state was successful identifying sleep length, quality and
steps during bedtime as the most important features for manic episode detec-
tion [45].

In sum, the evidence for the usefulness of individual digital measures to track manic
symptoms is currently low, although some studies show that a combination of
mobility and social interaction measures may be promising.

8.3.3 Anxiety

Anxiety, a feeling of fear, dread, and inner turmoil, is commonly characterized by
sympathetic activation and vagal deactivation accompanied by faster and shallower
breathing [46].

Acute anxiety can be artificially induced by a stressful situation, such as needing
to deliver a speech, and is accompanied by an increase in HR in healthy adults [47].
One meta-analysis found that high-frequency (HF) HRV is often reduced in anxiety
disorders [48]. A review that looked at ECG features in different anxiety disorders
found a decrease in HRV. Low frequency (LF) and HF signal energy were most
commonly used as features, followed by R-peak to R-peak intervals (RR) [49].
From six studies looking at panic disorder, three found that LF is useful to detect
panic disorder symptoms [50-52], two found a connection between panic disorder
symptoms and HF [50, 53] while two studies found no effect at all [54, 55]. For
patients with social anxiety disorder several different HRV measures including HF
were useful to differentiate them from healthy controls [56]. One study looking at
HF also found an effect on social anxiety symptoms [53]. Four studies looked at
general anxiety disorder and did not find any consistent link between ECG features
and anxiety symptoms [53, 57-59].

One study with 32 healthy female participants showed that an anxiety-inducing
task produced cooling on the hands and a slight warming on the face, showing that
skin temperature may be differently influenced by anxiety [60]. However, a system-
atic review on body temperature in anxiety disorders showed equivocal results, with
no clear indication that anxiety symptoms are linked to changes in skin tempera-
ture [61].

A study with 42 healthy participants showed that an anxious state is associated
with an increased BR and increased EDA (specifically non-specific skin conduc-
tance reaction rate), compared to a neutral state [62]. Looking at cardiovascular
features, pulse wave amplitude was also able to differentiate between the different
states, though the effect size was lower. Standard HRV features did not show an
effect [62].

A study on 98 young women showed that those with higher anxiety tended to
have less variability in inspiratory time [63]. Studies in patients with panic disorder
showed hyperventilation and increased tidal volume variability even when not in an
acute panic attack [64].
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In conclusion, anxiety symptoms seem to be related to an increase in BR and
EDA. In addition, the majority of studies report a decrease in HRV mostly in the
HF band.

8.3.4 Delirium

Delirium is characterized by idiopathic acute and fluctuating disturbances of atten-
tion and global cognitive dysfunction. Cognitive changes may include impairment
of perception, memory and reasoning [65, 66]. So far, relatively few studies looked
at the usefulness and efficacy of mobile technology-derived parameters in delirium,
with most of these studies using IMUs.

A systematic review of delirium research with IMUs found that delirium was
accompanied by decreased physical activity, including a high number of immobility
minutes during the day as well as reduced amount of sleep and increased physical
activity during the night [67]. One study looking at HRV in 37 patients developing
delirium associated with hip fracture showed a decrease in the LF and an increase
in the HF band [68].

8.3.5 Lack of Impulse Control, Addiction and Craving

Lack of impulse control means a person has trouble controlling emotions or behav-
iours. Impulse control disorders (ICD) include kleptomania, intermittent explosive
disorder, trichotillomania, compulsive sexual behaviour and pyromania. In addition,
substance abuse, compulsive buying and pathological gambling have also been
related to an impaired impulse control [69, 70].

A meta-analysis looking at 24 articles with 26 studies examining task-based self-
control in healthy adults showed that there is some support for the association of
higher HRV with better impulse control. However, the overall effect size was small
[71]. A review suggests that participants with low levels of resting HRV had diffi-
culties in emotional, cognitive, and physiological regulation, possibly caused by the
lack of inhibitory neural processes in these individuals [72]. One study with 98
students found that those with higher HF HRV power were less likely to act impul-
sively (measured using the consumer impulsiveness scale) when compared to stu-
dents with lower HF HRV power [73]. Similarly, a trial found that disinhibited
eaters had a reduced overall HRV, which was related to greater blood glucose excur-
sions, emphasizing that lack of impulse control seems to be linked to a reduced
HRYV [74]. A similar trend was observed in young males with internet gaming dis-
orders (IGD, [75]). Compared to 27 healthy controls, the 21 participants with IGD
showed significant reductions in HF HRV power while playing online games, par-
ticularly during high attention periods and the last 5 min of the games, compared
with baseline values, possibly linked to diminished executive control during online
gaming. A follow-up study also showed decreased functional connectivity, among
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others between the right dorsolateral prefrontal cortex and the right inferior frontal
gyrus, a functional network that is involved in cognitive control [76]. Participants
with substance use disorder (SUD) showed a decreased resting HRV [77, 78]. In
particular, low resting HF HRV power was associated with drug and alcohol symp-
tom severity [79]. One study made use of this link by trying to increase HRV through
biofeedback [80]. Twenty-one young men rhythmically stimulated their HRV by
paced breathing at a frequency of about 0.1 Hz. There was no significant effect,
although on a descriptive level, HRV biofeedback showed a higher reduction in
alcohol and drug craving compared to those receiving only the treatment as usual
(mean reduction on Penn Alcohol Craving Scale 5.5 points versus 3.7 points).
Interestingly, a study using the Go/NoGo task as a test for impulse control found
that the presence of an ICD in patients with Parkinson’s disease (PD; n = 10 vs.
n =23 PD patients without ICD, n = 26 healthy controls) was linked to a deteriora-
tion of the NoGo N2 and P3 peak amplitudes at fronto-central electrodes in the EEG
[81], indicating that portable EEG might also be suitable to measure impulse
control.
Overall, there is a consensus that a lack of impulse control is associated with
decreased resting HRYV, particularly in the HF band, while other digital measures
have not been explored systematically for impulse control.

8.3.6 Fatigue

Pathological fatigue as a symptom can be described as “an unpleasant physical,
cognitive, and emotional symptom described as a tiredness not relieved by common
strategies that restore energy. Fatigue varies in duration and intensity, and it
reduces, to different degrees, the ability to perform the usual daily activities” [82].
Fatigue often occurs in chronic diseases and is considered one of the most debilitat-
ing symptoms by those affected [83-86]. Fatigue is a particular suitable target for
digital assessments, as fatigue levels often fluctuate from day to day or even within
a day, making a continuous passive monitoring very attractive.

A recent review compared different fatigue monitoring approaches [87]. For
mental fatigue and vigilance tasks EEG was used most frequently, followed by
mobility assessment, HRV and EDA. This makes sense as EEG is regarded as the
gold standard for vigilance monitoring [88]. Physical fatigue was mostly assessed
with mobility-related parameters and HRV [87]. The majority of studies used a
short-term, task-based design so that a transfer of the result to a natural setting is not
possible without some restrictions. One long-term study looking at different clas-
sification approaches for multimodal data from 405 recording days of 27 partici-
pants showed initial promising results with mobility (energy expenditure, activity
counts, and steps), HRV and BR as the most important parameters to predict fatigue
[89]. Another pilot study with 7 days of data from each of the 13 participants showed
that mobility and HRV data can be combined in deep learning models for the detec-
tion of fatigue [90]. These studies suggest that multimodal data are beneficial to
measure fatigue in real-world settings.
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The majority of studies with patients suffering from chronic diseases seem to
support these results. A study on 49 participants with multiple sclerosis (MS)
showed that IMU-based spatio-temporal gait parameters could predict fatigue with
stride time, maximum toe clearance, heel strike angle, and stride length as the most
important (together 67% contribution to the predictions made by the Random Forest
model) components [91]. While one study with 101 persons with MS showed only
weak correlations between fatigue and several gait parameters when using an elec-
tronic walkway [92], other studies rather support the link between gait parameters,
such as velocity, cadence and stride length, and fatigue in MS [93, 94] and systemic
lupus erythematosus [95]. A study with 45 chronic fatigue syndrome/myalgic
encephalomyelitis patients showed that HRV time- and frequency-domain measure-
ments were correlated with fatigue [96].

In conclusion, mobility and HRYV, particularly in combination, seem to be promising
digital parameters for the assessment of (the severity of) fatigue. For mental fatigue,
EEG is currently the most well-established method.

8.3.7 Sleep

Sleep disturbances are common in (old) patients with chronic diseases [97] as
well as in healthy older adults [98]. For example, 64% of PD patients reported at
least one sleep-related disorder [99], such as insomnia or rapid eye movement
(REM) behaviour disorder. Insomnia seems to have a severe impact on HRQoL
[100]. In addition, many aspects of sleep are correlated with mental health status
[101]. In a meta-analysis of randomized controlled trials, interventions to improve
sleep led to a significant medium-sized effect on mental health, depression, anxi-
ety, and rumination [102]. The analysis even suggests a dose-response relation-
ship (greater improvements in sleep quality led to greater improvements in mental
health).

However, measuring sleep quality and disturbances is not easy as sleep is a com-
plex physiological state [103]. Currently, it is commonly tracked with wearables,
in-bed sensors, contactless sensors (e.g. a radio frequency-based sensing device that
can be placed on the bedside table) or smartphones [104]. Common parameters for
mobile sleep monitoring include movement, EEG (often simplified using headbands
developed for this purpose), HRV, EDA and skin temperature. The devices are usu-
ally compared to the gold standard polysomnography (PSG). PSG combines the use
of EEG, ECG, electromyogram, electrooculogram, thoracic movement (chest/abdo-
men belts) and oximetry in a sleep lab [105]. Recordings are manually reviewed and
scored by a sleep expert making it a good but complicated and expensive sleep
assessment that cannot simply be performed at home. Even PSG does not represent
all biochemical, physiological and mobility aspects of sleep. Due to the complexity
of sleep and the different sleep disorders that disturb sleep in very different ways, a
one-size-fits-all solution to measuring sleep is unlikely to be successful. Research is
still at the beginning of finding individual key parameters for different sleep distur-
bances and disorders.
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Common sleep problems in older adults include increased sleep latency and
decreased sleep time, a more fragmented sleep, daytime sleepiness, obstructive sleep
apnoea and restless legs syndrome (RLS, 98). Not all of these sleep disturbances
share common pathophysiological processes [103, 106]. Therefore, different combi-
nations of measures may be needed to capture the symptoms accurately. For exam-
ple, RLS should obviously include movement tracking of the lower limbs while sleep
staging may be more important to capture fragmented sleep and might also be used
to explain subsequent excessive daytime sleepiness. Here, we briefly present sleep
quantity and quality measures before exploring sleep movement parameters.

Usually, several different sensors are combined, e.g. in a smartwatch and used to
classify sleep. However, commercially available multisensory wristbands showed a
rather low accuracy for classification of sleep stages, in particular slow wave sleep
and wake state, compared to PSG [104, 107]. In addition, studies demonstrated that
performance under free-living conditions was acceptable for coarse quantitative
measures such as total sleep time but not good for more granular parameters, such as
sleep efficiency [108, 109]. Moreover, predictive performance was lower for patients,
such as people suffering from insomnia [110]. In contrast, EEG headbands seem to
be better at detecting slow wave power in particular [111] and sleep stages in general
[112, 113]. However, the headbands often rely on electrodes over frontal regions
thereby being prone to data corruption by ocular and muscle artefacts [112, 114].

Movement monitoring during sleep with mobile sensors cannot only contribute

to sleep staging but also reveal periodic leg movement [115], which may be useful
for patients with RLS, periodic limb movement disorder or REM sleep disorder,
which is characterized by a persistent muscle tone and subsequent physical acting
out of dreams during REM sleep. Movement sensors can also be used to monitor
breathing effort, which may be of use in sleep apnoea and other diseases character-
ized by sleep-disordered breathing [116]. A study looking at movements during
sleep of normal weight and obese people found that obesity affected sleep with
fewer transitions and lower values of root mean square transition accelerations dur-
ing the night [117]. One study showed that sleep problems can even cause differ-
ences in daytime movement [118]. Older women with subthreshold insomnia
walked slower and showed an increased coefficient of variance of the stance phase
during fast walking, compared to healthy older women.
In conclusion, current wearables are able to relatively reliably track sleep time and
sleep movements, however sleep staging is not always reliable. EEG headbands cur-
rently seem to be a promising alternative to gain more insights into sleep architec-
ture of older adults although further validation is needed.

8.4  Opportunities, Challenges and Relevant Questions
for Future Research

As can be seen from this broad overview of the literature on digital technology,
many wearables and phone apps offer ways to passively monitor psycho-behavioural
symptoms. However, results are often inconsistent between studies, possibly due to
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methodological differences and the lack of standard parameters, for example, when
looking at HRV. Therefore, more standardized research, more validation studies and
more meta-analyses are needed to determine the most promising digital parameters.
A first attempt at an overview of most relevant parameters based on the literature is
presented in Table 8.1.

Another challenge in the field of digital medicine is translating these new find-
ings into changes in clinical care. While some of the technology used is commer-
cially available and has standardized output parameters (although usually not

Table 8.1 Main digital parameters used to capture psycho-behavioural symptoms

Depressive
symptoms

Manic

symptoms

Anxiety

Delirium

Lack of
impulse
control &
addiction
Fatigue

Sleep

Physiological
measure(s)

Decrease in HRV VS
band and hypo-
reactivity during stress
depressed persons [7],
possibly also reduced
EDA [30]

Little evidence,
possibly reduced sleep
length and quality [45]

Decrease in HRV
(mostly HF power
[48]), faster, shallower
breathing [46], possibly
also increased EDA
[62]

Little evidence,
possibly increased HF
HRYV power and
decreased LF HRV
power [68]

Decreased resting HRV
[71]

Decreased overall HRV
[87, 89], mental fatigue/
vigilance: EEG metrics
such as EEG power
spectrum density [88]
Decreased deep sleep
time: Sleep staging
based on EEG
[111-113], decreased
sleep time: Sleep
detection with
multisensoric
smartwatches [104,
107-109]

Mobility measure(s)

Decreased physical activity
(reduced mean acceleration
magnitude [33]) or decreased

amount of moderate-to-

vigorous-intensity physical

activity [32])
Little evidence, possibly

increased distance travelled [42]
and increased number of steps

[45]

Little evidence, possibly

decrease in mobility during day
and increase during night [67]

Decreased spatio-temporal gait
parameters such as stride length

[91, 93]

Fewer transitions, lower

transition acceleration measured
by IMUs [117], presence of
periodic leg movement and
increased breathing effort:
ballistocardiography sensor mat

(115, 116]

Social participation
measure(s)

Little evidence,
possibly reduced
mobile phone use
[36], decreased time
spent talking [37].

Little evidence,
possibly increased
social
communication [44].
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optimized for clinical use), other technology is not available for sale and might
require technical knowledge to manage the preparation before use as well as the
data transfer and analysis. Therefore, technology and data use should be simplified.
In addition, standards for the data format and orientation of sensors should be estab-
lished and applied to all sensors to unify data reporting. Lastly, more intervention
trials with digital technology are needed to assess how well wearables or apps can
capture disease changes and facilitate interpretation of measures.

Looking at the presented literature, most research focuses on physiological and
movement measures, while research about digital measures of social participation is
limited. When trying to place the research in the WHO’s International Classification
of Functioning, disability and health (ICF) model, most was performed in the body
functions and structures and activities domains, while participation (in societal
roles), personal features and environmental factors are rarely explored. This is
unfortunate, as a review in patients with PD found that the participation domain
included factors showed the highest strength of association with HRQoL [119]. For
fatigue a strong association with social participation has been demonstrated as well
[120]. Therefore, future research should focus on the important domain of social
participation and how digital technology can assess parameters from this domain.
Table 8.1. gives a brief overview of the most prominent digital measures that past
studies investigated.

8.5 Conclusion

New digital technology shows great promise to enable a continuous, unobtrusive
monitoring of psycho-behavioural symptoms, which may increase diagnosis accu-
racy and facilitate treatment monitoring. For some of the psycho-behavioural symp-
toms, such as depressive symptoms and sleep disturbances, a relevant body of
research investigating the association between symptoms and digitally extracted
parameters exists. However, less is known about such associations for manic symp-
toms, delirium and lack of impulse control. Therefore, more validation work is
needed especially for the latter symptoms. Nevertheless, digital technology can
already provide a lot of useful information, although the development seems far
away from implementation in routine clinical use.
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Consequences

Kayla Bohlke, Anisha Suri, Ervin Sejdcic,
and Clemens Becker

9.1 Introduction to Falls and Technology

Falls and injurious falls remain an important problem for older people. According to
the World Health Organization (WHO) report, from 2021 this is a problem which is
likely to worsen over the coming years. The number of falls and fall injuries will
increase as the world’s population ages. In this chapter, we focus on falls from older
people still living in the community. In the first part, we will give a short overview
over the burden of falls, the most common risk factors and the clinical progress that
has been achieved over the past two decades in fall prediction, detection, and pre-
vention. In the second section of the chapter, we will discuss the role and potential
of technological solutions in this relevant field. We will discuss the upcoming hybrid
solutions for the management of falls and fall prevention strategies. Often the notion
of a fall may seem common sense. However, lay and clinical perspectives differ. The
most adopted definition of a fall was proposed by the European Thematic Network
ProFaNE (Prevention of Falls Network Europe). This group chose an inclusive defi-
nition of falls as ‘an unexpected event in which the participant (person) comes to
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rest on the ground, floor, or lower level.” [1]. Injurious falls are falls as described
above which result in physical or psychological injury: categorized as minor (e.g.
bruises, abrasions not requiring medical/healthcare treatment), moderate (e.g.
wounds, bruises, etc. requiring medical/healthcare attention), or serious (e.g. frac-
tures, head or internal injuries requiring emergency room or inpatient treatment) [2].
Fall rates are reported in a number of different ways in the literature, which can
make interpretation of findings problematic. For clarity, data are best summarized
by providing information in terms of number of falls; number of persons who are
non-fallers, number of persons who are fallers, and number of frequent fallers (2+
falls in the period), fall rate per person year at risk and, in trials, time fo first fall.
Many studies do not follow this approach and at times this makes comparing results
across studies difficult. As well as their physical consequences in terms of injuries,
falls have a number of psychological consequences, most often referred to under the
term of ‘fear of falling’. In brief, fear of falling is seen as an increase in anxiety or
concern about activities that may result in falls and injuries and it can be measured
in a number of ways using either single-item measures or scales such as the Short
Falls Efficacy-Scale International (Short FES-I) [3]. The relationship between fear
and falls is not straightforward. It is not the case that having a fall simply leads to
increased fear, since some people are unrealistically confident and not fearful
despite being regular fallers; and others are afraid of falling despite not having
themselves fallen. What is clear is that fear of falling can lead to restriction of activ-
ity, which in itself is a negative consequence, as activity reduction can lead to loss
of muscle and balance function, increasing risk of falling. In summary, falls are a
major concern for health and social services since they are a major predictor of loss
of independence and admission to care, to say nothing of the injuries that result and
require medical attention.

