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ABSTRACT

ARTICLE HISTORY

Purpose: The behavioural activity pattern is a behavioural and biological 24-hour rhythm. Ageing, diseases and memory disorders can change this pattern. Home care staff can utilize knowledge about the
behavioural activity pattern of elderly home care clients in many ways. The purpose of this study was to
evaluate whether home care staff could identify the behavioural activity pattern of elderly home care clients using activity sensors, namely, actigraphs and motion sensors, could identify the behavioural activity rhythms.
Materials and methods: A total of four elderly home care clients and one elderly home rehabilitation client took part in the study. The participants wore actigraphs on their wrist and motion sensors were
installed in their apartment. In addition to sensor data, home care staff answered one open-ended question during each home care visit. The data collection period was two weeks. Both quantitative and qualitative methods were used in the analysis.
Results: The behavioural activity pattern was easy to identify from the motion sensor data, whereas actigraph data were difficult to interpret. The home care staff members’ answers to open-ended questions
reinforced the reliability of motion sensor data.
Conclusions: Motion sensors are relatively cheap, unobtrusive and reliable way to identify and detect
changes in the behavioural activity patterns of elderly home care clients.
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� IMPLICATIONS FOR REHABILITATION

� Motion sensors are cheap, user-friendly and highly accepted technology for identifying and monitoring behavioural activity rhythm.
� Home care staff members can use the data about elderly home care client’s behavioural activity
rhythm to monitor deviations to the rhythm and detect changes in client’s health.
� The information about behavioural activity rhythm can also be utilized in planning home care visits
and interventions

Introduction
Europe is undergoing a significant change in population structure.
The combination of low birth rates and increasing life expectancy
is changing the shape of the age pyramid. This shift towards an
older age structure can be seen in several EU member states,
including Finland [1]. In 2020, 22.7% of the Finnish population
was over the age of 65, a proportion which is forecast to grow to
26.2% by 2030 [2]. In this study, elderly is defined as a person
whose social, cognitive, mental or physical functioning has been
impaired due to illness, injury or degeneration that can be attributed to ageing. This is the same definition that is used in Finnish
law. The elderly often have chronic diseases and underlying
health problems, which limit their ability to perform basic daily
activities and necessitate external support for daily life [3].
In past decade, discussions of safe ageing have emphasized
the development of elderly homes and service provision in the
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patient’s residence of choice (i.e., ageing in place). In other words,
an elderly patient can expect to receive the necessary services in
their own home even when their service needs increase with
older age [4]. Hence, home care is critical because it maintains a
patient’s health and functionality through the provision of nursing, care and the support services that are necessary for safe living at home [5].
Technology has become an integral part of home care safety
and support services. Nevertheless, the use of technology to support ageing in place through technological solutions and services
is a development which challenges everyone working in the field
[6]. The elderly are generally eager to use technologies, although
there is considerable variation in technological competence as the
elderly is a highly heterogeneous group [7]. Technologies and
services that are primarily developed to support good ageing are
often referred to as gerontechnology, which includes products
such as security phone systems, motion detection mats and smart
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mattresses. Equipping the home of elderly with technological solutions aims to meet the security, social and autonomy needs of
the elderly. The daily life of a person with memory disorders is
especially supported by technologies that do not require cognitive abilities, such as crash alarms and locators [8,9]. When provided with various technologies that target daily activities, elderly
patients with memory disorders have reported an increased feeling of safety and support, improved freedom to move safely in
their surroundings, and support for their circadian rhythms [10].
The use of sensor technology in elderly care has shown positive effects in various aspects of well-being, for example, identifying falls [11] and recognizing an elevated risk of falls [12] and
noticing deterioration in general health through the monitoring
of daily activities [13]. Sensor-generated information about mobility can also be used in the early detection of memory diseases or
mental health problems [14]. Another study found that sensors
bring a sense of security to elderly users and their close relatives
[15]. Sensor technology has also been proven to allow the elderly
to live at home and maintain their independence for as long as
possible. In a recent pilot study, sensor technology was able to
identify changes in functional capacity and chronic or acute illnesses 10–14 days earlier than conventional assessment methods
or self-assessments [16]. Both wearable and embedded sensors
have been extensively studied, but their full potential in elderly
care and supporting living at home remains largely untapped.
The development of new sensor technologies should involve testing the devices on elderly patients as well as in real-life situations [17].
Monitoring the activity of individuals through various sensors
has become common practice in the twenty-first century. In this
study, physical activity was measured by motion detection sensors. Currently, many different types of activity-tracking sensors
exist on the market, e.g., wearable sensors like smart watches,
activity bracelets and necklaces, pedometers [18], along with ubiquitous technology (ambient sensors) like motion and depth sensors, activity sensors, video cameras, temperature and humidity
sensors as well as sound sensors [17]. Activity sensors are generally employed when an elderly person’s relatives are concerned
about their safety at home, for example, the increased risk of falls
[17]. Activity monitoring sensors also support home care staff in
monitoring individual patients and maintaining the well-being of
the elderly; they are also cost-effective, which is important in light
of the anticipated scarcity of resources for home care staff [19].
The use of various activity sensors makes it possible to obtain a
wide range of information, e.g., performance of daily activities,
risk of falling, vital signs (pulse, respiratory rate, O2 saturation),
activity level, energy consumption and activity rhythm [17,18,20].
Researching the utility of activity sensors in tracking the activity
rhythms of elderly patients is important to finding reliable ways
to both detect patterns and notice deviations. Notably, activity
rhythm disruptions affect cognitive performance and various
activities of daily living (ADL), which makes independent living at
home more difficult [21,22].
Activity rhythms are frequently characterized quantitatively,
and although methodologies and analytic methods used in studies vary, rhythms are characterized mostly by cosinor or non-parametric analysis. The term behavioural activity rhythms is used by
Neikrug et al. to collectively refer all various terms used to
describe quantitatively analysed 24-h rhythms of individual
human behaviour [23]. In addition to quantitative analysis of daily
rhythm, recognition and monitoring of a person’s usual daily pattern of activities can be used to assess changes in the person’s
health or functional status. Term behavioural activity pattern is

