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Wearable motion sensors have been gaining ground for quite some time now; a large
proportion of research projects in the field of physical activity, health, and mobility are being
carried out using an electronic form of outcome assessment, and there are good reasons
for this. Without discrediting other forms of assessment (they all have their raison d’étre),
patient-reported outcomes, as well as objective and subjective clinical outcome assessments,
can be enhanced, or their weaknesses addressed, by wearable sensors. Among the most
familiar weaknesses are recall/response bias, burdensome execution of test procedures, and
psychometric deficiencies [1,2]. Especially in older populations, the reliability and validity
of these assessments are further jeopardized by underlying health conditions related to the
cognition and function of the tested person [3].

Current opportunities to evaluate health before age-related decline in function and
health occurs are generally limited to a few checkups per year. Precision health through
preventive measures and early detection cannot be realized by waiting until the next
doctor’s, visit but will rely on integrating sensor-based health monitoring into everyday
life. Unsurprisingly, wearable sensors have seen increasing popularity in research and the
consumer landscape in general.

In particular, wearable motion sensors offer great potential for health-promoting inter-
ventions in older persons, geriatric rehabilitation, patient care, and research. Continuous
health monitoring and integrated diagnostic devices—worn on the body—can help to
identify and prevent early manifestations of age-related functional decline and disease.

Against this background, we ran this Special Issue in 2019, with the aim to cover
some ground on the various fields of research with wearable sensors in the heterogeneous
population of older persons; it focuses on new approaches in the area of wearable motion
sensor technology application in older adults, and includes a wide range of wearable
sensors and various kinds of health-related applications. Of all of the manuscripts received,
17 articles were published in this Special Issue, illustrating the use of wearable devices
to assess physical capacity and function; to evaluate rehabilitation measures; to inform
telemedicine; to investigate the validity, applicability, and clinical value of devices and
algorithms; and to compare their results with those of self-report data. We further included
three review articles looking into behavioural activity rhythms and the assessment of
balance, as well as the diagnosis of respective changes. Not all of the articles reported on
work that was actually carried out with older persons, but those that did contributed to the
development of devices or algorithms intended for this population. To further acknowledge
and highlight the authors” work, we want to give a brief overview of the publications, listed
chronologically by the publication date.
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The first article by Alice Coni and colleagues [4] took up the challenge of developing a
conceptual model based on a battery of smartphone-instrumented functional tests. By use
of exploratory factor analysis, they were able to boil down the large number of available
measures to a few domains that are able to advance quality, objectivity, and granularity of
previously “analog” data.

In the second article, Gomes et al. [5] addressed the often neglected but highly impor-
tant issue of nutrition monitoring. More specifically, they proposed a new algorithm to
recognize eating and drinking in everyday life based on a new dataset. The ultimate goal
was to trigger timely reminders for older persons living in their own homes, which can be
a powerful tool to avoid malnutrition.

Pinho and colleagues [6] conducted a systematic review of the current state of the art
in the device-based assessment of postural balance using mobile devices; the strengths and
weaknesses of available solutions were evaluated. They found only nine papers, with no
clear evidence on the accuracy of the devices to substantiate their use to assess balance,
highlighting the necessity for more rigorous investigations of larger samples.

The systematic review by Leirds-Rodriguez et al. [7] investigated the same area as
Pinho et al., with a focus on accelerometry to evaluate balance and balance alterations
in older persons. Based on data from 19 papers, the authors concluded that there is still
room for improvement, but highlight that valid and reliable measurements in laboratory
settings are possible. Clinical use, however, is hampered by the potpourri of devices and
uncertainties on the side of the end users.

Fillekes et al. [8] looked into GPS-based mobility assessment. They investigated
the agreement between GPS-derived and self-report time out of the home and activity
locations. They further investigated how agreement is altered by different spatial and
temporal thresholds as well as the type and duration of the activities. While finding high
agreement between self-reports and GPS reports for time out of the home, caution is needed
when using more complex parameters such as activity locations.

Teufl et al. [9] addressed the issue of patients after total hip arthroplasty suffering
from limited mobility due to musculoskeletal restrictions. The authors combined 3D gait
kinematics, spatio-temporal parameters, and joint angles measured with inertial sensors
(IMUs) in order to detect these impairments. They showed satisfying accuracy in measuring
the kinematics using the IMU in subjects with different physiology. Further, using machine-
learning approaches, they were able to differentiate between impaired and non-impaired
gait in the standardized environment of the lab.

While using wearable sensors, researchers and clinicians are faced with the challenge
of discriminating between standing, sedentary activity, and dynamic activities. To address
this, Bijnens et al. [10] aimed to develop an adjustable algorithm for physical activity classi-
fication in an older population. While the classification of standing and sedentary phases
showed acceptable results, the classification of dynamic activities still has some limitations.

Klenk and colleagues [11] carried out a prospective study on the psychometric proper-
ties of physical activity parameters to evaluate geriatric rehabilitation, and to link those
parameters to clinical factors at admission. They found that sensor-based walking duration,
walking bout duration, and the number of sit-to-stand transfers improved during rehabili-
tation, and that walking-duration progression was associated with Barthel Index scores,
showing the clinical value of sensor-based assessment during in-patient rehabilitation as
well as its relevance for the monitoring of physical activity progression.