9.2 Falls of Community-Dwelling Older People

Most studies of community-dwelling older people reveal that 20-33% of those aged
over 65 years fall each year but estimates of 40% are not uncommon. The rate of
falls (and recurrent fallers) increases with age 65 + from about 20% to 30—40% aged
80+. Rates are higher in the old-old (40 + %) and highest in the oldest-old (60%).
Some 25-50% of fallers are ‘multiple fallers’ experiencing two or more falls
per annum. The data on fall rates differ quite widely in the literature, because of
differences in methodology for collecting the data (e.g. retrospective versus pro-
spective designs; see [4] and differences in the underlying population.

Ethnic and socioeconomic differences have been noted in fall rates. For example,
the risk appears higher among Whites compared with Hispanics and African
Americans, and Chinese ethnic groups. However, there remains a poor understand-
ing of the relationship between ethnicity and falls, which all too often confabulates
ethnic origin with other issues such as poverty, living conditions, access to services,
and ‘migrant effects’. The consequences of falls are more easily quantified than falls
themselves, especially the most serious consequences, since they result in need for
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medical attention and admission to hospital, and data are routinely collected by
health services on the number of injuries treated. Hence one way to see the ‘tip of
the iceberg’ of fall events is to consider fall-related injuries and fracture rates, espe-
cially hip fracture rates. It is generally accepted that 40-60% of falls result in no
injury, 30-50% in minor injury, 5% in fractures (including about 1% being hip
fracture) and 5-6% in other major injury.

9.3  Risk Factors for Falls and How to Identify Them

Falls are events that can be caused by numerous intrinsic factors. Acute onset of
disease in various systems may present with falls necessitating hospital admissions.
Examples include stroke, epilepsy, syncope from various causes, and postural hypo-
tension. Often, it is the interaction between the person and an over-demanding envi-
ronment that causes a fall. Personality traits such as risk-taking behaviour (e.g.
climbing on unstable chairs) may influence the likelihood of falls. Intrinsic predis-
posing factors assessed might rapidly change. Fall risk should be considered using
dynamic rather than static models. Most current fall prediction tools have accept-
able sensitivity but lack sufficient specificity (meaning tools identify many people
who go on to fall correctly, but they also identify too many people who do not go on
to fall). In general, some 15% of falls are caused by an external event that would
make most people fall; another 15% or so have a single identifiable cause such as
syncope, while the remaining 70% or so have multiple interacting causal factors [5].
The first large systematic review and meta-analysis [6] of risk factors for falls
among community-dwelling older people identified a plethora of risk factors, but
restricted analysis to those which were reported on in at least five papers. There is a
consistent rise in falls and recurrent falls with age and a 30% increase in risk for
both falling and being a recurrent faller for women compared to men. However, it is
perhaps the modifiable risk factors that are more important to focus on. Cognitive
impairment is associated with more than twice the risk of falling and more than
three times the risk of being a recurrent faller. Being depressed, having poor self-
reported health, and being afraid of falling are all highly associated with falling. A
number of medical conditions are associated with falls, particularly Parkinson’s dis-
ease is nearly tripling the risk for recurrent falling.

924 The Role of Environmental Risk Factors

Environmental risk factors include factors in a person’s living environment, whether
at home or outdoors, that in conjunction with a person’s intrinsic factors increase
fall risk (Fig. 9.1). Home is a ‘dangerous’ place; most falls occur indoors at home,
although of course this is where most community-dwelling older people spend most
of their time. During the day the kitchen, living room, and halls/corridors and at
night bedrooms, and corridors to toilets are scenes of most falls. Common hazards
in the home are loose carpets and rugs, lack of supports, electrical cables and pets,
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Fall-Risk

Fig. 9.1 Fall risk as a multi-factorial problem

and these can be identified by a number of different assessment tools [7, 8].
Outdoors, uneven pavements or steps, surface cracks, slippery surfaces, are com-
mon culprits. Environmental temperature is also associated with fall risk, since falls
appear to increase during winter months. This has often been attributed to risk of
walking on snowy and icy surfaces, however this phenomenon is also observed in
subtropical climate, and may indicate that lower extremes of the temperature range
to which older people are acclimatized represent a risk in itself.

9.5 Clinical Screening and Assessment
for Community-Dwelling Older Persons

The most recent global guideline on fall prevention (Montero-Odasso 2022) recom-
mends that physicians should proactively and at least annually ask about falls [9-
11]. The CDC provides a self-complete checklist for older people to help them
identify and discuss risk with their doctor [12]. If an older person presents for any
condition the doctor or healthcare professional should ask if they have had a fall
within the last 12 months, and should ask about the circumstances (frequency, con-
text, and characteristics). Older people reporting a fall, or considered at risk, or
presenting with an injurious fall should then undertake simple gait/balance tests and
consideration be given to their potential to benefit from intervention such as strength
and balance training.

A number of websites provide up-to-date guidance on clinical assessment tests
and interventions [11-13]. There are a number of algorithms available to help
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healthcare professionals to conduct a falls assessment, for example, the CDC
STEADI algorithm and AGS/BGS algorithm [9, 14]. If patients present with an
injurious fall they should be carefully interviewed and assessed (see the videos at
[15]). In general, the tests that are feasible in the clinical setting do not require
extensive training, give objective information which will influence management,
and are quick to administer. As part of the assessment, a medical history should be
taken, including questions on falls history and the patient’s subjective balance con-
fidence as well as simple functional mobility tests as recommended in the various
guidelines. Clear instruction and recording sheets for these standard tests are avail-
able at a number of falls websites including ([16, 17].

The BMJ has a number of videos [15] demonstrating how to clinically assess
older people for fall risk in different settings. There are also new online fall risk
assessments such as the Farseeing Fall Risk Assessment Tool (FFrat) [18] which
permit inclusion of a wide range of clinical variables in calculation of a risk score
and the App from the European Prevention of Falls Network for Dissemination [17]
which links risk to a management plan. Assessment should always result in action,
be it referral to another service, or changes in medication, and so on.

9.6 Assessment in Fall Clinics and Other Geriatric Services

Since there are many factors predisposing to falls, assessments for high-risk persons
should ideally be carried out in one place by a multidisciplinary team, covering the
well-established domains of comprehensive geriatric assessment: physical, func-
tional, psychological, nutritional, and social domains. An example of a structured
assessment requiring equipment is the physiological profile assessment (PPA) [19].
This tool consists of physiological assessments rather than disease-oriented ones,
assuming that many disease processes will manifest as impairment in one or more
of the test domains. These include visual contrast sensitivity, proprioception, quad-
riceps strength, reaction time, and postural sway on a compliant surface. In the
original sample 75% of fallers were correctly identified by this method and a web-
based falls risk calculator has been developed in Australia [20] which provides clas-
sification into five risk categories from very low to marked.

Assessment includes ascertaining the circumstances of the fall which often
points to the likely cause. Environmental factors and ‘risky” behaviours should be
elicited, if necessary, with proxy information. History and physical examination is
targeted towards detection of abnormalities in vision, cognition, cardiovascular,
neurological, and musculoskeletal systems. Common diseases encountered include
cataracts, postural hypotension, cardiac arrhythmias, stroke, Parkinson’s disease,
lower limb osteoarthritis, and recent fragility fractures. Action taken in the clinic
may consist of medication adjustments, referrals to other specialists such as oph-
thalmologists, occupational, and physiotherapists. Cardiological and neurological
testing should be initiated when the fall history is unclear and/or the injury indicates
a loss of protective mechanisms (e.g. head trauma). Bone health assessment should
also be considered.
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9.7  Gap Analysis of Current Strategies

Given the development and uptake in consumer electronics such as mobile devices,
it is a bit of a surprise that the use of technology in research of falls has been limited
up to now. The other side of the coin is that the results of fall prediction, detection
and prevention are still not satisfactory with classical clinical models based on the
cascade of epidemiology, risk factor identification and elimination. One major bar-
rier is the time demand to follow patients, the enormous task of fall reporting and
the effort to recruit large number of participants into studies around the additional
or substitutional effects of technology. We have identified at least four areas where
technology can make a significant contribution in this field. However, we expect
that this often be a complementary component to enhance or augment clinical
approaches and less frequently a tech-only approach. The most promising areas are
the improvement of fall prediction using body-worn sensors leading to a better strat-
ification, personalization and monitoring of interventions, the use of body-worn
sensors and ambient sensing to detect falls and reduce the time to rescue for unre-
covered falls, the inclusion of technology to improve the efficacy of fall prevention
interventions such as perturbation, digital training, exergaming or Virtual Reality/
Augmented Reality and finally the use of technology to manage of injurious fallers.

9.8 Improving Fall Risk Prediction with Technology

Technology can alleviate burden by automating and standardizing some of the
quantifications. Computerized posturography and accelerometry have been used in
fall risk assessment as well. These risk assessments provide objective quantifica-
tions of various mobility features. However, cost of these devices can inhibit clini-
cians from acquiring the necessary equipment and the need for specific training on
using these devices is another limiting factor. Recent work has delved into using
consumer-available devices for assessing fall risk. Smartphones, tablets, and gam-
ing systems have been shown to be comparable to laboratory equipment for quanti-
fying body movement. Many of these devices have not only been used in the clinic
and laboratory spaces but can also be used in community settings. For example,
Kinesis Balance is a smartphone app that allows older adults to have their balance
assessed in an unsupervised setting [21]. Wii Fit boards have also been successful in
quantifying balance to give general fall risk assessments, as well as Xbox’s Kinect
motion tracking system [22]. All of these types of technology allow for more access
to healthcare, as these devices are more widely available and cheaper than standard
laboratory equipment. These devices have also been optimally designed for layman
use and do not require lots of speciality training. Again, several groups have devel-
oped apps for balance assessments (Kinesis Balance, iSway, Senior Sway, etc.) [21,
23, 24]. Furthermore, some groups have developed machine learning algorithms to
predict falls and those at risk of falling [25-29]. The successfulness of these algo-
rithms could go a long way to identify who is in most need of preventative or inter-
ventional treatment.
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9.9 Technological Approaches to Fall Detection
and Managing Falls

Advancement in technology specifically sensor networks, internet of things, and
human-computer interaction are being regarded as effective approaches to fall
detection and management. The earliest form of emergency alert systems, also
called Manual alert systems, date back to the 1970s. Wilhelm Hormann introduced
the German ‘Hausnotruf” system and American International Telephone Company
introduced the ‘Emergency Dialer’ (Popular Science 1975). These allowed indi-
viduals to contact caretaker or call centre for assistance in case of emergency. With
rapid rise in the ageing population, and a pandemic situation such as COVID-19
may result in limited access to in-person healthcare facilities. Remote health moni-
toring will eventually gain popularity for rapid diagnosis, early detection of disabil-
ity, and increased healthcare accessibility to underserved communities. Technology
for automated fall detection looks promising and is the focus of this section.

Technology for fall detection can be divided into two categories—exosensors
and wearables. Exosensors are set in the environment and may include visual sen-
sors such as RGB and infrared cameras, as well as ambient sensors that are based
on feedback from environment due to falling, for example, pressurized floors,
microphones, ultrasonic sensors, etc. Feasibility studies with smart carpets and
smart floors using pressure-sensing tiboelectric nanogenerators have been con-
ducted for in-home use [30, 31]. The smart carpets are shown to exhibit an excel-
lent electrical response to trigger, such as pressure sensitivity of 0.07 kPa~! in the
region from 0.8 to 11.8 kPa, fast response time of less than 28 ms and has an ability
of precisely judging the falling action [31], and these systems are shown to achieve
a classification accuracy of 96% in identifying actual falls [30]. Some of the key
advantages are low cost, sending alarm without involving personal privacy, easy
installation, and notable accuracy, making the proposed system potentially useful
for homes and hospitals. Challenges for managing interference signal from cell
and contact and for building higher fault tolerance remain [31]. Exosensors can
also be incorporated in assistive-robot-based systems, as proposed in a recent study
[32]. The assistive robot autonomously patrols an indoor environment, and when it
detects falls, it activates an alarm. The system was designed to recognize lying-
poses in single images. The robustness of the method has been tested using Fallen
Person Dataset, which is publicly available dataset with eight different scenarios,
various person heights, more than one person in an image, and several lying-posi-
tion perspectives.

Before experiencing a fall, an individual’s body can exhibit a range of physiolog-
ical changes such as heart rate variability, change in breathing rate, body balance
and orientation. Wearables comprising of sensors like accelerometers, gyroscopes,
electrocardiography, electromyography, etc. can be leveraged to record these bodily
variations and assist with fall detection. The key flow for building a fall detection
system consists of selecting sensors, embedding them in suitable device (wearable
as well as non-wearable installed in the environment), gathering and dynamically
monitoring signals, and finally assisting with fall detection (Fig. 9.2).
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Popularsensors used in wearable and non-wearable technology
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Fig. 9.2 Fall detection and dynamic risk monitoring systems using wearable technology consist-
ing of sensors that can be placed on individuals and exosensors installed in the environment. The
process involves embedding sensors into devices or objects, dynamically monitor the signal, and
via algorithms detect falls, perform dynamic fall-risk assessments, and finally generate emer-
gency alert

Some of the other questions in the field include—How many sensors are required?
What is the best body location to install the sensor? What type of sensors are best
suited for usage in the real-world? In a thorough investigation by Cleland and col-
leagues [33], it was found that although data from all locations provided similar
levels of accuracy, the hip was the best single location to record data for activity
detection providing better accuracy than the other investigated locations. Increasing
the number of sensing locations from one to two or more statistically increased the
accuracy of classification. There was no significant difference in accuracy when
using two or more sensors. It was noted, however, that the difference in activity
detection using single or multiple accelerometers may be more when trying to
detect finer grain activities. For differentiating transitional activities, such as sitting
(from standing) and lying down (also from standing), which are those most similar
to falls, the most suitable positions have turned out to be the waist, chest, and knee
[34]. In fall detection the waist accelerometer proved to have almost same perfor-
mances as the chest accelerometer [35].

Wearable sensors based on threshold values have been proposed to distinguish
near-falls from normal range of acceleration range, gait parameters, and other activ-
ities [36-38]. One of the milestone fall detection algorithms [38] was able to detect
all fall events at least 70 msec before the impact, with the threshold adapted to each
individual subject. Based on real-world fall recordings using body-worn sensors, a
five-phase fall model has been proposed which includes the stages: pre-fall phase,
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falling phase, impact phase, resting phase, and recovery phase [39]. A preimpact fall
detection study, utilizing pattern recognition approaches obtained an average lead
time (i.e. the time between the fall detection and the collision) of 280 + 10 ms with
the experimental data that had 6 types of falls and 14 types of physical activity [40].
Another system predicts a fall event (300-700 msec) before occurring. Fall inci-
dence will trigger an alarming notice to the appropriate healthcare providers via the
Internet [41].

Literature shows that fusing the signals of different sensors could result in higher
accuracy and lower false alarms, while improving the robustness of such systems
[42]. More public datasets (Table 9.1) are now available for understanding fall-
related signals and developing better detection solutions.

Machine learning and deep learning approaches based on existing multimodal
datasets that utilize a combination of accelerometer and camera sensors have shown
high accuracies in fall event detection of the order of 95% [52-54]. Using existing
datasets such as UMAFall and SisFall with machine learning algorithms, a compre-
hensive study found that the multi-class approach to identify the phases of a fall
showed promising results with an accuracy close to 99% [55]. It has been observed
that ensemble learning algorithms perform better than lazy or eager learning mod-
els. Furthermore, a high sampling rate usually produces better results than a lower
one. These neural network-based propositions may show high accuracies, however,
very often lack transparency and interpretability. More investigation is warranted.
Context-aware systems considering individual underlying conditions, surrounding
environments, light exposure, and real-life complexities are needed to develop prac-
tical solutions.

The future of wearable technology to advance health outcomes such as fall detec-
tion appears to be promising. Fall detection from smartphones has been reviewed
[56]. Built-in fall detection multiple sensor-based mechanisms can be installed in
daily objects, gadgets, or tools that an individual uses. Pilot studies have been con-
ducted to test the capability of fall detection using hearing aids [57], walking aids
[58], prescription glasses [59], and other eyewear [60]. Watches are popular in step
count monitoring but had been proposed for fall detection as early as the 2000s [61].
A proposed belt system also appears to be promising, since waist is an acceptable
location for accuracy in terms of activity monitoring. This system records steps and
falls [62]. Smart shoe-, chest bands-, and smart shirt-based systems have also been
in development that make use of body temperature, ECG, and respiratory function-
alities [63]. Although these systems may sound modern, we should also keep in
mind if the system is too complicated, it may suffer from technology adherence
issues from the users [64]. In the digital age, we should avoid adding to the cogni-
tive load of the stakeholders involved. Moreover, making affordable technology is
another aspect.

The fall detection problem may appear straightforward but is rather complex in
real-world settings. For example, a system using accelerometer, magnetometer,
gyroscopes, along with GPS and audio feedback capabilities recorded 83 of 84
false alarms, i.e. the system detecting a fall when it was not [65]. The authors
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found that largest percentage of these false alarms (42.2%) were during normal
device use. Another 16.9% of false alarms occurred when the participant dropped
the device. Device misuse and putting down the device each constituted 10.8% of
false alarms. Finally, 19.3% of false alarms occurred for unknown reasons, per-
haps it was almost a fall which the individual was able to correct. Sensitivity and
specificity are both critical aspects to building a reliable fall-detection system.
Distinguishing sitting (specially sitting on the ground), standing, and lying from
each other remains challenging [66, 67]. A technology system may depend on age
range and whether falls are to be detected indoors, in hospital settings, or in com-
munity settings. Infrared and Kinect sensors cannot be used in sunlight and are
preferred for indoor usage; thus, they won’t be useful in outdoor settings. Video-
based monitoring is great at visualizing human body movement however they
have privacy and security considerations if used inside homes. Furthermore, these
cameras' sensor-based fall detection is computationally expensive; they need
cloud-based approaches for faster processing and data storage. Response time is
critical in falling situations. Accelerometers are sensitive to movement, so their
location on the body becomes crucial in distinguishing falls from other move-
ments and body transitions between activities of daily living. Thus, each sensor
will have an advantage and limitation. Demographics of individuals based on
which fall detection systems are being built are also critical. For example, many
of the subjects in the fall datasets (Table 9.1) are young individuals, with falls
simulated in laboratory conditions. For improving accuracy and sensitivity of fall
detection, more data may not necessarily be better for supervised learning
approach, emphasis instead should be on diverse data in terms of types of activity
of daily life (ADL), studying the characteristics of falls that are false-positive, and
those going undetected.