used in this study to refer individual 24-h physical behavioural
patterns, identified by visual observation of sensor data [24,25].
Ageing can cause major changes in activity rhythm [26]. Problems
of activity rhythm consistency arise as a result of intermittent and
poor quality sleep and short sleep duration [27], difficulty getting
sleep, changes in different stages of sleep [26], nocturnal wanderings and long naps [21]. People with memory disorders show
more variation in the activity rhythm than cognitively healthy elderly individuals, and this lack of regular rhythm, which may
involve nocturnal wandering, is one of the main reasons for why
people with memory disorders are transferred from their homes
to a more controlled environment [21]. Changes in activity rhythm
have also been positively linked to changes in certain behavioural
symptoms, such as depression, nervousness, restlessness and
aggression, as well as impaired cognitive functioning [22]. Sleep
problems can also predict the onset of future memory disorders
[28]. The assessment of activity rhythm is also important because
changes in this rhythm are associated with increased mortality
and decreased quality of life [29,30].
This study utilized data from a home care technology pilot
performed in a city in northern Finland during which activity
monitoring devices were used in home care and rehabilitation.
The research tested a new form of technology that had not yet
been used to detect the activity pattern of elderly patients. The
home care technology pilot was originally launched in March
2020, when activity monitoring equipment was installed in clients’
homes, but was delayed until November 2020 because of the
COVID-19 pandemic. The home care technology pilot lasted
six months.

Aim and research questions
This study aimed to evaluate the utility of activity sensors in identifying the behavioural activity pattern of elderly home care clients. As such, a further objective was to provide evidence about
how reliable activity sensors are in identifying the behavioural
activity pattern of elderly home care clients.
The research questions were:
1.

2.

3.

Can visualizations from activity and motion sensors be used
to identify specific behaviours in elderly home care clients in
a home care setting?
Do these two different activity sensors (actigraphs and
motion sensors) provide reliable behavioural activity pattern data?
How are nurses’ evaluations of the behavioural activity pattern among elderly home care clients associated with data
from activity sensors?