Physical activity varies throughout the day, not only due to sleeping and waking
phases. Neikrug et al. [12] developed a new approach to represent behavioral activity
rhythms. This graphical presentation gives a more detailed insight into older adults’ daily
routines and enables, for example, the tailoring of interventions very specifically to the
behavioral rhythms of each person.

The study by Jung et al. [13] addresses the issue of fall-related injuries, especially hip
fractures. They developed a fall detection algorithm for wearable airbags to minimize the
impact of falls on the hips. Using IMU data, the algorithm could achieve high sensitivity,
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specificity, and accuracy in highly dynamic motions such as rapidly sitting down on, and
getting up from, a chair, or jogging. However, authors underlined that further work is
needed to use this algorithm for wearable airbags in real-life conditions.

The study by Trumpf et al. [14] compared habitual physical activity and sedentariness
in older community-dwellers using a questionnaire and two different body-worn sensors: a
wrist-worn actigraph and a hybrid motion sensor worn at the lower back. Physical activity
analysis of the actigraph led to an overestimation compared to the hybrid motion sensor
and the questionnaire, while sedentariness was underestimated by the actigraph. These
findings underline the necessity to carefully select the sensor type based on the population
and question of interest.

Not only can the classic gait parameters be measured with wearable sensors, but
arm swing is also an important factor, especially in different patient populations such
as those with Parkinson’s disease. Rincon et al. [15] aimed to use a low-cost wearable
sensod system to detect early changes in arm swing as an assistive diagnostic tool. The
developed algorithms were able to differentiate between healthy subjects and patients with
Parkinson’s Disease by analysing the captured data of wristbands on each arm, which
measured linear and angular acceleration. These findings enable clinicians to use this easy,
low-cost system as an assistive diagnostic tool.

Bortone et al. [16] looked into the discrepancy between self-report and objectively
measured physical activity. In a sub-cohort of participants aged 65 years or older, the
energy expenditure level measured using an actigraph on the dominant wrist was able to
predict physical activity assessed by a structured interview questionnaire. However, it has
to be considered that the sample was rather inactive, and larger measurement errors may
occur in fitter populations.

Werner et al. [17] investigated the psychometric properties of a body-fixed sensor
for the assessment of gait parameters in acute geriatric inpatients during rollator-assisted
walking. While the parameters related to gait volume and pace in general showed good to
excellent psychometric properties, the parameters related to symmetry and variability were
inferior. From a practical perspective, they showed the high value of the sensor system to
measure the most widely used gait parameters such as gait speed, step length and time,
cadence, and walk ratio in older patients using rollators; however, they also highlight that
caution needs to be in place when evaluating further parameters such as gait variability.

The main objective of the study by Kantoch et al. [18] was to investigate features and
applications of telemedical services that are being delivered by wearable medical devices
for the Polish older adults. A large proportion of study participants of all ages and socio—-
demographic groups was unaware of the telemedical services and opportunities offered
to older adults. Retrospectively speaking, however, this study was conducted before the
COVID-19 pandemic, which may have influenced the awareness and knowledge about
telemedical services in general.

The identification of in-hospital fall risk factors of geriatric patients with dementia
during hospitalization was the aim of Hauer et al. [19]. Besides “classic” geriatric assess-
ments including neuropsychiatric and motor function, instrumented physical capacity
assessments were carried out, showing that sensor-based balance parameters and specific
cognitive sub-performances can especially be used to identify persons with dementia at
risk of in-hospital falls.

Lastly, Schootemeijer et al. [20] investigated the association between daily-life gait
quality parameters and fall risk in older persons. Sensors were attached using an elastic
belt around the hip for one week; data showed that the logarithmic rate of divergence in
the antero—posterior and vertical direction are especially associated with fall risk, being an
adequate assessment of physiologic fall risk.

The articles included in our Special Issue clearly demonstrate the potential of wearable
sensors for analysing the age-related parameters of physical capacity and physical activity.
On the same note, the studies show that several approaches are still under development,
and challenges lie ahead in validating new health-monitoring technologies and in opti-
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mizing data analytics to extract actionable conclusions from data obtained by wearable
sensors. The advancement in various fields such as biomedical engineering and technol-
ogy, artificial intelligence, and material science may overcome several of these challenges.
Progressive reductions in costs, size, and energy requirements of wearable sensors, along
with improved activity recognition algorithms, suggest that wearable systems may become
ubiquitous tools. For instance, wearables have evolved to being capable of running artificial
intelligence algorithms in real-time at the point of sensing, which allows researchers to
gain analytical insights directly from measurement data [21]. User-friendliness to main-
tain long-term user engagement may be boosted by tattoo sensors and implanted sensors
transmitting data wirelessly [22]. In precision health, data from wearables, implantables,
and monitoring devices in the home would be aggregated to deepen the understanding of
individuals” health over the course of their lifespan.

Various sensors have been integrated into watches, wristbands, tattoos, belts, and
smartphones, with the aim of monitoring, collecting, and transferring information about
body movements, heart rate, and blood pressure to authorities such as health insurance
companies, physicians, and consultants [23]. Apart from the challenge of data privacy and
security, sooner or later, healthy aging and the prevention of age-related functional decline
will most likely rely on technology-based products. This will not only improve the medical
care of individuals and patients, but will also enable them to become actors on their own
behalf based on valid and reliable sensor data.

As a final conclusion, wearable sensor approaches represent an ultimate option to
foster healthy aging, and will most likely lead to massive progress the modern life for
decades to come.
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