9.10 Digital Mobility Parameters for Monitoring

Monitoring of gait speed and walking endurance are popular in laboratory assess-
ment of mobility function [68, 69]. Physical function and life-space have popularly
been self-reported in past research. Self-report is quick however is prone to recall
bias and may be influenced by individual perceptions. Over the last two decades,
accelerometer-based wearable devices have become popular in objective monitor-
ing of physical activity and overall mobility in daily life. These are lightweight,
compact, and cheap devices. Activity volume can be quantified as step-count, transi-
tions between postures, and number of activity bouts. Activity intensity can be
quantified as light, moderate, and vigorous depending on energy spent. Besides,
recent interest has been in daily-life measures for gait variability such as cadence
and entropy (Table 9.2). Association of physical function, cognitive capabilities,
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psychosocial health, and environmental-related factors with digital mobility mea-
sures from accelerometer sensors have been detailed [70]. An Australia-based ran-
domized controlled trial found that daily feedback to patients and therapists using
an accelerometer increased walking times during rehabilitation admissions [71]. In
regard to falls, there is no consensus on if volume, quality, or both aspects of mobil-
ity are important considerations to reduce fall risk. For example, fall history was not
associated with volume-based accelerometry measures, such as steps per day but
instead was associated with quality of walking [72, 73]. This contrasts with studies
that showed non-recurrent fallers (less than two falls) took more steps per day than
recurrent fallers [74, 75] and that fall risk was reduced in those walking greater than
5000 steps per day (volume measure) [76]. Among other mobility markers, spatio-
temporal measures from Global Positioning System are also becoming popular
[77]. A general flowchart for extracting mobility measures in daily-life is given in
Fig. 9.3. Overall, wearable technology-enabled interventions can assist in delaying
mobility-related disability and improving participation of older adults in the
community.

Table 9.2 Accelerometer-based parameters to assist digital mobility monitoring (Table adapted
from [70]). Accelerometer measures can be classified under the umbrella categories of Volume,
Intensity, and Gait Quality. Specific measures can be extracted and put to these categories

Volume Intensity Gait Quality

Step count Minutes spent, Metabolic equivalents Step variability
Walking bouts count (METsS), and accumulation of the following: Cadence

Daily activity counts — Light physical activity. Complexity
Up-down transitions — Moderate physical activity. Entropy

High-low activity — Vigorous physical activity. Acceleration range
transitions

EXPERIMENTAL
. EXTRACTION OF DIGITAL
I — DATA ACQUIZITION _ DATA PROCESSING —
PROTOCOL
- MOBILITY PARAMETERS

O Pre-processing « Volume, Activity intensity, Gait
* Missing data *+ Count, Extent, Temporal behavior

* Outlier = Vehicle and pedestrian trips
Accelerometer  GPS Iowrr.n = Valid days

D Accelerometry data 9

Threshold considerations o
L e * Wear and non-wear 9 Tag,
Smartphone with sensors \ « Sedentary and non-wear ana®
= Activity intensity

= Sampling rate + Coordinate system
* Placement of device

* Device wear days GPS data
= Wear time protocol

Fig.9.3 A flowchart depicting extraction of digital mobility parameters from sensors and various
considerations in the process, modified from Fig. 9.1 of [70]
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9.11 Interventions to Reduce the Risk of Falling Based
on Technology

Many interventions utilizing technology have been developed, in the hopes that the
interventions are more appealing, easier to follow, and can be done more indepen-
dently. All these factors would help increase adherence to the interventions and
reduce fall risk more consistently. The table shows some examples such as
StandingTall [78], Nymbl [79], and KOKU (keep on keep up) [80]. These programs
have shown that they can reduce fall risk or incident rate of falls. Interventions that
require facilitation also show improvement in fall risk. V-Time [81] and treadmill
perturbation [82] are promising in their reduction of falls. However, availability of
such interventions would be limited and requires significant equipment and staff
training.

Exergames have also shown to be promising, often using Nintendo Wii or Xbox
Kinect to allow for visual feedback as well as fun and engaging platforms for indi-
viduals to interact with. A review found that exergame-based interventions did
improve physical or cognitive function in older adults but whether exergames were
superior to standard physical therapy interventions remains to be seen [22]. Using
commercially available systems makes these interventions more accessible as they
are more widely available, cheaper, and do not require extensive training to use.
Exoskeleton systems have also been developed, more specifically for individuals
with neurological conditions that have led to gait deficits such as stroke, Parkinson’s
disease, or multiple sclerosis. The Lokomat has shown promising results for improv-
ing gait function in these groups but there is conflicting evidence as to whether the
exoskeleton is better than traditional mobility interventions [83].

Higher rates of adherence have been shown in both supervised and unsuper-
vised settings for technology-based versus traditional interventions [84]. The
increased adherence is most often due to increased enjoyment of the exercise
program. However, the addition of technology can make the intervention intimi-
dating or confusing to older adults who are its intended audience. Societal nuance
should also be considered. In some places, games may be more likely to entice
subjects, but elsewhere they may repel subjects instead. Like in Singapore, game
exercise was found to be less helpful than traditional exercise [85]. Table 9.3 sum-
marizes ongoing as well as completed technology-based intervention studies.
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Table 9.3 Technology-based intervention studies (ongoing as well as completed)

Success of intervention

Technological Intervention/technology Intervention Implication on fall
interventions  description environment prevention
Standing Tall ~ Phone app that delivers Free-living, Significantly reduced rate
[78] personalized instruction for unsupervised of falls and injurious falls
balance exercises. Subjects Adherence:40% over 2 years by 16% and
completed two hours of adherence over first ~ 20% respectively
standing tall per week in 6 months, 30% (p =0.027, p=0.031)
addition to health adherence over
education for 2 years. 24 months

Nymbl [79] Phone app developed to Laboratory-based for Improvements seen after
follow the guidelines set by balance assessments 3 weeks in tandem stance

the STEADI (Stop Elderly then free-living AP sway (=3.2 mm; p <
Accidents, Deaths, and setting and 0,00), ML sway (—1.3
Injuries) best practices unsupervised for app mm; p = 0.01), and sway
protocol [86]. The app usage area (—682.7; p = 0.001);
requires the subject to Adherence: 95% +  one legged stance AP
undergo an assessment and  24% for 3 weeks sway (—1.5 mm;

then provides personalized (21 days), p =0.02), and feet
exercises based on the 90% + 26% for together stance sway area

subject’s performance for 6 weeks (42 days) (—128.7mm?; p = 0.01).
6 min every day. Subjects
used the app for 3 or

6 weeks.

KOKU [80] Gamified strength and In-home setting Improvements in exercise
balance tablet-based app supervised for initial ~ efficacy (p = 0.014),
guided by Otago Exercise 4 weeks and exercise frequency
Program [87] accompanied encouraged via (p = 0.018), sleep quality
by health education, home telephone check-ins  (p = 0.003), and self-rated
safety test, gait training, the next 2 weeks to  physical health
and a medication review. continue intervention (p = 0.048), and
Subjects had follow-up independently reductions in disability

visits at 6 and 12 weeks. Adherence: 61% still (p =0.027) and sleep
used app at least once medication use
per week at 6 week  (p = 0.016).

follow up
V-Time [81]  Combines treadmill Laboratory-based Fall rate significantly
training and VR to target reduced for subjects who
physical and cognitive did treadmill and VR
aspects of walking, (11.9 compared to 6.00
real-time foot movement falls per 6 months,
projected to subject and the p <0.0001)

simulated environment
included obstacles,
multiple pathways, and
distractions. Subjects did
training for 45 min 3 times
per week for 6 weeks.

(continued)
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Table 9.3 (continued)

Technological
interventions
Treadmill
Perturbations
[82]

Vibrating
insoles [88]

Wii Fit
exergame [89]

Xbox Kinect
exergame [90]

Intervention
environment

Laboratory-based

Intervention/technology
description

Dual-belt treadmill
walking with anterior-
posterior perturbations
administered by abruptly
changing belt speed or
adjusting platform beneath
treadmill*. 2 visits one
week apart.

Provided subsensory
vibrations to soles of the
feet to improve sensation,
balance, and gait. Subjects
attended 3 6-h study
sessions on separate days
over the course of 2 weeks.
Used a Wii fit balance
board for subjects to use to
play a range of games that
target different static and
dynamic components of
balance of varying
difficulty. Subjects
completed 10 training
sessions of at least 30 min
over the course of 5 weeks.

Laboratory-based,
supervised

Laboratory-based,
supervised

Exergames involved
picking up apples,
tight-rope walking, and
balloon popping. Subjects
played the exergames 24
total times with a
frequency of one to three
times per week.

Laboratory-based,
supervised

Success of intervention
Implication on fall
prevention

No group differences
were found between the
subjects that were given
perturbation training
versus regular treadmill
walking. Perturbation
recovery was significantly
improved for both groups
for AP and ML
perturbations (p < 0.001
for both).

Significantly improved
TUG, decreased area of
postural sway, and
reduced temporal gait
variability (p < 0.01 for
all)

Significantly improved
BBS (45.93 increased
50.10; p < 0.001) and
ABC scores (62.25
increased to 72.25;

p <0.001). COP
displacement and dynamic
balance performance also
improved with the
experimental group
significantly better than
the control group

(p < 0.001 for both tests).
Decreased double
standing time (P = 0.03),
minimum foot clearance
(P =0.04), BBS scores
(P <0.01), CS-30 scores
(P <0.01), and FRT
scores (P < 0.01)
significantly improved in
the intervention group
compared with values in
the control group.
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Table 9.3 (continued)

Success of intervention

Technological Intervention/technology Intervention Implication on fall

interventions  description environment prevention

Lokomat Static, robotic exoskeleton = Laboratory-based, Review finds Lokomat

exeoskeleton  device integrated into a supervised, does improve mobility,

[83] treadmill with a but it is unclear if better
bodyweight support system than standard therapy

and monitor that provides
feedback. Used to help
individuals regain walking
ability. Subjects are often
recovering from stroke or
have Parkinson’s disease or
multiple sclerosis.

9.12 Future Perspectives

The consumer electronics sector of industry is driving the developments at a breath-
taking speed. This leads to novel situations where many research projects are in a
defence situation or try to validate industrial approaches that have been developed
by start-up companies or established players. Data on the accuracy, false positive
and false negative and other test measurement properties are often lacking for indus-
trial products. Thousands of Apps on exercise intervention are available, and many
claim to improve balance and strength. The evidence from randomized controlled
trials is non-existent for most of them. That leaves patients and clinicians in a
dilemma.

The world's leading experts on falls concluded in their recent paper on the state-
of-the-art that they all see a huge potential in using technology for fall detection and
fall risk assessment but rated the evidence as preliminary and incomplete (Montero-
Odasso 2022). Likewise, this group recognizes the need and opportunities to use
web-based and mobile applications for exercise programs addressing fall preven-
tion. For the time being, the evidence base for this is insufficient. A further aspect
that was identified is the use of actigraphy to monitor patients and older citizens if
they reach sufficient levels of physical activities and how certain clinical interven-
tions influence these physical activity levels. Most clinicians also acknowledge that
personal emergency response systems such as fall detectors are required for a reduc-
tion of long-lying periods and avoid potentially life-threatening situations. If older
persons panic or lose their consciousness only technology will compensate
these events.

The clinical uptake of digital mobility measures will occur, but the timing is not
clear. The adoption of technology as part of the clinical routines has been slow.
There are some early adopting pioneers that embrace sensor-derived data and
encourage their patients to use technology. The recent release of the iOS 18 plat-
form surprisingly offers a mobile mobility lab profiling patients on their levels of
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dynamic balance. This push and others need to be accompanied with rigorous and
independent cross-validation. Intuitive use of technology by older adults is key.

The usability and user experience should be in the centre of future developments.
Co-design approaches need to be started in the embryonic phase of most projects.
This has been a deficit in the development of many fall alarm systems when rela-
tives and clinicians pushed hard for older persons to use the technology, but the
actual adherence was limited. The digital exercise programs should not be consid-
ered as a substitute for personal contact but rather as an augmenting approach or
sometimes as a bridging intervention, e.g. after discharge before a regular training
program or physiotherapy is started. It is unlikely that habit formation will be suf-
ficient to use these approaches for more than 2-3 months.

Technology assisting risk profiling in order to tailor and personalize prevention
is great, but it will take time for healthcare professionals to understand the rele-
vance of digital mobility biomarkers beyond gait volume, cadence and pace. There
is also a need for better visualization of data that are face valid, informative and
comprehensible for patients and healthcare professionals.
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10.1 Introduction

Robots’ role in healthcare is steadily rising and older adults constitute a demo-
graphic group that can greatly benefit from these gerontechnologies [1, 2].
Ubiquitously and timely, smart mechatronic systems can provide seniors with per-
sonalized responses to their needs, caused by mild-to-severe impairments due to
health or pathological senescence, during the execution of clinical exercises or
activities of daily living (ADLs). This chapter will present such opportunities for
elderly care in the next sections.

Section 10.2 discusses robots as tools for motor recovery and aid. Section 10.3
describes mechatronic assistive agents with social, service, and telepresence func-
tions. Section 10.4 introduces distributed robotics, based on Internet of Things (IoT)
and Artificial Intelligence (AI) technologies for monitoring and personalized care.
Finally, Section 10.5 summarizes these examples of senior-centered robotics.

10.2 Robotic Systems for Motor Rehabilitation
and Assistance

Different medical conditions (e.g., diabetic neuropathy) and accidents (e.g., falls)
generate motor and postural deficits in older adults. Long-term care must manage
these issues according to their musculoskeletal, neurophysiological, perceptual, and
cognitive-behavioral causes and their impact on elderly daily life. Indeed, heteroge-
neous reasons can lead to a loss of motor autonomy, like degenerative processes of
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Fig. 10.1 (a) a patient on hunova (courtesy of Movendo Technology, https://www.movendo.tech-
nology) (b) the TWIN exoskeleton for lower limbs (credits: Rehab Technologies Lab, Istituto
Italiano di Tecnologia, https://rehab.iit.it/twin)

dementia, inappropriate or late interventions after events like strokes, or even a lack
of motivation in performing physical activity [3-8].

This section will show how robotic devices offer smart responses to such needs
of recovery and assistance of elderly motor skills (Fig. 10.1). In fact, intelligent
mechatronic systems can act as tools for physiotherapy or neurorehabilitation. They
can also constitute assistive solutions to counter deficits in dexterous object manipu-
lation, maintaining the posture, and walking steadily.

Most rehabilitation robots implement modalities based on passive training
(robot-driven, position control strategy) and active training (patient-driven). Among
these, active assistive training modalities can especially help the users to move their
impaired limbs according to the strategies of physical and occupational therapy. The
approach of assistance-as-needed is especially useful to reduce the risk for the
patient to rely exclusively on the robot during the exercises. Each control modality
can be enhanced by synergies with other devices, as in the case of neurotechnolo-
gies like brain-computer interfaces. According to [9], these robotic systems can
work as “neuro-gerontechnologies”” when they stimulate the nervous system accord-
ing to biosignals or to neural principles of plasticity. In this way, they effectively
promote the older patients’ recovery or exploit their residual abilities (detectable
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according to biosignals and gaze motions) to assist their capability to interact with
the world.

Rehabilitation robots mainly belong to two categories: end-effectors (designed
to mechanically constrain, guide, and alter the motion of the distal part of a limb)
and exoskeletons (wearable robots). Different exemplary solutions in these classes
are described in reviews like [10]. The clinician can select the most appropriate type
of robotic system for a certain patient according to the severity and the features of
their impairments. For instance, an exoskeleton could be more impactful for people
with low residual motor capabilities, and end-effectors can effectively deliver forces
and perturbations during the exercises of patients who can more actively perform
actions during the re-training.

Furthermore, robotic devices can also provide clinicians with reliable quantita-
tive assessments of sensory, motor, and cognitive skills and of therapeutic outcome
of the patients, even in terms of biomarkers [11]. These examples are not specifi-
cally based on elderly cases, but they must be considered as the background for
developing novel rehabilitative gerontechnologies.

An example of end-effector for the upper limb is the Wristbot of Rewing (https:/
www.rewing.it) [12, 13], and an example of lower-limb end-effector is hunova of
Movendo Technology (Fig. 10.1a) [14].

Both these solutions are devised for being empowered by the engaging design of
exergames (video games that promote exercising), especially effective in motivating
older adults to perform physical activity [15].

Alongside the opportunity of integrating robotic and virtual rehabilitation solu-
tions [16], these systems propose groundbreaking Al solutions to monitor the indi-
vidual conditions and predict their upcoming changes, even the risk of fall (as in the
case of the Silver Index based on data collection during hunova sessions) [17, 18].
Through this type of machine learning-powered approaches [19], it is possible to
adapt the treatments to the individual needs alongside the daily care interventions
according to a precision medicine perspective.

Unlike end-effectors, exoskeletons are worn by the user. They anthropomorphic-
ally align with the mechanical joints of the human body, physically interacting with
them to modify their motion. They can assist the posture or guide a movement,
completing its execution or correcting its trajectory. Consequently, they can work as
both rehabilitative and assistive devices, as highlighted in [20] about upper limb
exoskeletons like Spexo [21]. This also is the case of lower limb exoskeletons [22]
like TWIN (Fig. 10.1b), designed as a user-friendly wearable robot for rehabilita-
tion and assistance of lower limbs motion for people with severe conditions like
spinal cord injury (SCI) [23]. Exosuits are another type of wearable robots, typi-
cally lightweight and soft (thus ideal for daily use) systems for assistance of upper
[24] and lower [25] limbs with mild deficits.

Considering typical motor assistive robots (in both clinical and domestic con-
texts), we need to highlight that they can encompass a wide range of solutions.
Among these: robotic wheelchairs [26] and robotic arms [27], robotic hand tools
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(e.g., tremor-countering spoons for people with Parkinson’s Disease) [28], and
bionic prostheses (especially artificial lower limbs in case of older people who lost
a foot because of diabetes) [29].

However, introducing a robotic device in the everyday life can be especially
challenging in terms of acceptance, as it happens for exoskeletons [30]: user-
centered design practices must be adopted to prevent elderly’s frustration and
embarrassment in using such devices (avoiding their abandonment) [31].