Materials and methods
The research relied on data from a home care technology pilot. In
most cases, pilot studies are a small-scale version of a more
extensive study and are performed to test the adequacy of different aspects of a large project, such as specific methods or the
study population. Pilot studies are also used to evaluate new
interventions; this is the case in this study, as sensors representing
new technology were involved in scientific research [31]. Both
quantitative (sensor data) and qualitative (open-ended question)
methods were used. Graphical representation of the research
methodology is presented in Figure 1.

UTILIZING ACTIVITY SENSORS IN ELDERLY HOME CARE

Participants
Study participants were recruited from the home care technology
pilot conducted in a city in northern Finland. All of the home care
technology pilot participants that fulfilled the inclusion criteria
were recruited to this study by the home care staff. The inclusion
criteria included: living alone in their own apartment; elderly (over
65 years of age); requiring home care or rehabilitation services;
and able to move autonomously in their apartment. The participants of this study included four elderly home care clients and
one elderly home rehabilitation client. Participants had regular
home care visits, during which the home care staff deliver medicine(s) and take care of the clients’ nutrition and personal
hygiene. Age, diagnoses and mini-mental state examination
(MMSE) and ADL evaluation scores were gathered from all of the
clients. The MMSE is a short, 30-point questionnaire that is used
to measure cognitive impairment. The maximum score is 30, with
low scores indicating cognitive impairment [32]. The ADL is used
to describe physical activity. The ADL applied in this study had a
scale ranging from 0 to 28, with 0 demonstrating independence
and 28 indicating a need for support in all daily activities.
Activity sensors
The elderly home care clients had multiple activity monitoring devices; this study focussed on data from the actigraph and movement
sensors. Actigraphy is the continuous measurement of activityinduced acceleration. Actigraphs are usually worn on the wrist and
include an acceleration sensor, amplifier, filter, microprocessor and
digital memory. Actigraphs have been used in variety of clinical and
research fields, including depression, obesity and sleep disorders
[33]. The actigraph used in this study is triaxial and it also included
an emergency button. Data output from the actigraph was stored
as 10-min epochs representing five different activity levels.
According to the technology provider, level 1 activity represented
minimal amounts of movement, i.e., minuscule hand movements.

Figure 1. Graphical representation of the research methodology.

Figure 2. Architecture used in the study.
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Level 3 activity represented a moderate amount of movement,
while level 5 activity represented the maximum amount of movement and required strong hand movements. There was no personalization of the activity levels, and all participants shared the same
reference values.
The motion sensors used in this study were wall-mounted passive infra-red (PIR) motion detectors, which are widely used to
detect the movement of individuals [17]. In this study, the number
of motion sensors varied between participants, from two to five
sensors. Motion sensors were installed in the rooms where participants spend most of their time. Exact location of motion sensors in
those rooms was decided by technology provider and home care
staff. All of the participants had motion sensors in the bathroom,
while most also had them in the kitchen, bedroom and living room.
Data output from the motion sensors provided the time spent in
different rooms with an accuracy of one minute.
Other activity sensors were also installed into the participants’
homes. The amount and type of sensors varied according to the
identified needs; the most common sensors were those that recognized the use of the toilet or refrigerator. Data from these sensors were not utilized in this study.
Home care staff viewed the data from these sensors through a
dashboard that the technology provider had developed.
Managers and nurses acting as home care team leaders were the
staff that accessed these data. High level architecture is graphically represented in Figure 2. Sensors used in this study are sold
only to businesses, not to customers.
Questionnaire for nurses
A form with an open-ended question was developed to comprehensively evaluate how reliable the activity sensors are at capturing the behavioural activity patterns of elderly home care clients.
The staff members were asked to answer the question “Describe
your observations of the alertness and daily activities of the home
care client in free text”. The questionnaire also included the day
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and time of the visit. Responses to the open-ended question were
evaluated by an expert panel, which consisted of one researcher
and nursing science teacher, two registered nurses, one midwife
and one public health nurse. An expert panel was used to ensure
the comprehensibility and clarity of the question.
Ethical considerations
Information about the study was given to the home care staff and
clients prior to asking for their consent to participate in the study.
All of the home care staff and home care clients participating in this
study have given written, information-based consent for the inclusion of personal materials and acknowledging that they cannot be
identified via this study. The home care clients participating in the
study had various levels of memory disorders, which caused difficulties in obtaining information-based consent. When the home care
client was not able to give information-based consent, consent to
participate in the study was gathered from their legal guardians. All
of the participants were fully anonymized. An ethical statement
from the Ethics Committee of Human Sciences of the University of
Oulu was obtained before the research was started.
Design
Data collection
This study was kept to a reasonable length, i.e., two weeks, due
to the heavy workload of home care staff and the amount of data
sensors provided. This duration has previously been cited as sufficient for capturing activity-rest behaviour [34,35]. The data collection period was January and February of 2021. The home care
staff answered the provided open-ended question after each