Interestingly, certain motor assistive robots tend to solve the problem of accep-
tance through the introduction of agent-like features (with a head, possibly limbs
too), as in the case of Kompai robot, a multi-purpose artificial assistant that can
function as a walking aid too [32]. Another example is human-lifting RIBA II [33],
providing the mobilization of the patient from and off the bed or the chair, working
as a help for nurses according to multiple patterns of physical human-robot
interaction.

Going beyond the definition of a clinical robotic tool for elderly care through
morphologies and functionalities, these devices lead us to introduce the topic of the
next section: assistive robotic agents.

10.3 Assistive Robotic Agents

Heterogeneous progressive impairments occurring in healthy and pathological
senescence definitely alter the capability of the older person to autonomously per-
form ADLs alongside typical patterns of communicative, social, and affective func-
tioning, especially in cases of isolation and loneliness. These situations may easily
worsen the difficulties of seniors, generating obstacles to sustain their physical and
psychological wellness. Consequently, older people lose important daily routines
and social connections: without being part of such processes and networks, they
will start losing practical—especially communicative and relational—skills and
healthy mood (facilitating the clinical emergence of apathy and depression). These
issues became especially clear for the isolation exacerbated by the social distancing
and the lockdown periods enforced as restrictions during the COVID-19 pandemic
[34-38].

Within this context, assistive robotic agents—apparently characterized as “artifi-
cial individuals” with a certain degree of autonomous behavior—can work as com-
panions and helpers that share the same daily living setting of the elder people,
helping them to perform ADLs, to self-care, and to be involved in cognitively, emo-
tionally, and socially stimulating interactions. As a special case in this domain, tele-
presence robots can help older people to establish social connections and experiences
with people located away from them, including the caregivers.
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10.3.1 Robotic Companions and Helpers

Seniors can establish different degrees of physical and social interactions with assis-
tive robotic agents. Most reviews [39-43] on this field show how human-robot inter-
actions can contribute to counter social isolation and help to live a safer and more
independent life through functions like bringing goods, monitoring health condi-
tions and habits, alerting patients to perform physical exercises or to ingest medica-
ments at expected times, mitigating stress and improving mood, stimulating mental
functions. These properties are advantageous even in severe cases of dementia.

Overall, care robots can be designed to be affective companions [44, 45] for
providing social and cognitive stimulations (sometime with therapeutic goals in
cases of depression or anxiety) or they can be exclusively dedicated to services like
cleaning or shopping in order to support a positive aging “in place” [46, 47].
However, even the latter can become part of social dynamics [48] thanks to the role
they occupy as agents in the everyday routine of people. A well-known example of
animal-like robotic companion based on minimal actuation, totally dedicated to
expressive functions, is Paro, a seal “pup” designed to provide emotional and social
support for people with dementia (Fig. 10.2a). As an exemplary evidence of its
impact, a study suggests that making elderly interact with Paro improves social
interactions and reduces the use of painkillers [49].

Fig. 10.2 (a) the robotic seal Paro (www.parorobots.com). Picture by Takanori Shibata published
in the article “PARO as a Biofeedback Medical Device for Mental Health in the COVID-19 Era”,
CC BY 4.0 (b) ARI the Social Robot by PAL Robotics (https://pal-robotics.com/robots/ari/)
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Beyond a morphology designed for establishing affective dynamics, other solu-
tions can be even more effective to engage and help older adults in a wider set of
applications. This is the case of humanoid robots [50] like Nadine, which is used in
[51] to demonstrate how this agent made recreational activities more promptly
available for elder people in a nursing home. The goal of the authors was to demon-
strate how a humanoid robot can address the emotional needs of the elderly, reduc-
ing the workload for caretakers during leisure activities.

The success of this solution can be attributed to the facilitated interaction based
on the humanoid shape alongside the agent’s capability to read gestures and facial
expressions of humans for providing feedback accordingly. The seniors appeared
happier, more focused on the entertainment activities, and less prone to turn to the
clinical staff with their requests. In addition, literature offers numerous cases of
robotic companions and helpers with partially humanoid features enabling, for
example, bipedal locomotion. Robots like Pepper [52] and ARI [53] (Fig. 10.2b)
can exploit their arms for communication (even for guiding physical exercises of
older people) and for offering physical support, while their wheels-based mobility
can be considered a sufficient compromise in order to reach a proper technology
readiness level and, consequently, to release such aids in real settings of daily living.

The academic and industrial communities cooperate with patients and clinicians
in order to understand how to improve the engaging features of these robots along-
side their functions in ADLs. Facing topics like technology acceptance and rejection
[54] requires long-term ecologically valid studies with the involvement of all stake-
holders—in particular the users in their daily living settings. Taking account of
cohort-effects and, overall, cultural differences will be a critical factor for investi-
gating the assistive robots user experience and for refining the “social competence”
of these artificial agents in their context [55], making them able to adapt to user’s
conditions (e.g., data about state and change of mood) [56].

User research will guide the design and development of novel solutions that can
empower the existing robotic platforms even through virtual and augmented solu-
tions to enhance their expressive impact [57].

Interestingly, a certain category of assistive robots can have companionship fea-
tures even if they are controlled by someone: this is the case of telepresence robots
that bring social contacts to the older adults, as discussed in the next subsection.

10.3.2 Telepresence Robots

Telepresence robots (TRs) are remote-controlled mechatronic systems capable of
providing a perception of presence in a real-world location that operator does not
physically inhabit [58]. On the one hand, this type of assistive robots can be consid-
ered as a special case of service devices described in the previous sub-section when
they are operated from the remote environment. On the other hand, they can be
perceived as social companions when they serve as means for non-physical pres-
ence of the remote operator in the daily life of older person. Considering this dual
peculiarity, and according to our perspective, they constitute their own category.
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Fig. 10.3 Example of
telepresence robot: (a)
Texai by Willow Garage
(willowgarage.com), CC
BY 2.0 (b) UBBO Maker
by AXYN Robotique
(http://gostai.com)

TRs come in different shapes and sizes but generally consist of a wheeled plat-
form with a mounted screen, video camera, microphone, and speakers. Some of the
TRs on the market have reached an advanced stage of development. They are capa-
ble of autonomous navigation throughout environment, docking, adjusting height,
and inclination of the screen, acquiring physiological data of the user and environ-
mental parameters (Fig. 10.3). Giraff [59], Double (Double Robotics®) [60], and
AMY-M2 (AMY-Robotics®) [61] are examples of TRs used in healthcare domain.

Telepresence systems can support older people in two ways. In certain cases, the
robot is placed in the remote environment and controlled by older adult (to interact
with family, for instance). Alternatively, the robot is found in the local environment
and controlled by a remote user (e.g., a relative, a caregiver), which can navigate in
the local environment and communicate with older adult through the implemented
robot functionalities.

When used in the first modality TR can provide a highly realistic sensation of
existence in the remote environment for the older person and be particularly benefi-
cial for people with physical disabilities and long-term patients.

Escolano et al. [62] demonstrated how patients with amyotrophic lateral sclero-
sis (ALS, often occurring in the sixth decade of life) can control a TR through brain-
computer interface (BCI) and independently explore space otherwise inaccessible
to them. People with' severe motor disabilities can control TRs using only their eyes
by means of gaze tracking system [63]. TRs can provide mobility-impaired people
with the possibility to participate actively in visits of museums and archeological
sites that cannot offer them a dedicated infrastructure for visits in person [64].

"https://www.axyn.fr/
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Fig. 10.4 (a) Telepresence application in which a doctor can assess a COVID-19 patient. In this
application, TR works as a surrogate of the doctor eliminating a need for protective equipment and
making the medical visit much safer. (b) TR facilitates successful aging through creation of a
social interaction and providing assistance in activities of daily living

When used in the second modality TRs enable medical personal to practice real-
time telemedicine, provide assistance in certain activities of daily living and increase
the social participation of older people through video calls.

Usage of telepresence for healthcare services can help the medical personal to
work more efficiently and much safer through respecting physical distancing
(Fig. 10.4a). With the beginning of the COVID-19 pandemic, the number of TRs
deployed in the hospitals significantly increased. TRs are used for ward rounds that
doctors can do even when they are at home or under quarantine themselves, triage
and registration in emergency department, virtual family member visits without
exposing them to the virus [65], disinfecting clinical rooms with ultraviolet radia-
tion [66], logistic support [67] as well as meals and medication delivery [68].

TRs enable quicker care delivery and access to the best care possible even in
rural areas where there is not enough medical personal. Vespa et al. [69] demon-
strated that a TR can help to assist neurologic patients faster and with a cost-benefit.
Newman et al. [70] used a TR to connect a pharmacist with the patients discharged
from a rural community hospital. During the interview, the pharmacist reviewed the
discharge prescription list and identified that in 8 out of 9 cases the patient had at
least one unintentional discharge medication discrepancy. TRs robots not only
“teleport” a doctor to the patient but they can also do automatic translation to over-
come the language barrier if needed [71]. When equipped with sensors the TRs can
measure user’s bio signals for purposes of monitoring, diagnosing, and improving
user experience.

Stricker et al. [72] compared different approaches to measure cardiac pulse from
video stream of the face acquired by a camera installed on a mobile platform.
Authors demonstrated that pulse rate can be estimated under ambient illumination



10 Robots in Geriatric Care: A Future with No Return? 151

even when subject is moving. Some TRs can communicate or directly equipped
with diagnostic instruments, for instance, RP-VITA telepresence robot [73] has a
built-in electronic stethoscope.

As discussed above, aging is often associated with higher risks of social isola-
tion and loneliness as well as the loss of independence and self-autonomy. The
restrictions during the COVID-19 outbreaks further lowered the quantity and
quality of contacts of older adults and negatively affected their physiological
well-being [74]. Through bridging physical distance, TRs can mitigate these
problems facilitate social interactions and improve emotional health of older
people (Fig. 10.4b).

In addition, some TRs are capable of helping to maintain independent mobility
and decrease risk of falls in older adults. For example, Astro robot [75] is equipped
with a hand bar and can assist person while they are walking, standing up, and sit-
ting down [66]. Thus, they can also provide the users with motor assistive features
as the systems in the previous section.

Currently available TRs have proven their usefulness; however, in order to
become ubiquitous in geriatric care and older adults’ assistance they should over-
come existing barriers. Some of the implementations were found to have such limi-
tations as: too expensive [76, 77], poor economics [78], privacy concerns [77-79],
audio problems [77, 79], insufficient control [79], and low video quality [77].

However, the studies investigating the user experience indicate that TRs are gen-
erally accepted [80, 81]. Koceski et al. [81] evaluated perceived usefulness and
perceived ease of use of various TR functionalities (navigation, vital signal mea-
surements, manipulator function, reminder, video conference). The results showed
a high-level acceptance of the TR technology by both older people and by profes-
sional caregivers.

Nevertheless, most telepresence systems on the market are not specifically
designed for older adults. Additional user-centered design requirements should be
implemented and evaluations performed to close the gap between the existing func-
tionality and the needs and expectations of older people.

The range of interaction of the existing telepresence systems can be further
enhanced with haptic feedback and the ability to physically manipulate the remote
environment, alongside alternative and augmentative modalities of control. This is
particularly important for improving telepresence accessibility for people with
severe motor impairments as the ones of Locked-In Syndrome (LIS, which typically
occurs in ALS), requiring novel interaction concepts based on cognitive ergonomics
and neuroergonomics [82]. Interpretation of the working environment, measuring
of person’s emotional state, and their behavioral traits can improve the user experi-
ence and make TR operation more effective. This information can be acquired and
integrated with the TR by a distributed multi-sensor system that is capable of pro-
viding continuous monitoring of the environment.

This section quickly introduced robotic agents for elderly care, dedicating spe-
cial space to telepresence devices. However, we must consider these agents as part
of a wider ecosystem serving and caring for older adults, as the next section
will depict.
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10.4 Ambient Intelligence and Distributed Robotics

Live data collection and analysis are fundamental steps to properly assist older
adults according to their fragilities. Meaningful information can be exploited to
deploy a smart environment system that adjusts to individual needs. Such a setting
should be equipped with technologies designed for sensing, monitoring, interpret-
ing, and managing a physical system (including people): summing up, it would
appear like a “distributed robot”. Key components of such a robotic ecosystem are
a set of sensors, artificial intelligence (AI) solutions, and mechatronic devices—
including assistive and, possibly, rehabilitative robots—that work synergistically as
the parts of a robotic environment. Such an advance is based on a background in
ubiquitous robotics [83] to coordinate different devices. However, any current
framework needs to be updated to the most recent advances in connected care in
order to provide the most appropriate services to elder people, moving towards
healthcare 4.0 and 5.0 [84-87].

More than other population groups, the elderly might benefit from the develop-
ment of an assistive technology solution that is continually available, personalized,
affordable, and non-invasive, which can monitor persons’ health and behavior dur-
ing routine daily activities. Such an assistive technology can only be achieved in
living environments, where people spend most of their time. Bringing automatic
assistive technologies in the form of distributed robotics inside people’s houses can
make the habitation a safer and less solitary place, reducing the requirement of regu-
lar assistance provided by the family or by the healthcare system.

Furthermore, we must consider the burden of chronic conditions. Worldwide,
elderly chronic diseases are among the most common and costly health issues and
they are the main cause of death, accounting for 60% of all death [88]. The early
symptoms of the chronic diseases emerge gradually, therefore they are hard to
observe with periodic scheduled screening tests, which, most of the times, are not
personalized but based on the average population risk of disease [89].

Nevertheless, since early detection of chronic diseases can significantly reduce
their impact and debilitative effects in the population, it is critical to observe their
symptoms as early as possible [88]. The integration of the modern advances in the
field of computation and electronics can give huge support for the definition of a
health system that can effectively manage the rapid rising of the population age with
minimal workforce, making use of IoT-powered environments [90].

These solutions bring the potential of multiple, ubiquitous devices to serve peo-
ple with fragilities in their own daily living setting, including TRs acting as inte-
grated parts of the whole system, when needed. Next subsections will introduce the
technologies and the perspectives on such a breakthrough in elderly care.

10.4.1 Multi-Sensor Environments

Homes of older individuals and hospitals can be equipped with distributed and per-
vasive sensors capable of sensing the surrounding environment in real time, sharing
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collected information with interested parties (e.g., other robotic systems, older
adults, family members, caregivers), and storing sensor data in the cloud that are
then used to design accurate models, monitor current health conditions, and predict
future insights. Such multi-sensor solutions are enabled by the Internet of Things
(IoT) technologies. The application of multi-sensor [oT systems in the medical
fields, especially in geriatric care [91], introduces new approaches in care with shift
from a centralized healthcare system towards pervasive model based on preventive
and personalized therapies.

A number of devices can be of service for an [oT-based healthcare system: (i)
ambient sensors that serve to collect environmental data—including people’s condi-
tions and activities—and, accordingly, intervene through domotic systems; (ii)
implantable and wearable devices that are mostly used to measure a person’s state
and vital signals and provide feedback (Fig. 10.5a).

Environmental and wearable sensors can make well-being, health monitoring,
and healthcare support accessible anywhere, anytime, and by anyone, without the
need of moving to any external location. Meanwhile, domotic and wearable systems
can provide feedback solutions (e.g., domotic adaptation of indoor temperature,
alarms) and personal robots like R1 [92] (Fig. 10.5b) with valuable information for
safe and personalized interventions.

Multi-sensor environments still constitute a new concept and they are mostly
limited to small-scale pilot studies. However, they have already been successfully
used for mitigating and managing issues like: risk of fall, heart rate monitoring,

Fig. 10.5 Examples of interconnected systems. (a) a wearable device (Empatica wristband, http://
empatica.com). (b) R1 an assistive robotic agent (R1 of iCub Facility at IIT)
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cancer treatment, depression recovery, Parkinson’s Disease, asthma monitoring, and
risk of exposure to contagious diseases.

Currently [91], the typical implementation of the multi-sensor IoT technology in
healthcare is accompanied by various challenges. Intelligent environments are com-
plex systems that can include a number of types of employed sensors, communica-
tion protocols, and data processing algorithms. The lack of the reference standard in
the industry makes data aggregation a challenging task and slows down the adoption
ratio. Another barrier for a broad adoption of these systems is related to security and
privacy concerns and processing of personal health data. Whenever it is possible,
10T sensors should follow principles of privacy-by-design. In particular, when they
have sufficient computational power, they should be provided with algorithms for
anonymizing, elaborating, and interpreting the acquired data on the edge, before
sending them to the cloud for further analysis. Sophisticated Al algorithms are nec-
essary to process collected information, particularly when dealing with continuous
arrays of data gathered from multiple sensors. These algorithms play a crucial role
in interpreting big data and providing valuable support in making health-related
decisions. Certainly, the iterative and participatory design of loT-based systems for
geriatric care should involve older adults' needs in large-scale studies.

These aspects must be considered when IoT also embrace robots in its connected
care applications, unveiling further perspectives in elderly care: the home itself will
literally command intelligent embodied agents to help older adults in need accord-
ing to the live collection and processing of information on them, as next sub-section
will discuss.

10.4.2 The EDITH Setup

Considering the issues described in the previous subsection—from the need of IoT
for health monitoring and diagnostics into everyday life [93] to the management of
large amount of data, avoiding network congestion and countering privacy issues—
we envision the development of innovative solutions that exploit the most recent
capabilities of intelligent and interactive technologies. For instance, a multi-layer
computation pipeline should be taken into consideration for granting higher stan-
dards of privacy. A first computational level should take place as soon as possible,
in the robotic acquiring device itself when it is possible: the human interpretable
collected raw data should be converted to compact and informative features by
either using hand-crafted or data-driven Al approaches [91]. Following processing
stages can combine different data sources for highlighting the emergence of data
patterns that are relevant from a diagnostic point of view, by using either supervised
or unsupervised algorithms. Finally, an application layer can collect the organized
and interpreted data, manage the data transmission and reception with the health
clinic, encrypt and store the data, provide feedback and proactively support the
elder in his/her daily activities. This is just a sample of the solutions that are con-
verging into the EDITH (Embodied Distributed Intelligent Technologies for Health)
Setup of IIT (Fig. 10.6).
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Fig. 10.6. A portion of the IoT sensors installed to implement the EDITH Setup (left) and the
pre-processed data collected by the cameras and the sensors of seat and floor (right)

The EDITH Setup consists of a sensorized living environment where the fur-
niture has been equipped with a series of sensing technology for monitoring the
elderly health status during their daily routine activities. The EDITH Setup is
also equipped with an R1 humanoid assistive robot, to support the elders in their
daily activities and to reduce isolation, constituting a promising solution to
implement the principles of Active Ageing [94] in Ambient Assisted Living [95]
frameworks. Smart cameras and robot’s eyes frame the monitored rooms and
extract the body joints of the persons, immediately discarding any visual infor-
mation about the people in the scene. Pressure sensors are installed in the seats
and under the mattress, while the floor is sensorized for monitoring person
changes of positions.

A thermal camera collects information about the person and the environment
temperature. Force sensing resistors are placed in the door handles for monitoring
the strength of the persons. Infrared sensors are used for quantifying the time spent
by each person in different areas of the rooms and the bathroom. In case the persons
wear smartwatches or wristbands, they can be interfaced with the Setup and share
their data. The robot and the IoT sensors collect the data and stream them to a LAN
where a centralized Al-powered computational unit encrypts, merges, and stores the
collected information. By using Al, the EDITH Setup can aggregate the data to
understand individual’s health both at baseline and during disease [B] [89]: by
learning the behavioral patterns of the monitored person, when sudden changes in
their habits appear it rises flags or alarms. Particular focus has been dedicated to the
study of elderly balance (i.e., irregularities in the gait, sudden changes in the walk-
ing speed, irregular dynamics during standing and seating, falls) and in the study of
the sleep disorders. The centralized computing system takes care of communicating
the analyzed data with the caregivers and notifying the emergency services. When
treatment has been prescribed, the centralized computing system can remind the
elder to take the appropriate medicaments at the right time using Bluetooth speak-
ers. Moreover, the EDITH Setup proactively gives suggestions against sedentary
lifestyles and bad food habits.

Managing the complexity of elder people problems (and the issues of any person
with difficulties) in their own daily living environment requires an effort of holistic
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understanding that only a distributed machine can proficiently perform. This
approach gets inspiration from the domain of ubiquitous robotics and we must
observe that, in this case, the robot is in every place because it “is” every place in
that context. The presence of R1 humanoid assistive robot in the EDITH Setup sug-
gests how this approach can extend the capabilities of ambient intelligence through
its distributed embodiment with a human-centered robotic ecosystem that could
include even rehabilitation robots designed for home use. Furthermore, this solution
is devised as the node of a network connecting clinical centers and laboratories too,
sustaining and promoting advances in translational geriatric research and geron-
technology development through an “ubiquitous living lab”.

10.5 Conclusions

Among gerontechnologies, care robots already constitute important opportunities to
help older adults.

Indeed, rehabilitation robots can offer solutions for the functional recovery of
older adults, and exoskeletons can work as wearable assistive devices for supporting
elderly mobility. These and other rehabilitative and assistive tools are the most typi-
cal examples of robots for elderly care in clinical centers, even if they will certainly
become home solutions in the future.

However, homes are already starting to be inhabited by assistive robotic agents
that can execute specific services to empower the individual autonomy. Moreover,
robotic agents can be designed as helpers and companions, also caring for the men-
tal conditions of a person through an experience of social interactions as opportuni-
ties for cognitive and affective stimulations. Furthermore, their applications in
telepresence can spatially and socially extend the daily experience of older people.
Indeed, TRs enable long-term patients and people with limited mobility to connect
with outside world and extend relational capability beyond their surroundings (e.g.,
visiting museums and archeological sites, interacting with friends and relatives).
Furthermore, TRs allow caregivers to reach more patients in a timely and safe man-
ner from virtually any place thereby providing access to the best care possible.
When navigated by family members TRs provide the best social connection when
in-person social interaction is not possible.

After considering elderly care robots as tools and agents, we can also see them as
environments themselves. Indeed, technologies like [oT—connecting multiple sen-
sors and actuated systems, including assistive robots—can enable distributed robotic
systems, based on the embodiment of ambient intelligence. Such a concept requires
advanced Al-powered devices, spread around the daily living setting for collecting
and analyzing data and for providing the inhabitants with personalized care.

We presented an example of such a distributed robotic ecosystem: the EDITH
Setup at IIT. As all connected care solutions, this Setup highlights the need of an
intensive and extensive level of data collection that can create issues related to pri-
vacy violation. Indeed, the pervasive and almost invisible presence of environmen-
tal and wearable sensors and feedback sources in the daily life of an individual must
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be appropriately assessed in terms of users’ dignity and privacy. Older people-
centered design can also overcome these issues alongside the users’ distrust towards
innovations, and, consequently, improving the technology acceptance and, conse-
quently, the quality of elderly life. This scenario is just a sample to pave the way
toward a robot-assisted positive aging.
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11.1 Human Aging and Its Impact on Attitudes
to Technology

European societies have been aging rapidly. According to WHO data, the percent-
age of people 60+ in the oldest countries in the world was approx. 20% in 1980 and
approx. 30% in 2017, and following pre-pandemic forecasts, it will be approx. 40%
in 2050 [1]. Even if unforeseen events modify these prognoses (e.g., COVID-19 has
shortened life expectancy in the vast majority of European countries), a clear upward
trend in the number and percentage of older people is still observed. At the same
time, a gap in care arises as low birth rates lead to fewer people at work and gradu-
ally increase the old-age dependency ratio, which expresses the relative size of the
older part of the population compared with the working-age population [2].

Since most of the older people live independently in their own homes where they
want to remain as long as possible (to retain the surroundings they are familiar with
and maintain their relationships with friends and their family), the essential question
is what actions can be taken to enable them to stay at home. At the opposite pole, for
people living in institutions, with restricted independence, entirely different activi-
ties are needed to improve their quality of life. Consequently, it is imperative to
propose differentiated and targeted means and methods of care with the aim to sat-
isfy the needs of its recipients. Care optimization means personalized care delivery,
tailored to each subject [3], and taking into account support for the caregivers of
older people (both formal and informal), in the face of their decreasing availability
in the system—so that the care burden does not lead to frustration and burnout.
Moreover, the implementation of new solutions should be cost-effective. Therefore,
it appears that the above problems are difficult to solve without using modern
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technologies. While the ideas of assistive technologies in all their possible aspects
precede the present day, they lead, for example, to the image of socially assistive
robots replacing humans in care. It is, however, a picture of the future as research in
this field is not yet advanced enough to enable drawing such meaningful conclu-
sions. Additionally, many questions remain unanswered, including particularly ethi-
cal questions as well as those related to education for the (unavoidable) new
technological solutions.

When thinking of the design and implementation of new technologies for older
subjects, it is vital to relate to the actual needs and preferences of end-users rather
than technological advances (support for health and independence in daily function-
ing, safety, physical, social and cognitive activity, education, and entertainment).

11.1.1 Attitudes to Technology Along the Aging Trajectory

In the context of technologies, questions about the preparedness of older people for
their use are particularly important. In a study performed by our team on a group of
over 800 people of different ages (n = 843), only 66.5% declared that technologies
were for them easy to use [4]. Notably, older participants were significantly less
likely to report ease of use of technology than the rest (50.4% vs. 76.3%.
p =0.00000), which clearly signals educational needs in this group.

Golant et al. observed three main factors related to coping with technologies by
older subjects: perceived efficaciousness, perceived usability, and perceived collat-
eral damages. The likelihood of technology adoption is the higher, the better these
factors are rated by prospective users [5]. Furthermore, according to a study by De
Regge at el., to foster technology acceptance, trust in and attitude toward gerontech-
nologies must be strengthened. Additionally, family members’ knowledge and
beliefs in technology are the main factors contributing to the actual use of geron-
technologies by older persons. Also, the families’ trust in technologies and provi-
sion of access to gerontechnologies positively influence the attitudes and usage
intentions of their older relatives [6]. All these factors need to be taken into account
when educational strategies are created.

11.2 Education in or for Gerontechnology: Target Groups
and Starting Points

Increasing the interest of older people in the use of modern technologies requires
the implementation of education focused on demonstrating the possibilities of tech-
nologies and their positive impact on everyday functioning. Moreover, it should be
kept in mind that, in terms of the need for education for modern technologies, older
people, as in many other respects, constitute a heterogeneous group, regardless of
their education level (Fig. 11.1). Some of them can be considered enthusiasts of
modern technologies, interested in, among others, new products entering the mar-
ket. On the other extreme, there are skeptical individuals who believe that modern



11 Education and Training in Gerontechnology 165

The attitude of clder adults
vs. technology

YES

Is the attitude of older adult
to pasitive?

Person fascinated with technology, Persan who uses technology where Paerson who believes that technology
interested in using it actively necessary but with no additional interest s not a part of their life

¥ \ \

P“‘““M‘? |:'> Guidance | Expansion of use cases | | Basic education |
intervention
snowballike | | I
education activity |

Fig. 11.1 Groups of older adults, their educational needs and possibilities of intervention

technologies are for young people, have nothing to do with them, and they can do
without “these devices.” Between these two extremes, there are persons, more or
less indifferent, who use technological solutions because they make life easier and
therefore have a utilitarian attitude to technology. It is evident that all these groups
require a different educational approach.

Education tailored specifically for older people is of particular importance as
they recognize opportunities and limitations differently from their younger counter-
parts and, consequently, often differently from both formal and informal caregivers.
As we showed in our study on the use of social robots in care, they thought that The
elderly are able to manage with the robot almost twice as frequently, and more than
twice that The elderly want to increase their knowledge about the robots to be able
to operate them [4]. Additionally, Xie observed that older subjects preferred older
trainers, who shared the same learning processes, to younger ones who were “impa-
tient” due to not understanding the learning speed, style, and difficulties experi-
enced by older pupils [7]. These results are in line with the study by Chen & Chan,
who showed that older adults did not want to be educated by their children [8]. This
observation is particularly important in light of the study on older adults conducted
in the USA and Israel by Heart & Kalderon [9], who noticed that the majority of
studied subjects identified their primary sources of support as children and other
family members.

The education of older persons requires an understanding of the ways and moti-
vations of their learning. In the abovementioned study by Chen & Chan, the partici-
pants did not feel comfortable using advanced technological devices because, in
their opinion, too much mental effort was necessary to learn to use such devices [8].
The learning curve frequently involved taking classes, making detailed notes, con-
tinuously reviewing information, and practicing, which was perceived as tiring or
stressful. It is thus crucial to pay attention not only to the pace of training but also
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to its themes, methods, and structure—by providing effective aids and adapting the
classes and sessions to match the receptive capacities of the learners. Furthermore,
as far as learning skills in technology are concerned, it is imperative to take specific
personal and cultural characteristics into account [9] (e.g., Asian elders may have
different attitudes from those of European ones—we observed considerable readi-
ness to collaborate with younger educators and helpers during our studies in Poland).

It is also worth pointing out that European Commission noticed in its European
Digital Agenda for Europe “the more Europeans know [robots], the more they like
them” [10]. Indeed, while teaching older subjects, it is vital to use the kind of tech-
nology that allows them to experience success, which is—in turn—essential for
developing confidence in their own abilities. A possible approach for this purpose
might be to structure the courses to allow for the acquisition of skills and create an
effective feedback mechanism during the educational activities [11]. The well-
trained older adults can subsequently be expected to be successful in the roles of
educators to their less-educated peers, possibly as a kind of educational snowball, as
shown in Fig. 11.1.

11.3 Older Adults, Aged Care
and Gerontechnology: Stakeholders

Undoubtedly, education for gerontechnology cannot be limited to older subjects
since their needs in this regard are different from those of their younger counter-
parts. For example, a frequent obstacle for older adults to get acquainted with infor-
mation and communication technology (ICT) devices was that family members
could operate these devices for them [12, 13]. In this case, negative attitude of older
persons to technological devices was related to lack of motivation (not making an
effort because of being substituted by other stakeholders—the younger ones—
which should be taken into account when planning educational activities). Moreover,
older adults may not be aware of technologies they could benefit from [14]; hence,
technology promoters are needed to deliver advice and provide information.

The education of all the stakeholders is thus necessary, who are active not only
in the field of creating new technological solutions but also in that of disseminating
and implementing them (Fig. 11.2). Improved awareness and training in available
and effective technological interventions among older adults and healthcare provid-
ers, combined with sustainable funding, are likely to promote the adoption of geron-
technologies [15]. Involving clinicians and caregivers at the time of designing
technological interventions is also recommended. This is in agreement with our
observations during mutual education of future biomedical engineers (students of
Poznan University of Technology, Poland) and occupational therapists (students of
Poznan University of Medical Sciences, Poland) who both benefited from the con-
current involvement of the other party when analyzing the older patients’ needs and
problems, and solving them using various technological approaches [16].

A study by Mikus showed that many technologies that had been considered suc-
cessful failed with older adults. This was not because older users were uninterested
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or incapable but rather because they tended to be left out of the design process of
technologies [17]. D. Norman (an 83-year-old author of the industry bible Design of
Everyday Things and a former Apple VP) even stated: “the world seems designed
against the elderly” [18]. All the while, most technologies are designed for a younger
user who is accustomed to using them—since they grow up surrounded by various
technologies. Furthermore, the commonly applied top-down design methodology is
not effective with older adults since it fails to engage users in the design process,
which is typical for the bottom-up methodology [19]. Moreover, attention should be
paid to the fact that there is a group of older persons with the education, ability, and
desire to understand, use and procure technological devices. Their generational
wealth and, consequently, buying potential should be observed when thinking about
new products or solutions. Bearing all this in mind, technology designers clearly
constitute a particular group of stakeholders who need to be educated in designing
for the old. While improving “technology literacy” can help older users better inter-
act with gerontechnologies, the issue of “aging literacy” (the understanding of the
functioning of older people) must be properly addressed when considering the edu-
cation of technologists. This education can involve exercises based on partnering
with older persons to design new gerontechnologies. Such a preemptive approach
can be applied for creating technologies that are both useful and capable of reducing
barriers to use and is certainly more effective than intervening after the product has
been placed on the market. Feedback loops are also a welcome addition to the
design process, facilitating understanding and developing mutual trust between
designers and users. Complying with the person-centered approach means here not
only education, guidance, and close follow-up, but also co-design, involving the
older participant in the development and evaluation of technology [20], which
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should additionally make their education easier and more effective. This is more
important as the barriers to using gerontechnology are well established (including
lack of interest, need for training and consumer assistance, and design problems);
hence, more attention should be paid to tailoring technological solutions to the
needs and preferences of prospective older users [21].

In a study consisting of mono-disciplinary focus groups (involving older adults,
care professionals, managers within home care or social work organizations, tech-
nology designers and suppliers, and policymakers), each stakeholder group listed
steps they considered necessary for a successful implementation of technologies.
All groups agreed that technology should provide tangible profits to older persons;
however, older adults uniquely pointed out that technologies providing too many
benefits could make people lose their independence and make them dependent on
technology [22]. Without taking this rudimentary rule into account, no effective
activities for the acceptance of gerontechnologies by older people are imaginable. It
is thus vital to create educational programs for various stakeholders to raise the
awareness of the aging process and the needs of older persons for independence and
aging in place. Furthermore, all stakeholders should join forces to work towards
aging-friendly communities [23] with adequate educational support.

A special group of stakeholders, who are set to use gerontechnologies in prac-
tice, are caregivers, particularly the professional ones. A literature review provided
by Zaman et al. showed that training could be a significant factor for the health
professionals’ eagerness to use or refer their clients or patients for using technolo-
gies at home [15]. Healthcare providers should, for example, signal the desire to get
more available functions, such as voice demonstration or video chatting, for inte-
grating [ICT] interventions into routine systems. Caregivers need education and
practice on the use of modern technologies in care for older adults primarily—this
applies to both inexperienced and experienced care professionals, but particularly
for those who “have been working for a long time,” which may be associated with
doing the job routinely, without paying attention to new technologies. In a Danish
study on a nationally representative group of nursing staff (employed in various
healthcare institutions), the results indicated that the respondents who were con-
fronted with the introduction of new technology in the last three years expressed a
positive opinion on this introduction [24]. This conclusion also signals that semi-
permanent educational support is necessary while using gerontechnology.

11.3.1 Barriers, Facilitators

It is generally believed that older and younger learners have different training per-
formances. With older adults, apart from the importance of self-pacing (i.e., with
the trainees defining the pace of learning), the Interest Bridge Model can be applied
in learning how to use technology. This model states that, when the education of
older adults is based on requests from interest, the trainees are generally likely to
develop a more profound and longer-term engagement in technology and integrate
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technology into their everyday lives [25]. An observational and active learning
method has also been shown as effective with older users of tablets [26]. Such
approaches to education are crucial because findings indicate that less frequent use
of technology and computers in the older age group potentially has severe social
implications—persons with less technology use are more likely to become disad-
vantaged or excluded. Henceforth, predominantly the vulnerable social groups
should obtain particular educational support in modern gerontechnologies due to
their increased risk of social exclusion: lower socio-economic groups, minorities,
the oldest-old, and those who are in general less educated [11].

According to Broady et al., stereotypes held by trainers and tutors who expect
their pupils to learn more rapidly than they are able to, particularly so when new
skills are not compatible with existing knowledge, constitute a barrier in the educa-
tion of older adults [27]. This, in turn, makes them feel incapable of learning the
particular topics and demotivated.

Further barriers have been signaled by Callahan et al., who performed an exten-
sive analysis of the effects of three instructional methods (lecture, modeling, and
active participation) and four instructional factors (materials, feedback, pacing, and
group size) on the observed training performance of older learners. Their results
suggest that all instructional methods and two instructional factors uniquely explain
variance in observed training performance, whereas self-pacing, particularly com-
bined with group size, explained the greatest proportion of the observed variance.
As for the instructional methods, their selection should be considered according to
the type of training and presented content [28].

Chen & Chang, who, using qualitative methodology, assessed barriers and facili-
tators for technology use defined by older subjects themselves, divided the former
category into three groups: dispositional barriers (most common) and situational
and technological barriers (which were less frequent) [8]. All these groups manifest
barriers related to education. In first of them, understood as personal factors associ-
ated with the subject’s attitude and self-perception as a technology user, these
include lack of knowledge, difficulty or inability to learn, and not knowing how to
use [technologies]. Among the situational barriers, that is, personal factors that are
beyond the individual’s control or are related to their life situation or environment,
lack of assistance has been identified, and among the technological barriers—com-
plexity of technologies or tasks. As for the facilitators, training, assistance, adaptive
design, and encouragement have been pointed out. Also, excellent and trustworthy
tutors can be viewed as facilitators, not only for educational activities but also for
long-term technology use.