home care visit. Data from the activity sensors were collected
from the technology provider’s dashboard. More specifically, data
from the actigraphs were presented in the dashboard as hourly
bins with an accuracy of 10 minutes, while data from the motion
sensors had an accuracy of one minute (Figures 3 and 4).
Data analysis
The quantitative analyses were conducted using IBM SPSS statistics
version 24 (IBM Corp, Armonk, NY). The interclass correlation coefficient (ICC) was used to establish interrater reliability. This is because
the ICC is widely used to estimate interrater reliability, test–retest
reliability and intrarater reliability. Moreover, use of the ICC enables
the quantification of rater agreement, which reflects the variation
between two or more raters who measured the same group of subjects. High similarity between values from the same group is indicated by a high ICC near 1, whereas a low ICC near 0 indicates low
similarity between values from the same group [36]. The ICC estimates, along with their 95% confident intervals, were based on a
single-rating, consistency, two-way mixed-effects model. Data were
also analysed by summarizing both the daily and hourly data.
A visual inspection of the home care staff member’s answers,
time of home care visits and sensor data were used to further
evaluate the circadian rhythms of the home care clients and the
reliability of the activity sensors. For instance, home care staff
member’s answers to open-ended question (n ¼ 68) were evaluated for any mention of events that would be identifiable from
the actigraph and motion sensor data. To better understand the
behavioural activity pattern of home care clients, activity data
from the actigraphs and motion sensors were arranged visually
for every client in two ways: (i) hour-by-hour for the entire twoweek study period (Figures 5 and 6) and (ii) data for the entire

Figure 3. Dashboard view of actigraph data representing one day for one elderly home care client. The amount of physical activity is presented on the vertical axis,
while the time of day is presented on the horizontal axis. Colour codes show different levels of activity, with lighter colours representing less intense movement;
more specifically, light blue ¼ minimal movement, dark blue ¼ light movement, orange ¼ moderate movement, green ¼ active movement and dark red ¼ maximum
movement. The “0 min”-markings do not indicate any activity, but are a property of the dashboard system that cannot be avoided.

Figure 4. Dashboard view of motion sensor data representing one day for one elderly home care client. The amount of physical activity is presented on the vertical
axis, while the time of day is presented on the horizontal axis. Colour codes show which room the movement is in, more specifically, green ¼ vestibule, yellow¼ kitchen/living room, purple ¼ bedroom and pink ¼ bathroom.
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Figure 5. Actigraph data for the entire data collection period, presented as hourly bins, for one elderly home care client. The amount of activity (in minutes) is presented on the vertical axis, while the time of day is presented on the horizontal axis.

Figure 6. Motion sensor data for the entire data collection period, presented as hourly bins, for one elderly home care client. The amount of activity (in minutes) is
presented on the vertical axis, while the time of day is presented on the horizontal axis.

Figure 7. An hourly summary of actigraph data for the entire data collection period, with the data representing one elderly home care client. The amount of activity
is presented on the vertical axis, while the time of day is presented on the horizontal axis.

Figure 8. An hourly summary of motion sensor data for the entire data collection period, with the data representing one elderly home care client. The amount of
activity is presented on the vertical axis, while the time of day is presented on the horizontal axis.

two-week period summarized on an hourly basis (Figures 7 and
8). Next, the behavioural activity patterns were evaluated by visual inspection. The times of home care visits were compared to
sensor data to detect any inconsistencies which could have
impacted reliability.

Results
The participants had varying levels of cognitive and physical abilities.
The demographic characteristics of the participants are reported in
Table 1. All of the participants could independently move in their
apartment, but most of them needed a walker to do so. Some of the
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Table 1. Demographic characteristics of the study participants.
Variable
Female
Age
MMSE
ADL
Medical conditions

Mean value ± standard deviation (N ¼ 5)
4
85.6 (±8.1)
21.2 (±6.1)
3.2 (±2.9)
8 (±3.8)

MMSE: mini-mental state examination; ADL: activities of daily living.

Table 3. Intraclass correlation coefficient (single-rating, consistency, two-way
mixed-effects model) hourly data from the motion sensors and actigraph.
Participant
1
2
3
4
5
All

ICC

Lower bound

Upper bound

0.397
0.456
0.372
0.493
0.237
0.071

0.001
0.074
–0.28
0.121
–0.176
–0.109

0.686
0.722
0.670
0.744
0.579
0.246

The calculations were based on 24 datapoints per participant.
Table 2. Intraclass correlation coefficient (single-rating, consistency, two-way
mixed-effects model) calculated based on data from the motion sensors
and actigraph.
Participant
1
2
3
4
5
All

ICC
0.196
0.096
0.128
0.179
0.162
0.076

Lower bound
0.087
–0.015
0.012
0.065
0.052
0.026

Upper bound
0.301
0.204
0.240
0.289
0.268
0.126

There were 312 datapoints per participant.

Table 4. Intraclass correlation coefficient (single-rating, consistency, two-way
mixed-effects model) daily data from the motion sensors and actigraph.
Participant
1
2
3
4
5
All

ICC

Lower bound

Upper bound

0.093
0.121
0.133
0.333
–0.030
–0.004

–0.462
–0.440
–0.453
–0.242
–0.554
–0.248

0.596
0.614
0.639
0.735
0.510
0.241

The calculations were based on 14 datapoints per participant.

clients had memory disorders, which significantly affected their cognitive abilities, whereas others only had minor problems. The amount
of regular home care visits differed between participants, varying
from once a day to four times a day. Furthermore, two of the clients
also received daily virtual visits alongside the home care visits.
An interrater ICC of 0.076 (95% confidence interval
0.026–0.126) was obtained for the tested devices, which indicates
a very low level of reliability between data from the motion sensors and actigraphs (Table 2). The hourly activity data demonstrated an interrater ICC of 0.071 (95% CI 0.109 to 0.246), which
also indicated a very low level of reliability between data from
the motion sensors and actigraphs (Table 3). Similarly, the daily
activity data demonstrated an interrater ICC of 0.004 (95% CI
0.248 to 0.241), which indicated a very low level of reliability
between data from the motion sensors and actigraphs (Table 4).
The tested actigraph was able to demonstrate over six times the
amount of movement provided by the motion sensors (Table 5).
Behavioural activity pattern was easy to identify based on data
from motion sensors (Figure 4), but could not be identified from
the actigraph data (Figure 3). The data presented in the figures
are both from the same client and the same day. The same pattern is repeated when hourly data are shown (Figures 7 and 8).
Data from the motion sensors clearly show certain periods with
low and high activity, which is indicative of behavioural activity
pattern. The actigraph data also contain some high and low periods, but it is not reliable for identifying activity patterns – there
are multiple periods where low activity (night time) is clearly seen
from motion sensors but not from the actigraph data.
The times of the home care visits could be distinguished based
on the motion sensor data but not based on the actigraph data
(Figures 3 and 4). The visit could not always be identified from
the sensor data, but there were no occasions during which no
data were captured at the time of the visit.
The conclusions drawn from the motion sensor were supported by the home care staff member’s answers to the openended question. When the home care staff described events in
different rooms of the elderly clients’ homes, such as cooking and
taking care of personal hygiene, movement in those rooms was
visible in the motion sensor data. For example, a home care nurse
wrote “[Client was] A bit tired but not exceptionally tired. [Client]
Has had to visit bathroom multiple times in the night”. Figure 9
illustrates the motion sensor data from that day, and we can see
multiple visits to the bathroom that night (Figure 9). The