Based on the identified barriers and obstacles for education in gerontechnology,
there is urgent need for discussion and action, since the majority of stakeholders
appear not well prepared to deal with the older group. Systemic improvements
aimed at common education for aging (at both pre- and postgraduate level) seem
essential not only to improve intergenerational understanding but also to make the
introduction of new technologies, along with education and training, more effective
and smooth.
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11.4 Educational Support of the Deployment of Assistive
Technologies in Light of Own Studies

Our experiences show that students, when properly prepared for communication
with older adults with mild cognitive impairment, are perfectly able to support them
in using modern technologies if only they have sufficient motivation [29]. During
the COVID-19 pandemic, our team organized and ran the Internet-Telephone
Consultation Service for older adults. The participating students helped older per-
sons get connected with the Internet, configure a communication service with video
capability, and use this connectivity for medical consultations [30]. The students
supported and supervised the first connections, which was important not only at the
moment but also—as demonstrated by Peek et al.—for the stability of the use of
technological devices in the future [31]. The experiences of young people, directly
supporting older ones, were described as ‘“valuable, truly intergenerational
workshops.”

Indeed, in our study on the possibilities of support for older adults with mild
cognitive impairment by the TIAGo social robot, one of the participants who had
the robot in her apartment for 10 weeks stated, “I was always afraid of everything,
I was scared, and I do not like new things at all,” but “the girls [from the technical
staff] were here, (...) introduced, and thanks to that it was straightforward,” and
“I actually stopped being afraid of such new things.” Importantly, the team mem-
bers had been trained in gerontology and communication with older persons prior
to their engagement in the study—it is thus evidently indispensable to train the
trainers to understand old age. Tutors and helpers should give their trainees
enough time to learn and provide step-by-step demonstrations. Our further study
showed that students of Occupational therapy, who were engaged in care for older
people, understood that if a social robot was to be implemented in this kind of
care, the introduction of a robot in the life of an older person should be “gradual,
allowing for gaining familiarity, increasing the number of available functions”
[32]. Furthermore, the participants of our previously mentioned study with 843
subjects of different ages [4] expressed the belief that older adults would be better
prepared to dealing with technology in the future than today—given that many
older persons at present have no problems with, for example, smartphones and
computers, they would easily manage to operate a robot. Others would require
more education and assistance to get started—the process of introduction of tech-
nologies should be gradual, with broad availability of professional trainers. The
implementation of any new technology should be sufficiently timed whilst educa-
tional activities around its introduction should be based on self-pacing. The
involvement of training staff can diminish, in a flexible way, only when the users
gain confidence in the robot’s operation, depending on the degree of confidence
obtained by the older persons.
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11.5 Final Remarks

The following points should be observed when planning education and training in
gerontechnology:

e Older adults have strongly varying attitudes to gerontechnology.

e Older adults have strongly varying knowledge and skills related to
gerontechnologies.

* Educators need to provide appropriate structure, feedback, and timing of training
activities, possibly based on self-pacing.

* Education should provide the opportunity to experience success and notice ben-
efits for one’s life activities, and should be based on requests from interests.

* Designing technological interventions should involve clinicians and caregivers,
provide tangible benefits, and avoid unnecessary help to older adults.

e It is imperative to involve prospective users of gerontechnology in the design
process, development, and evaluation of products and services, and educate the
designers/developers for a successful collaboration.

* Educators should ascertain that new-to-obtain skills relate to existing knowledge
and experience of trainees.

e Excellent and trustworthy tutors can be facilitators for education and use of
technology.

e The implementation of gerontechnology should be appropriately timed and
accompanied by competent helpers for as long as necessary.

e Semi-permanent educational support is needed while using gerontechnologies.

Education in gerontechnology is a complex issue. The process of learning by
experience constitutes a good base for all educational activities related to gerontech-
nology, building on the well-proven concept of “experiential learning” developed
by Kolb [33], which suggests that learning can be understood as transforming expe-
riences into knowledge, skills, or attitudes. This applies not only to older individuals
but also to all stakeholders engaged in any way in the creation, implementation, and
use of gerontechnology. The education of individual stakeholders must comprise
aging literacy and secure equity and diversity, especially in the context of vulnera-
ble target groups.
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12.1 Introduction

Artificial intelligence (Al), machine learning (ML) and Big Data are emerging as
powerful tools of choice for solving complex problems in almost every domain of
our lives. Within healthcare, the rapid adoption of Industry 4.0 technologies includ-
ing interconnected wireless sensors and devices (the Internet of Things or IoT) as
well as the continued expansion of electronic health records (EHRs) has resulted in
unprecedented volumes of data. Together, the IoT, Smart mobile devices, EHRs and
imaging data provide what can be viewed as the digital data foundation of a
“Wisdom pyramid” for Healthcare 4.0 [1]. Lying above this knowledge base is a
“digital” middle tier of digital knowledge representation consisting of the digitally
captured medical ontologies and research publication databases such as PubMed.
And at the pinnacle of the pyramid lies Al and ML which utilise both the digital data
foundation base and digital knowledge representation to generate digital knowledge
learning and prediction and includes ML, natural language processing and deep
learning. In more common language and practical terms, this translates to informed
and assisted decision-making for the end-user. Together these 3 pyramid tiers repre-
sent Healthcare 4.0, whose goal is to assist healthcare professionals in making accu-
rate clinical decisions and to provide patients with more efficient personalised
services. These goals are reflected via changes in the diagnosis, treatment [2] and
monitoring [3] of patients together with effective resource management, and the
alignment of the healthcare processes with the needs and complexity of modern
medicine.
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Disease diagnosis, risk prediction, treatment setpoints, clinical decision support
systems [4, 5], public health systems surveillance for disease outbreaks, surgical
assistance, personalised healthcare service systems, drug discovery and repurpos-
ing, remote patient monitoring and healthcare staff and patient tracking systems [1]
are just some of the major areas in which Al is advancing healthcare. Examples of
successful projects include risk stratification and treatment decisions [6], triaging
patients presenting to Emergency Departments [7], reducing the risk of falls [8, 9],
delaying hospital readmission [10], cardiovascular risk prediction [11, 12], predict-
ing the long-term prognosis of patients with frailty and disability [13] and mortality
from COVID-19 [14]. The rapid rise of algorithm development within ML with ever
more complex algorithms such as deep learning, neural networks and generative
adversarial networks has been matched and assisted by the increasing availability of
EHRs and other sources of Big Data, together with enhanced data access and trans-
fer. Indeed, there appear to be almost unlimited opportunities to extract hidden
insights from health and medical data leading to a transformation of modern
healthcare.

In this chapter, we describe some of the backgrounds to Al and ML and provide
examples of their application within medicine and healthcare with a special focus
on the management of the older patient population. We also describe some of the
theories behind ML and discuss some of the important challenges that remain for its
use within healthcare.

12.1.1 What is Artificial Intelligence and Machine Learning?

Whilst the roots of Al and ML go back some 70 years, it is only more recently, with
the expansion of computing power as well as the availability of Big Data that prog-
ress has made a quantum leap [15]. The terminology of Al began in 1950, when
Alan Turing, the renowned Manchester University mathematician, developed his
“Theory of computation” suggesting that a machine could simulate formal reason-
ing using a simple binary symbol approach. This insight is known as the Church—
Turing thesis [16]. The term AI was not however formally conceptualised and
named until 1956 and even today there is still no formal consensus on the definition
of Al Instead, the term is generally taken to refer to the ability of a machine to show
“cognitive” capabilities, including the ability to learn, and perform inference and
deduction [17].

ML is the sub-domain of Al in which mathematical and computational algo-
rithms in software are used to predict patient outcomes and identify patterns, often
in very large datasets. Arthur Samuel described ML as “The field of study that gives
computers the ability to learn without being explicitly programmed”. More recently,
Tom Mitchell clarified that “A computer program is said to learn from experience E
with respect to some class of tasks T and performance measure P, if its performance
at tasks in T, as measured by P, improves with experience E” [18]. In this context,
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“learning” here simply refers to the reduction in error, and therefore improved accu-
racy, that comes with “training”, rather than the more complex concept of human
learning. Beyond these literal translations, the general aims of ML encompass pre-
diction, pattern recognition and cluster formation [19].

Despite its long history, the development of Al over time has by no means been
linear and unimpeded, having endured several so-called “Al-Winters” in its devel-
opment, often a consequence of rate-limiting factors such as a lack of computational
power, funding and the availability of specific data. Figure 12.1 describes an exam-
ple timeline of ML, paying special attention to the landmark developments in medi-
cine and healthcare. For example, the development of new types of algorithms
(Neural Networks, Nearest Neighbours, Deep Learning) and new ML systems
(CASNET, Dxplain, Deep Blue, IBM Watson, Pharmabot, Chatbot Mandy, Arterys).

12.1.2 Advantages of ML

Whilst other methods of prediction are also available, a major practical advantage
offered by ML in comparison to, for example, standard regression-based methods,
is their suitability to handle Big Data. This makes ML a natural fit for genomics,
epigenetics and omics, as well as high-dimensional clinical lab data. Specifically,
ML can deal with common issues that impede more traditional methods including
those of high dimensionality, sparsity, multi-collinearity, interactions and insuffi-
cient computing power (Table 12.1). Indeed, many ML algorithms are implicitly
designed to deal with these and other issues, which makes them especially suitable
for accurate prediction in circumstances where hitherto unknown effect moderators
or phenotypes exist, requiring the use of data-driven approaches [20]. An important
additional virtue of ML is its focus on model validation. This includes the avoidance
of developing over-fitting models during either training (resulting in high bias) or
testing (resulting in high variance). The aim in doing so is to help ensure that the
proposed models generalise well to future unseen datasets.

ML Systems developed In Medicine 2007-2020

2008 2017
Google Health DeepMind Health:
(Health records) Streams
2014
GoogleNet 2018 Arterys
2020
2015 Google Health
ResNet (Research Teams)
2015 2020
Pharmabot WHO Covid-19
Health Alert ChatBot
2012 2017
AlexNet Chatbot Mandy

2007 IBM Watson 2016 AlphaGo

A5 R e et e et e e e o g e e ®

Fig. 12.1 An example timeline of machine learning in medicine and healthcare
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Table 12.1 Examples of the advantages of the ML approach over more classical predic-

tion methods

Advantage

Handles large
datasets

Handles
multi-collinearity
Feature extraction
and data reduction
Handles sparse data

Handles high
dimensionality
Handles complex
interactions

Good generalisation
to new datasets

Use of multiple
algorithms

Different
algorithmic
sub-domains
Model tuning

Learns over time
with new data

Details
ML algorithms often perform better with large sets of data

ML can include features (predictors) that are highly correlated

ML engineering techniques that help eliminate the problem of
collinearity prior to training

ML can handle features with little variability within them, for example,
data with mostly zeros

ML often performs better with more features (predictors)

Many ML algorithms are implicitly designed to deal with complex
interactions including those of second and third order

Strong attention paid to model validation by avoidance of over-fitting
during training. The basic ML workflow helps ensure that the trained
models also perform well in testing, validation and unseen datasets
Common for ML to trial a range of different algorithms rather than just
one, since different algorithms perform better with some types of data
than others. This does not raise issues of multiple testing since the focus
is on prediction and not inference

The 3 major algorithmic subdomains: supervised, unsupervised and
reinforcement learning allow flexibility in modelling

Adds an additional degree of flexibility to the models which does not
exist with classical statistical models. The hyper-parameters can be tuned
for better model fit during both training and validation (low bias and
variance)

The weights (hyperparameters) of the model are designed to be updated
as new data is incorporated. Thus, the model rarely stays fixed like
classical regression prediction models
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12.1.3 Growth of Al and ML Research in Healthcare

The rapid rise in published articles on Al and ML research within healthcare includ-
ing algorithm development and Al platforms (Fig. 12.2) reflects the involvement of
ML research in the progress of healthcare within the last 50 years, and particularly
the last decade. This includes diverse fields and applications such as the develop-
ment of algorithms and Al platforms used in clinical decision support systems [5],
patient monitoring [21-23], patient coaching [24], surgical assistance [25, 26],
improvement in healthcare systems [27], prediction of in-hospital mortality,
unplanned readmissions, and prolonged length of stay and final discharge diagnoses
using EHRs [28].

Table 12.2 provides examples of some of the numerous clinical domains that
have benefitted from an ML-based approach to prediction.

PubMed Search: "Al" or "Machine Learning" AND Healthcare

50000

40000

30000

20000

Number of Publications

10000

1960 1970 1980 1990 2000 2010 2020

Fig. 12.2 The rise in research output related to Al and ML in healthcare since 1957 (PubMed)



180

R.Woodman and A. A. Mangoni

Table 12.2 Examples of machine learning applications in medicine and healthcare

Area of medicine/
healthcare
Orthotopic heart
transplant [29]

Cardiac magnetic
resonance (CMR)
imaging [30]

CMR imaging [31]

Brain MRI analysis
[32]

Melanoma and
non-melanoma skin
cancers [33]
Cardiovascular risk
prediction [34]

Alzheimer’s disease
[35]

Application of Al in
surgery [26]

Breast cancer [36]
Retinopathy [37]
Colorectal polyps and

adenomas [38]

Colorectal neoplasia
[39]

Human resource
planning in rural and
remote areas [40]

Summary of findings

Ensemble machine learning-based model to predict patient survival 1
year following orthotopic heart transplantation (OHT). Significantly
outperformed established OHT algorithms.

Artery Inc.’s cardio Al deep learning (DL) algorithm became the first
U.S. Food and Drug Administration—approved clinical cloud-based DL
application in healthcare in 2017. It analyses CMR images in seconds
with information such as cardiac ejection fraction. The application has
since expanded to include liver and lung imaging, chest and
musculoskeletal x-ray images, and non-contrast head CT images.
Provides reduced time required for image segmentation and analysis.
An accurate and reproducible fully automated quantification of left
and right ventricular mass and volume is now commercially available.
Research areas currently include reduction of image acquisition and
reconstruction time, improving spatial and temporal resolution, and
analysis of perfusion and myocardial mapping.

This is a review of deep learning for quantitative brain MRI image
analysis architectures.

Convolutional neural network (CNN) was used to identify
nonmelanoma and melanoma skin cancers. CNN performance was
comparable to expert dermatologists.

CNN improved prediction accuracy by 7.6% compared to the
established algorithm defined by the American College of Cardiology
guidelines

Considerably improved prediction accuracy of Alzheimer’s disease
(81%) between people with and without AD, including the early form,
mild cognitive impairment and is superior to standard hippocampal
atrophy accuracy (26%) and cerebrospinal fluid beta-amyloid measure
accuracy (62%).

A review of recent successful and influential applications of Al in
surgery including preoperative planning, intraoperative guidance, and
surgical robots

Deep learning algorithm in detecting lymph node metastases in breast
cancer

Higher accuracy for detecting retinopathy than manual detection
systems

An Al model named GI genius trained on endoscopic video
differentiated diminutive adenomas from hyperplastic polyps with
high accuracy (98% sensitivity for adenomas and 94% accuracy for
polyps)

Meta-analysis of 5 RCTs. Deep learning systems with real-time
computer-aided detection (CAD) for adenoma. Detection rate was
higher in the CAD versus control (791/2163 [36.6%] vs 558/2191
[25.2%]; RR, 1.44(1.27-1.62)

Length of stay of healthcare workers in rural areas (less than 1 year,
less than 2 years, less than 3 years, and more than 3 years). Three
models achieved an average AUC of approximately 0.66 using only
nationality, gender, profession and marital status as variables

(continued)
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Table 12.2 (continued)

Area of medicine/

healthcare Summary of findings
Mapping the High-risk areas for Zika transmission were identified. Prediction
probability of Zika accuracy of 0.964-0.966 using backward propagation neural network

epidemic outbreak at ~ (BPNN), gradient boosting machine (GBM) and random forest (RF).
the global level [41] Used high-dimensional multidisciplinary covariate layers with
comprehensive location data on recorded Zika virus infection in

humans
Dengue severity in Used logistic regression, random forest, gradient boosting machine,
patients [42] support vector classifier and artificial neural network (ANN). The

ANN accuracy was AUC = 0.8324. Provides potential to assist rapid
prognosis during dengue outbreaks.

12.2 ML Methodology

Rather than being developed as a separate scientific field, the ML methodology
either overlaps with or borrows from many other quantitative and mathematical
fields. These include:

o Statistics (Statistical Learning is sometimes used as a synonym for ML).

e Mathematical optimisation (the minimisation of a loss function).

e Data mining and exploratory data analysis (unsupervised learning).

e Neural networks (which aim to mimic the working of the biological brain).
e Predictive analytics (often applied to Business but also Medicine).

Below we describe how these areas each contribute to ML methodology.

12.2.1 Statistics

Whilst the major focus of traditional statistical regression models within medicine
is to draw inferences for a target population, the goals for ML are those of accurate
prediction and pattern recognition. The latter is a particularly attractive strategy for
improving management decisions in the older patient population, a group that is
typically characterised by significant inter-individual variability in organ function,
comorbidity burden, medication use, physical and cognitive function, social cir-
cumstances and life expectancy. Again, the data-driven ML approach borrows from
whichever scientific field, including statistics, that helps achieve optimal prediction
for the given task. The term statistical learning is sometimes used to describe the
statistical approaches to ML prediction and includes well-established statistical
regression and clustering techniques such as logistic regression and K-means
clustering.
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12.2.2 Mathematical Optimisation

ML prediction problems are formulated as minimisation of some loss function on a
training set of examples. Mathematical optimisation is a systematic approach for
optimising (minimising or maximising) the value of an objective function with
respect to a set of constraints. It lies at the heart of many of the ML algorithms in
which the objective function is the loss function, such as the discrepancy between
the predictions of the model being trained and the actual events. For example, the
prediction of a patient’s vital status at 12 months after hospital discharge, which
provides critical information regarding the appropriateness and cost-effectiveness
of specific pharmacological and/or non-pharmacological treatments. Frameworks
such as XGBoost, which uses extreme gradient “Boosting” in its algorithms, use
mathematical optimisation to move across gradients in the solution space of the loss
function and identify the local minima. Figure 12.3 shows a surface plot of a hypo-
thetical complex surface function which is the solution space depicting all possible
values. The local minima is the minimum gradient along the surface and is chosen
as the solution. Mathematical optimisation is well-suited for both Big Data, and for
finding the solution to otherwise intractable problems.

12.2.3 Data Mining

The major focus of data mining is that of identifying previously unknown properties
or patterns within a set of data, for example, clusters of features that might be used
to phenotype patients, or perhaps unknown relationships between features. This is
also the aim of Unsupervised ML which might utilise clustering techniques either
as the primary goal, or as a pre-processing step to help improve accuracy for a
Supervised ML method. A key distinguishing feature between ML and data mining

Surface plot Slice at y=-4.2
350 4

300 4
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600 2504 local maximum

400
200 1
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X
Fig. 12.3 Mathematical optimisation uses methods such as gradient descent to find the local

minimum of complex surface functions. The surface gradients are calculated, and the algorithm
moves slowly along the surface to the points with the minimum gradient to detect the local minima
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however is on where the evaluation of their performance lies. For ML, the most
common aim is to assess accuracy often with respect to known knowledge, e.g.,
accuracy compared to a gold standard. In comparison, since the key task for data
mining is the discovery of previously unknown knowledge or clusters, evaluation is
more focused on aspects such as the degree of cohesion and separation of points
within the clusters.