actigraph data revealed high levels of activity, which could not be
correlated with answers to open-ended question. The home care
staff provided a total of 68 answers to the open-ended question.
Most of these answers were compatible with the data from
motion sensors (Table 6); however, there were four cases in which
those statements did not match the sensor data. For example,
one home care nurse wrote “Client came to kitchen. Food was
warmed. Coffee for a dessert.”, but the motion sensor data did
not reveal movement in the kitchen at the time of the
nurse’s visit.
Limitations
Since a wide variety of technologies can be used to gather activity data from elderly patients, and there are various ways to present the collected data, any conclusions derived from the
presented results might not be compatible with other health care
settings. The immense amount of activity data collected by the
actigraph may be explained by a low threshold for registering
activity, which will impact the utility of using actigraphs to follow
activity patterns among elderly patients. It is also important to
keep in mind that although PIR sensors are generally reliable,
they have their limitations and are susceptible some errors. For
instance, they should not react to temperature changes as a result
of sunlight or heating. Also, the use of only one motion sensor in
each room makes system more susceptible to error [37].
When comparing actigraph data with motion sensor data, it
should be considered as a limitation that actigraph data were presented in dashboard in 10-min accuracy, whereas motion sensor
data were presented in 1-min accuracy. It is important to note
that the chosen statistical methods were evaluated in conjunction
with a statistician, who also verified that the analyses were conducted correctly.
Implications for practice
This study provides further evidence that activity monitoring is
beneficial for determining the behavioural activity pattern of elderly home care clients that live alone [20,24,38]. Notably, visual
inspection of motion sensor data can support home care staff in
both identifying the daily rhythms of home care clients and
detecting any rhythmic changes. The detection of a change will
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Table 5. Amount of physical activity among the study participants.
Participant

Mean daily activity from
actigraph, min

Mean daily activity from
motion sensors, min

Mean hourly activity from
actigraph, min

Mean hourly activity from
motion sensors, min

1155
751
970
231
945

136
157
127
137
106

48.1
31.3
49.3
10.3
39.4

5.66
6.54
5.29
6.19
4.42

1
2
3
4
5

The presented data are from the activity sensors; data were collected over a period of two weeks.

Figure 9. Dashboard view of motion sensor data from one day for one elderly home care client. The amount of physical activity is presented on the vertical axis,
while the time of day is presented on the horizontal axis. Colour codes show which room the movement is in, more specifically, light blue ¼ bathroom, blue ¼ vestibule, yellow ¼ bedroom and purple ¼ living room. The “0 min”-markings do not indicate any activity but are a property of the dashboard system which cannot
be avoided.

Table 6. Compatibility of home care staff members’ answers to open-ended
questions with data from the motion sensors (total number of answers, n ¼ 68).
Compatibility
Compatible
Incompatible
Could not be compared with activity data

Value (% of answers)
41 (60.3%)
4 (5.9%)
23 (33.8%)

No answer to open-ended question in home care visit, n ¼ 66, 49% of all visits.

result in home care staff determining the reason for the change
and choosing the most appropriate response to ensure patient
well-being. Hence, home care staff can use the provided data to
better plan daily visits, make service need assessments and detect
changes in the behaviour of home care clients [38,39]. When considering activity monitoring in home care, for data to be useful it
has to be considered how and which data are presented for
home care staff.