12.2.4 Artificial Neural Networks and Deep Learning

Artificial neural networks (ANNSs) are inspired by the ability of brains to learn com-
plicated patterns in data. They work by modifying the weights for the (synaptic)
connections between neurons [43], which then alters the transmission of signals
between ANN layers. If the signals between layers in the ANN are sufficiently
strong, they transverse between layers including the first (input) layer and the last
(output layer). The nodes (artificial neurons) “learn” from the real value data pro-
vided as input, and the output predictions are based on a non-linear function of the
input. As the learning process proceeds, the weights of both the neurons and the
edges that connect them can either increase or decrease in strength. The term “deep
Learning” refers to ANNs with multiple (hidden) layers of neurons in addition to the
single input and output layers (Fig. 12.4). Given their ability to handle large amounts
of data, many of the algorithms employed within medicine are now based on
ANNS [44].

Tupat Uhats: T84 (+774 mon
Activation: linear

o« 0 0 0 o

Uts: 16 (+6 more)
Agtivation: linear

Uuts 8
Activation: hnear

Cntpant Upats: 4 : :
Activation: Lineas

Fig. 12.4 Example of an artificial neural network (ANN). The ANN is an interconnected group of
nodes, akin to the vast network of neurons in a brain. Here, each circular node represents an artifi-
cial neuron, and an edge between nodes represents a connection from the output of one artificial
neuron to the input of another. Artificial neural networks (ANNs) with more than one hidden layer
are often referred to as deep learning (DL) algorithms
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12.2.5 Predictive Analytics

Predictive analytics is an umbrella term used for studies or domains that employ a
blend of different forms of model-based and model-free analytics. For example, in
a predictive study of Parkinson’s disease, model-based approaches that were
employed included generalised linear models (GLM), mixed effect modelling with
repeated measurements (MMRM), change-based models and generalised estimat-
ing equations (GEE). In addition, the study utilised “model-free” predictive analyt-
ics including forecasting, classification and data mining using boosting algorithms,
support vector machines (SVM), Naive Bayes, decision trees, K-Nearest Neighbours
and K-means classifiers [45].

12.3 The Machine Learning-Big Data Nexus

The rapid development of Healthcare 4.0 has been facilitated by a) increases in
computing power, b) the availability of Big Data and c) significant improvements in
Al algorithms including Deep Learning [1]. The increases in Big Data availability
encompass increases in all of the 5 Vs of data: variety, volume, velocity, variability
and veracity [46]. The digitisation of health data into EHRs, cloud-based storage,
and the creation of vast datasets such as patient data from wearable devices has
helped fast-track developments in ML in healthcare. Together with the increased
volume of data and storage capacity, the ML healthcare environment has also devel-
oped because of computing power at low cost, and the resulting evolution in ML
approaches to analyse complex high-dimensional datasets, that consists of struc-
tured, unstructured and heterogeneous (text, image, sensor) health data.

ML and Big Data have often been viewed as being the major components that
define a spectrum of decision-making complexity from the involvement of a single
human alone making a patient treatment decision, through statistical models with
small- to medium-sized datasets, to ML algorithms combined with large, high-
dimensional data [47]. The choice between approaches will often depend on the
level of accepted interpretability as well as accuracy, with a trade-off between the
use of large, complex datasets and more accurate algorithms with limited interpret-
ability, to the smaller, simpler and more interpretable models such as linear or logis-
tic regression. Thus, this trade-off between human specification of a predictive
algorithm based on subject knowledge versus learning entirely from the data alone
can be considered to be an ML spectrum [47] (Fig. 12.5). Consider, for example, the
Framingham cardiovascular risk score, developed to predict 10-year mortality based
on only eight predictors included in a standard binary logistic regression model
[48]. Where do such clinical decision-support tools sit within the ML spectrum?
The predictors were selected purposefully based on the available clinical knowledge
of their effects at the time, rather than through any data-driven approach and might
not therefore be considered as being a part of the ML spectrum. But the risk score
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Fig. 12.5 The ML spectrum for clinical decision-making. At one end of the spectrum exists the
sole clinician using evidence-based medicine with no modelling, and at the far end resides the
highly complex “black-box” models that require vast computational power. Although the latter
may be more accurate than either the clinician or a simple risk prediction model, they are also less
transparent and interpretable. This trade-off is an important factor in considering the best approach
for any treatment strategy

still required data on some 5300 patients to “learn” a risk prediction rule. As such,
classical logistic regression can still be considered ML, although it likely has lim-
ited capacity for improved accuracy (and therefore learning) when provided with
additional data.

In simplistic terms we can say that the more the ML algorithm depends on the
raw data, and the less it depends on human input, the more it can be considered as
ML. At the high end of the ML spectrum sit the deep learning (DL) algorithms and
convolutional neural networks (CNN), involving multiple hidden layers and net-
works of artificial neurons that are expressly designed to teach themselves from the
raw data and gradually reduce the prediction error with each successive iteration of
the training cycle. Although first established as early as 2000, DL has gained rapid
acceptance within the last 5 years as advances in computing power finally made
their use feasible. For example, DL algorithms have now been deployed to detect
diabetic retinopathy from retinal photographs at a sensitivity equal to or greater than
that of ophthalmologists [49]. Whilst these high-complexity DL models cannot
directly provide any intuitive interpretation, significant progress has been made
recently, and many aspects of so-called “black-box” models are now interpretable
with the proper tools [50].
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12.4 The Taxonomy of ML

Many different branches of Al exist within industry in general as well as in health-
care. Within each of these branches there also exist various sub-branches. Based on
the type of input and output data, ML algorithms can be broadly categorised into
supervised, unsupervised or reinforcement learning.

Table 12.3 describes some of the various branches and sub-branches of Al and
ML techniques [51].

Below we describe some of these AI and ML fields in more detail, as well as the
specific algorithms employed within each sub-domain.

Table 12.3 The terminology of Al used in medicine and healthcare

Sub-field Description

Machine learning Pattern identification and analysis. Various mathematical algorithms that
improve in accuracy as they are provided with more data and are therefore
said to “learn” as reflected in the machine learning name.

Machine learning The specific algorithms employed within machine learning including neural

algorithms networks, random forests, support vector machines, gradient boosting,
nearest-neighbours, naive-bayes.
Supervised Machine learning using algorithms that predict pre-defined outcomes such

machine learning as vital status, disease status, blood pressure, etc. The training and test data
are previously classified, that is, “labelled”, by researchers and used to train
an algorithm to predict the correct class (e.g. diseased/non-diseased).

Unsupervised Machine learning using algorithms that identify “hidden” non-pre-specified

machine learning clusters, or which identify patterns in the data. This may include statistical
techniques such as latent class analysis, cluster analysis and hierarchical
analysis.

Deep learning An extension of neural networks. Multi-layer neural networks which enable
machines to learn and make decisions. Includes convolutional neural
networks (CNN) used in image processing, recurrent neural networks, deep
belief networks and deep neural networks [52].

Natural language The extraction of data from text as well as the ability to interpret and make

processing decisions based on the extracted information. In healthcare the technique is
widely employed to capture and make sense (semantic reasoning) of the
large volumes of unstructured text stored in EHRs.

Analytical Al Identifying, interpreting and communicating new insights, patterns and
relationships or dependencies in data to assist in data-driven
decision-making.

Functional Al Exploring large quantities of data for patterns but executing actions rather
than making recommendations. For example, robotics and IoT applications
which take immediate actions.

Interactive Al Enables efficient and interactive communication automation, such as
chatbots, personal assistants. Employs various techniques such as machine
learning, frequent pattern mining, reasoning, heuristic searches.

Textual Al Textual analytics or natural language processing to provide text recognition,
speech-to-text conversion, machine translation, answering questions.
Visual Al Learning, classifying and sorting items, converting images and videos into

insights. Often used in computer vision and augmented reality.
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12.4.1 Supervised ML

In supervised ML, algorithms are trained on set of features that are used to predict
an outcome. For example, a model might be trained to predict a cardiovascular event
using data such as height, weight and smoking status. The true outcome in the data-
sets used for the purposes of training are known in advance, that is they have been
“labelled” previously by researchers, but once successfully trained, can predict the
outcomes for new data. The outcomes predicted can be either discrete (e.g. non-
diseased/diseased) or continuous (e.g. quality-of-life (QOL) scores or required pain
medication dose). Supervised ML models which predict discrete categories (or
classes) are referred to as classification algorithms. Examples include predicting if
a tumour is benign or malignant, or if a patient’s comments regarding their care
experience convey a positive or negative sentiment [53]. Supervised ML models
which predict continuous values are referred to as regression algorithms, in com-
parison to statistics, where “regression” can refer to either binary outcomes (logistic
regression) or continuous outcomes (linear regression). For some tasks, such as
image recognition or language processing, the large number of features, consisting
of pixels or words respectively, are typically pre-processed prior to using the chosen
supervised ML algorithm, using a technique known as feature selection. This allows,
for example, the selection of the identifiable characteristics from the dataset such as
the colour of a pixel in an image or the number of times that a word appears in each
text. The corresponding outcomes would be whether the image shows a malignant
or benign tumour or whether transcribed interview responses indicate a positive or
negative experience.

12.4.2 Examples of Supervised ML Algorithms

Some commonly used supervised techniques include decision trees, random forests,
K-nearest neighbours (KNN), support vector machines (SVM) and logistic regres-
sion. The SVM is a discriminative classifier formally defined by a separating hyper-
plane. In other words, given labelled training data, the algorithm outputs an optimal
hyperplane that is used to categorise new data.

The DT is the simplest tree-based supervised ML model. A tree structure is
recursively created at a series of nodes, each of which represents a conditional state-
ment (Yes or No) for the values of a given feature. The tree splits into branches/
edges at each node and the end of the branch that does not split anymore is called
the decision tree leaf. Importantly, trees can be combined using ensemble learning
to yield far more accurate classifiers such as Random Forests (RF) and Boosted
Trees. KNN is a supervised algorithm that classifies new data by using the most
common value of its K neighbours, measured using a distance function. Logistic
regression is a traditional statistical method for solving binary classification prob-
lems (problems with two class values). It predicts the probability of occurrence of
an event by fitting data to a logistic function. Modifications of logistic regression
include Ridge regression, LASSO (least absolute shrinkage selection operator)
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regression and Elastic net (a weighted combination of Ridge and LASSO). These
algorithms all employ a penalty function (known as regularisation) that “shrinks”
the coefficients of the basic logistic regression model towards zero to avoid over-
fitting. They therefore tend to perform better than standard logistic regression when
applied to test and validation datasets. In LASSO, coefficients can be shrunk to
zero, which thereby also allows the operator to employ it as a form of feature selec-
tion prior to training using a different algorithm.

Commonly, a suite of different supervised ML algorithms are employed together
within the same study, with the final algorithm selected being the one that provides
the best accuracy. For example, the diagnostic accuracy of logistic regression was
assessed together with nine supervised ML algorithms: decision trees, random for-
ests, extreme gradient boosting (XGBoost), support-vector machines, naive Bayes,
K-nearest neighbours, ridge regression, logistic regression and neural networks to
predict 12-month mortality in a group of older hospitalised patients. Prediction fea-
tures included eight different geriatric assessment scoring domains together with
laboratory values [54]. The XGBoost ML algorithm improved accuracy compared
with logistic regression. Adding the laboratory data also improved accuracy.

12.4.3 Unsupervised ML

In contrast to supervised ML, where the objective is to predict an outcome, in unsu-
pervised ML, the aim is to identify hidden patterns in the data from a given set of
features. There is therefore no requirement for the training set to be pre-labelled and
the techniques can be considered as exploratory, similar to data mining. Since the
aim is to reduce many features into a far smaller number of groups based on the
similarity of the features within the groups, these algorithms are often also referred
to as clustering and dimension-reduction techniques. In medicine, they are extremely
useful for “phenotyping” patients based on the similarity of their clinical features,
symptoms and socio-demographics.

12.4.4 Examples of Unsupervised ML

Examples of unsupervised ML algorithms include principal components analysis,
anomaly detection, fuzzy techniques, hierarchical clustering, agglomerative cluster-
ing, latent class analysis and K-means clustering. In healthcare, unsupervised ML is
useful for assessing the heterogeneous efficacy and safety of interventions, treat-
ments and care pathways in specific subgroups such as older patient populations
[55]. One of the most popular methods, K-means clustering, partitions data into k
clusters whereby each patient belongs to the cluster with the nearest mean. This
technique produces exactly k different clusters with the maximum level of distinc-
tion between clusters. Since the best number of clusters k leading to the greatest
separation (distance) is not known a priori, it must be computed from the data.
Principal Component Analysis, or PCA, is a dimensionality-reduction method that
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can be used to reduce the dimensionality of high-dimensional data sets, that is,
transforming a large set of features into a smaller set that still contains most of the
information within the large set. Reducing the number of variables in this way inevi-
tably reduces accuracy, but smaller data sets are easier to visualise and faster to
analyse when the largely redundant features are removed. Latent class analysis and
latent profile analysis are model-based methods of clustering which can be used to
categorise or phenotype subjects into latent (hidden) classes based on a set of cate-
gorical (latent class) or continuous (latent profile) features, respectively [56]. Latent
class analysis was used to categorise rheumatoid arthritis patients into five broad
patterns (classes) of patterns (classes) of anti-inflammatory drug usage in rheuma-
toid arthritis patients [57]. Following classification into the five classes it was
observed that reactive hyperaemia was relatively lower in the sulfasalazine or non-
TNF inhibitors class users, suggesting these drugs may counteract the negative
effects of RA on endothelial function. Similarly, LCA was used to characterise
older hospital patients according to their type of drug usage resulting in three broad
groups of patients (low overall drug use), high overall drug use with anticoagulants
(class 2) and antiplatelet use (class 3) [58]. Mean serum sodium was significantly
lower for patients in classes 2 and 3. Latent profile analysis was used to determine
patterns of dietary fatty acids in a rheumatoid arthritis population which identified
five broad groups of individuals [59]. Those with higher omega-3 fatty acid intake
had significantly lower arterial stiffness than those in the other dietary patterns after
accounting for numerous potential confounders.

12.4.5 Reinforcement Learning

Reinforcement learning (RL) involves a process of using trial and error to take one
of several possible actions (initiation of patient treatment, optimal treatment dose,
best medication combinations) that will maximise success or cumulative reward.
RL was at the heart of the Alpha Go algorithm that learned to defeat the World Go
champion in 2016 by four games to one. Its ability was such that it was eventually
able to set up counter-intuitive strategies which led to winning moves [6]. RL makes
decisions (actions) based on a set of derived rules and, rather than only looking for
immediate success, aims to optimise the long-term rewards. The RL agent receives
evaluative feedback about the performance of each of its actions that are performed
at repeated steps, thereby improving by trial and error. Mathematically, this sequen-
tial decision-making process is called the Markov decision process (MDP) [17] and
is defined by 4 major components: (1) a state that represents the environment at each
time; (2) an action the agent takes at each time that influences the next state; (3) an
estimated transition probability for reaching different subsequent states; and (4) a
reward function which is the observed feedback given a state-action pair. The solu-
tion of the MDP is an optimal set of rules termed as the policy, which is analogous
to a clinical protocol.

In the clinical setting, when the RL agent is well-trained, it is possible to pick the
best action given the state of a patient and their specific set of clinical
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characteristics, giving the “policy” the edge over a standard clinical protocol. A
policy might be a deep neural network (DNN) where for a given patient state, the
DNN model estimates the highest probability of treatment success for a set of given
treatments. Various RL algorithms have now been used to train policies including
deep reinforcement learning [60, 61].

12.4.6 Examples of Reinforcement Learning

Outside of medicine, RL emerged as an effective tool to solve complicated control
problems with large-scale, high-dimensional data including video games and board
games. The ANN-based RL algorithm called AlphaGo that defeated the world Go
champion in 2016 [62] was a significant moment in the field of Al because the aver-
age game of Go involves a possible 10'° possible different moves [63] meaning that
for a computer to win, a rule-based approach was not possible. Instead, the algo-
rithm learnt from its own mistakes. Recognising the huge potential for advance-
ments in healthcare and other businesses using the same combination of RL and
deep learning methods employed by AlphaGo, the technology giant Google, a sub-
sidiary of Alphabet Inc. recently acquired the AlphaGo team of DeepMinds for a
reported price of more than $500million with the aim of using the advantages
offered by these transferable techniques [64]. Recently after the acquisition,
DeepMind announced that their Al lab had developed an algorithm called AlphaFold
that had determined the structure of 214 million proteins, including those in the
human body, animals, plants, bacteria and other organisms. This represents a sig-
nificant advance in biology that should accelerate the discovery of new drugs, as
well as addressing problems such as sustainability and food insecurity [65].

Within medicine, RL has been applied within the critical care domain to optimise
individual target laboratory values, medications, intervention timing, requests for lab
tests and the optimal dosing of different drugs [66]. Within the elderly and frail popu-
lation, deep RL was used to develop a strategy to explore the effect of ageing muscle
on kinematics and muscle control before falls [67]. Multiple age-related factors were
involved in the two steps taken prior to the fall, including overactivation of the hip
extensors and inactivation of knee extensors, which led to a backward fall. An inac-
tivated rectus femoris and right tibialis were the main actors of the forward fall.

12.5 The ML Workflow and Predictive Accuracy Evaluation

The process for training algorithms is very similar across the various ML algorithms
available and analyses can therefore be characterised by a series of general workflow
steps. Several important pre-processing steps take place prior to any analysis includ-
ing splitting of the available data into either training/validation datasets using exam-
ple, a 80720 ratio, or if sufficient data exists, into training/validation/test sets in ratios
such as a 60/20/20 split. Hyperparameters for each algorithm are selected in such a
way as to help ensure that a similarly high levels of accuracy are attained in both the
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validation and test sets to that obtained for the training dataset. In other words, the
final model should perform equally well with low bias (error in the training dataset)
and low variance (error in the validation and test datasets). Other aspects of the data
pre-processing workflow include data reduction and feature selection (to help reduce
the number of highly correlated or redundant variables), the imputation of missing
data with for example, the mean of the missing data, one-hot encoding (creating
dummy variables) and the standardisation of continuous features, which might other-
wise influence feature selection by virtue of having widely varying measurement units.

12.5.1 Accuracy Metrics

Many different measures of accuracy are available to assess the performance (accu-
racy) of ML algorithms and it is common for studies to utilise several accuracy
metrics rather than relying on a single measure. For binary (classification) algo-
rithms, the most common measures include:

Accuracy: The percentage of correct predictions.

Precision: Out of all subjects classified as positive, how many were truly positive?
This is the same as Positive predictive value (PPV).

Recall: Out of the subjects that were truly positive, how many were classified as
positive. This is the same as Sensitivity.

Specificity: Out of the subjects that were truly negative, how many were classified
as negative.

F1 score: The harmonic mean of precision and recall. The harmonic mean tends
towards the smaller of the 2 elements. Therefore, F1 is small if either precision
or recall is small.

AUC: Area-under-the-curve is a common measure used within medical research
when assessing diagnostic accuracy using statistical models such as logistic
regression. Since it is well understood by clinicians and relevant in terms of
diagnostic accuracy it is therefore often the metric of choice within medical
research using ML. An AUC of 0.5 suggests no discrimination, 0.7 to 0.8 is con-
sidered acceptable, 0.8 to 0.9 is considered excellent and more than 0.9 is con-
sidered outstanding. AUC is calculated as the arithmetic mean of Sensitivity
(Recall) and Specificity across all possible cut-points.

12.6 Challenges for Al and ML in Healthcare
12.6.1 Patient Confidentiality, Data Governance and Public Trust

Whilst innovations such as Al and ML offer exciting opportunities they can still
falter without an adequate level of public trust and a consensus amongst all stake-
holders around the role of data. To develop this trust, both the data custodians and
the data analysts must be open and transparent about their real objectives, and the
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public needs reassurance that their data will be kept confidential when explicit con-
sent is not required.

In 2016, DeepMind entered a collaboration with the Royal Free London NHS
Foundation Trust to assist in the management of patients with acute kidney injury, a
disease complication leading to a prolonged length of hospitalisation and an
increased risk of morbidity and mortality. It was the first major health project for
Deep Minds. After an investigation into the agreement following concerns over
patient confidentiality, the UK Information Commissioner’s Office declared that the
Royal Free NHS Trust hospital had broken civil law when it transferred 5 years of
health data for 1.6 million patients without their consent to DeepMind [68].

The business contract that the 2 companies entered into, and the data sharing
arrangement, were ostensibly for the purpose of developing a mobile app for patients
that would alert clinicians if there appeared imminent risk of acute kidney injury.
But DeepMind was at that time a company renowned for expertise in Al rather than
in software engineering and had no track record in either health research or technol-
ogy. In addition, the mobile app was to be developed using an already defined stan-
dard risk scoring algorithm for AKI, rather than any new ML algorithm. Whilst UK
Trusts are allowed to transfer data for direct care, they are not allowed to transfer it
for testing purposes. In addition, the transferred data was identifiable and consisted
of not just of those patients at risk of AKI, but of all the hospital’s patients. Such an
all-encompassing transfer would typically require that DeepMind maintains a
“direct care” relationship with every patient in the Trust [69]. This example pro-
vides important lessons on the transfer of administrative datasets to large private
companies looking to seek a head-start in innovative Al applications. It also high-
lights critical questions for policymakers, industry and individuals as healthcare
moves forwards, as well as the existing insufficiencies of existing institutional and
regulatory agencies in their governance of healthcare data.

Society already suffers from a “data trust deficit”, and the DeepMind experience
will not have helped [70]. Companies and healthcare institutions need to not only
meet any legal requirements for data-sharing, but to also show themselves trustwor-
thy. Data-sharing agreements should also specify clear limits and be proportionate
to the task. In this case, developing a mobile app for AKI should not require the
records of every admitted patient for multiple hospitals and over multiple years. The
Nuffield Foundation in London has now established an independent convention on
data ethics, and works with the British Academy, the Royal Society, the Royal
Statistical Society and the Alan Turing Institute for data science, to bring society,
policymakers, industry and researchers together to discuss the role of data in our
society.

12.6.2 Other Ethical Considerations

Other ethical questions that also need to be addressed include the policing of pri-
vacy and consent given the continuous communication of data [70, 71], whether
clinical decisions that are made based on an algorithm can be held accountable for
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health outcomes [72] and the ethical codes that “data scientists” work to [73]. From
a legal perspective, Al algorithms are defined as decision-support tools making cli-
nicians still morally and legally responsible for poor patient outcomes even if their
decisions were influenced by Al-based systems. The National Health Service in the
UK, for example, has recommended that stakeholders should work together to cre-
ate a framework of Al explainability. This would require every organisation deploy-
ing an Al application within the NHS to explain clearly on their website the purpose
of their Al application (including the health benefits compared to the current situa-
tion), what type of data is being used, how it is being used and how they are protect-
ing individuals’ anonymity [74].

12.6.3 Clinician and Patient Confidence

Whilst most clinicians today are also accepting of the idea that Al can lead to
improvements in prediction accuracy and the automation of routine diagnostic
tasks, a few remain sceptical of the ability of Al to assist and improve clinical
decision-making [75]. In a recent survey, 108 of 118 clinicians (91%) said they
would recommend the use of a SMART technology platform to their patients to
address 5 chronic and disabling conditions prevalent in the older population (hear-
ing loss, cardiovascular diseases, cognitive impairments, mental health problems
and balance disorders). In addition, 20 of 24 (83%) of older adults expressed a
desire to receive monthly reports on their health status via the same technology [76].
This and other similar data suggest that both clinicians and patients are in general
strongly in favour of using smart technology that incorporates Al in the manage-
ment of disease.

12.6.4 Transparency

As discussed earlier, as the higher end of the ML algorithm spectrum is reached and
the algorithms become more complex and powerful, their solutions generally also
become less transparent. This results in the potential for clinical decisions to be
made that are increasingly reliant on predictions that may not be explainable. This
trade-off between more accurate, yet less explainable algorithms and more interpre-
table, less accurate predictions derived from basic risk score models is what drives
much of the “black-box” debate around the use of ML in healthcare. It is often cited
as being a continuing frustration for clinicians since there is often no way to relate
the predictions back to existing biological knowledge and traditional assumptions
regarding the interpretation of specific signs and symptoms of disease [77]. This
lack of transparency also leaves the data scientists with the task of convincing clini-
cians and stakeholders of the value of routinely using Al for decision-making within
a high-risk clinical environment. This process might be easier if, rather than relying
on a purely data-driven approach, an assurance could be offered that existing medi-
cal knowledge be incorporated into the models whenever possible to ensure that
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evidence-based clinical decisions are not dismissed. Others argue that the terms
“transparency” and “interpretability” are themselves nebulous poorly defined terms.
For example, if a heavy transformation of features is undertaken in order for a linear
model to achieve at least comparable accuracy to a neural network, can the linear
models still be considered as being more interpretable [78]?

For these reasons, Al practitioners are researching and implementing explainable
Al or XAI [16]. XAl techniques include partial dependency plots, Shapley Values
and LIME analysis. For example, Shapely values are scores that represent the con-
tribution of each individual’s data points in determining the overall prediction for
any given feature [79]. Thus, whether a given feature such as age reduces predicted
risk in patients with positive outcomes but increases the predicted risk in those with
negative outcomes can be presented graphically using SHAP values which display
the relative impact of each feature for each patient [80] (Fig. 12.6).

12.6.5 Data Bias

There is now a growing recognition in Al for the use of transparency by data scien-
tists in their algorithm development. For example, a well-recognised selection bias
exists if the population used for the chosen development dataset is not representa-
tive of the target population to which the algorithms will eventually be applied.
Such a bias may ultimately lead to worse accuracy and outcomes in socially disad-
vantaged groups that have not been included in the development data [81]. A
population-specific level of knowledge of the training data used would assist health-
care regulators in assessing the algorithms potential for bias. Of course, a lack of
external validity has been a longstanding and vexing issue in medicine, particularly
in geriatric care. In fact, most of the randomised controlled clinical trials supporting
the efficacy and safety of marketed drugs are typically conducted in younger and
healthier cohorts using stringent inclusion and exclusion criteria. The use of Al
applied to observational datasets of “real-life”” older patient populations might sig-
nificantly improve our knowledge regarding the use of medications in this com-
plex group.

12.6.6 Integration of Al into Healthcare

If Al and ML are to achieve their goal of being generalisable between different
geographic populations, a level of consistency in the captured data needs to be
achieved between health networks in different jurisdictions, whose EHR systems
deployed by individual healthcare networks can differ in a variety of ways.
Differences in diagnostic coding, assignment to care type, definitions for patient
admission, missing values, their respective potential for error, and recorded clinical
and demographic features including disease history, medical notes, data from medi-
cal devices, physical examinations and laboratories, diagnostic images, gene expres-
sions, clinical symptoms and medications are some of the many examples. Whilst
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Fig.12.6 Plot showing both the feature importance, the feature values (high or low) and the direc-
tion of the impact on the target variable (positive or negative SHAP values). Figure generated from
data for [54]

such data is now commonly captured with electronic health records (EHRSs), robust
Al algorithms will be those that can reliably analyse integrated national and inter-
national EHR databases and similar observational data.

The Observational Health Data and Informatics project (OHDSI) [82] is an inter-
national network of researchers and observational health databases with a central
coordinating centre housed at Columbia University and aimed at improving knowl-
edge of health and disease via observational data. A similar initiative, the
Transformational Data Collaboration (TDC) has begun in Australia [83]. Its aims
include the mapping of administrative, hospital and primary care databases to sup-
port the common data model—the Observational Health Data Sciences and
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Informatics (OHDSI), as well as a move to a standard-based model to ensure trans-
parency of the information available to researchers within the various administrative
datasets.

12.7 The Future of ML in Medicine and Healthcare

Beyond these current issues relating to ethics, regulation, bias, transparency and
healthcare integration, a variety of longer-term challenges related to the develop-
ment of the Al in healthcare are also beginning to be addressed. These include the
adequacy of computing power, the use of unstructured health data, the requirement
for decentralised data storage and analysis systems, the capacity to streamline work-
flows in algorithmic development, drug discovery and repurposing and optimal
treatment via precision medicine. Solutions to these challenges will enable ML to
progress to the next level.

12.7.1 Quantum ML

A common rate-limiting step in the progression of Al and ML has been the avail-
ability of the necessary computational power required to harness the ever more
complex algorithms. Quantum computing is one advancement that has the potential
to boost machine learning capabilities by virtue of simultaneous multi-state opera-
tions, enabling faster data processing. In 2019, Google’s Sycamore quantum pro-
cessor completed a specific task in 200 seconds, which was also estimated to take
the world’s current best supercomputer 10,000 years to complete [84]. Scientists
have been working on quantum computers that operate at near zero degrees for
many decades, driven by the promise of their vastly superior computing speed. At
present, quantum computers are not yet commercially available and the application
of Quantum computing in medicine and healthcare is therefore still a dream rather
than a reality. But the hope is that quantum computing will enhance our access and
use of Big Data which includes not just our best evidence knowledge, but also the
massive volumes of continuously generated patient electronic data from the Internet
of Things (IoT). State-of-the-art personalised medicine to determine best treatment
for individual patients will likely require the analysis of mega-data from physiology,
imaging, genomics, wearable technology, screening measures, EHRs, environmen-
tal data from sensors and more [85].

12.7.2 Federated Learning Approaches

Federated learning, also known as collaborative learning, is a machine learning tech-
nique that trains an algorithm across multiple decentralised networks, utilising data-
sets from each of the various networks, but without their physical exchange. This
contrasts with other decentralised approaches that use only the local data but without
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combining results, and with centralised ML approaches where the separate local
datasets are uploaded to a single server and analysed as a whole. Federated learning
therefore combines input data from multiple sources which allows the creation of a
robust collaborative, consensus machine learning model without the need to share
patient data, which remains instead within the firewalls of the various institutions in
which they reside. ML modelling of the local data is undertaken at each participating
institution and the resulting parameters and gradients (but not data) are transferred to
a central location for central model updating. The approach helps in addressing
issues of data governance, privacy, security and access rights. Crucially, it also
enables access to heterogeneous data, essential for training and rigorous validation to
remove the potential for biased results arising from using more selective datasets.
Models trained by FL achieve performance comparable to ones trained on both cen-
trally hosted multiple datasets and single institution datasets [86]. Whilst originally
developed for other technology domains, FL is now gaining support within healthcare.

12.7.3 Automated ML; End-to-End Model Development

The utilisation of ML within healthcare has the proven potential to improve health
outcomes, cut healthcare costs and advance clinical research. However, most health-
care institutions do not currently deploy ML, in part due to the lack of ML expertise
amongst healthcare professionals. The use of ML requires the ability to build an
accurate model and then to integrate it within the clinical workflow. In order to
make ML techniques easier to apply and to reduce the demand on data scientists,
automated machine learning (AutoML) has emerged as a growing field that seeks to
automatically select, compose and parametrise ML models, whilst still achieving
optimal performance for the given dataset [87]. For example, Google’s Cloud
AutoML enables researchers and developers with limited ML expertise to train
high-quality models specific to their needs [88]. The process of AutoML includes
automated data pre-processing to improve data quality, transform and reduce
dimensionality, automated feature engineering to create more adaptable features
from the data, automated feature extraction for improved accuracy with smaller
datasets, automated feature selection to retain only the most useful features, auto-
mated algorithm selection and hyperparameter optimisation to select the optimal
algorithms and hyperparameters, and finally model deployment and monitoring of
the model’s performance via dashboards [89]. Future medical education undergrad-
uate and postgraduate programmes are likely to increasingly incorporate Al and ML
topics in their curriculum and an AutoML approach would likely improve accept-
ability for both students and faculty.

12.7.4 Natural Language Processing of EHRs

As much as 80% of the data in electronic health records (EHR) is believed to be
stored in the form of unstructured, free-form text entries which cannot immediately
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be analysed by ML models [90]. To enable analysis, data sharing and eventual algo-
rithm validation, they require conversion to a more standard format which can be
achieved by applying Natural Language Processing (NLP). Recently, newer Neural
Network and Deep Learning approaches to NLP have made considerable advances,
outperforming traditional statistical and rule-based systems on a variety of tasks [90].

12.7.5 Drug Discovery

Drug development is time-consuming and costly. Average cost estimates for devel-
oping a new drug range from US$314 M to US$2.1billion, with a median of $985
million [91]. Using datasets with a drug compound’s chemical structure, ML algo-
rithms can predict the impact the drug compound could have on different cell lines
and genes and detect possible side effects. ML can accelerate drug testing and speed
at which drugs are brought to the market [92]. This is particularly important during
public health emergencies, such as the ongoing COVID-19 pandemic, and was a
major factor in facilitating the discovery of new treatments [93-95].

12.7.6 Precision Medicine Using Reinforcement Learning

The term “precision medicine” was termed synonymously with “personalised medi-
cine” [96], which it eventually superseded based on the need to distinguish it from
the personalised level of patient care that clinicians already provide [97]. Beyond
the stratification of patients according to underlying conditions, signs and symp-
toms, precision medicine involves adding data such as biochemical, genetic and
lifestyle information into the mix to assist in the decision-making process [96].

Examples include precision oncology that utilises molecular tumour profiling
to look for features that predict the response to a particular therapy, or the likeli-
hood of unacceptable side-effects. For example, the use of trastuzumab being
provided only to HER-2-positive female breast cancer patients [98], and the phe-
notyping of patients with asthma and atopic eczema based on information includ-
ing medical history and physical examination, lifestyle, laboratory tests, functional
diagnostics, immunology and omics [96]. However, in practice, determining opti-
mal treatments for complex patients with interacting comorbidities remains a con-
siderable challenge. This is particularly true in the presence of additional patient
characteristics such as frailty, which can itself interact both with co-existing dis-
ease states and with pharmacological treatment [99]. ML algorithms might offer
the potential for enhanced decision-making beyond that witnessed so far with
precision medicine.

Amongst the 3 major types of ML algorithms, reinforcement learning (RL) is at
the forefront for progressing precision medicine. The large volumes of detailed
EHRs with repeated measures make RL ideally suited to provide sequential optimal
treatment recommendations and improve patient outcomes. Initially, RL was
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confined to the definition of the so-called dynamic treatment regimes (DTRs),
which consist of multi-step clinical decision processes [100]. More recently, it has
been successfully applied to multimorbidity management, HIV therapy, cancer
treatment and management of anaemia in haemodialysis patients [61]. RL algo-
rithms are also well aligned with the sequential decision-making process that occurs
in ICUs and has consistently outperformed physicians in simulated studies includ-
ing treatment strategies for sepsis, sedation dosage [66] and ventilator support for
Covid-19 patients [101].

Nonetheless, challenges regarding RL system design, evaluation metrics and
model choice exist. For example, whilst RL has been applied to more than 20 stud-
ies in the ICU to identify optimal treatment strategies, all applications relied on
simulations and retrospective data. Further work is therefore required to prospec-
tively validate RL in authentic clinical environments [66].

12.8 Conclusions

Our review of Al and ML in medicine has provided a brief history of ML with a
special focus on its development within medicine and healthcare and the elderly
patient. In the last decade, there has been a clear exponential increase in not only the
volume of research that helps drive advancement in technology but also in the actual
development of applications and their transformation of medicine and healthcare.
Big Data arising from EHRs and electronic patient tracking systems combined with
the development of self-learning algorithms for dynamic personalised medical
treatment and decision-making suggests that ML in healthcare has arrived and is
here to stay.

Evidence-based medicine dictates that medical treatment should be based on
empirical evidence rather than either clinical experience alone, or at the other end of
the spectrum, a purely data-driven Deep Learning algorithm. In this respect, algo-
rithms that can also still incorporate clinical knowledge might offer more potential
in moving forward. For example, clinical knowledge of the laboratory values that
predict mortality was used when selecting from a wide variety of possible lab values
to include within an RL model designed to determine optimal oxygen therapy for
COVID-19 patients [101].

The rapid development in Al and ML suggests that the most likely next potential
obstacle will be in maintaining a similar speed of progress in building the necessary
structures for the governance of highly confidential patient data, as well as the regu-
lations for safe and ethical use of Al. Without these, the support and trust of end-
users including the clinical workforce and public might evaporate quickly and put
any further progress on hold. However, assuming vigilance in these matters can be
achieved, the tremendous gains offered by Al and ML towards better outcomes for
patients, clinicians and healthcare systems suggest a bright and positive future
ahead for Al in medicine.
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