Implications for research
The utility of actigraph data in identifying behavioural activity pattern depended on which home care client was wearing the monitor. In some cases, the behavioural activity pattern could not be
identified from the actigraph data, while in other cases it was
possible to identify from the actigraph data. Further research
should study how these actigraph data can be personalized to
better identify behavioural activity pattern.
Visual inspection of motion sensor data by home care staff can
quickly give a good overall sense of the behavioural activity patterns of recent days of the home care client, whereas quantitative
rhythm analysis of activity data might be harder to utilize by
home care staff in home care setting. Visual inspection and
rhythm analysis offers insight to the wellbeing of individual in different ways, and further research is needed for having a better
understanding how these both could be utilized in different

settings and different actors (such as a nurse, a leader or representative of human resources).
While research of activity monitoring sensors and rhythm analysis are plentiful, further research is needed to determine clinical
utility of activity monitoring. For example, activity data can be
used by home care staff, home care leadership, home care clients
and their care givers. Home care staff, home care clients and their
care givers could benefit from short-term information about
behavioural activity pattern, while leadership would benefit from
long-term data; the way(s) in which to present activity data to
various stakeholders should be researched in more detail.
Knowledge management and value-based healthcare are in the
spotlight at the moment, and these perspectives could be relevant when researching the link between high-quality activity data
and behavioural activity patterns. Also there is need to compare
quantitative (cosinor and nonparametric analysis) and qualitative
(visual identification) characterization of activity rhythms in the
clinical utility point of view.
Research on the most advantageous amount and location(s) of
motion sensors should also be evaluated to guide decision-making in home care, a field of care in which cost-effectiveness needs
to be proven.

Discussion
According to the results of this study, motion sensors were a reliable way to identify behavioural activity pattern, which agrees with
previous research [20,24]. Using data from one single day, to identify the behavioural activity pattern was found to be rather unreliable, but data representing a longer period could be utilized to
identify a client’s behavioural activity pattern. There is no consensus
on which time period can reliably identify behavioural activity pattern, but time periods from 7 to 14 days have been used successfully [24,33,40]. There were clear differences in the actigraph and
motion sensor data. The actigraph was prone to noise, and the data
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were not easy to interpret. Data from the actigraphs and motion
sensors were inconsistent, as shown by the low ICC values.
The noticeable difference in activity levels between the motion
sensor and actigraph data was an unexpected finding. The motion
sensors provided less data than was expected, and the amount of
activity did not always match the nurses’ descriptions. The
amount of activity data extracted from the actigraph varied
between home care clients, but was much higher than expected
across all of the participants. The actigraph data showed high levels of activity throughout the day, which suggests that it was too
sensitive to movement. Varying sensitivity levels have been recognized as an aspect that should be considered when utilizing actigraphs among elderly patients [33]. The optimization of
actigraphs, for example, by adapting algorithms for a specific
group of clients, has previously been encouraged, as the
undesired effects of tremor were previously controlled for by
modifications to the algorithm [33]. Personalization is also needed
when using actigraphy in screening and outcome monitoring [40].
Moreover, researchers have previously stated that the elderly
should be given an opportunity to participate in the planning of
how activity monitoring will be conducted in their home environment [15].
Different technologies, along with varying data processing and
presentation approaches, make it challenging to determine the
optimal way through which activity monitoring can be used to
identify the behavioural activity rhythms of various individuals
[20,23,41]. Combining different methods and data sources, e.g.,
actigraphy and motion sensors, as well as utilizing other sensors
that can be worn on the same wrist as the actigraph (e.g., heart
rate and temperature sensors) could further benefit behavioural
activity pattern and rhythm monitoring [33]. At present, no optimal way for gathering and summarizing the most relevant activity
data exists [20,23,41].
The timing of home care visits and home care staff member’s
answers to an open-ended question provided useful information
since these data were used to evaluate the reliability of motion
sensors. It was expected that not all home care visits would be
recognizable from the sensor data since hourly activities vary and
some of the home care visits were rather short. Therefore, more
value was given to the fact that there were no contradictions, i.e.,
no activity data were detected by sensors during the time of the
home visit. The utility of answers to open-ended question was
limited because of the low response rate (mean response rate:
57.6%) and answers that did not contain information which could
be evaluated against the sensor data.
Information about physical activity and behavioural activity pattern can support home care staff in identifying wandering, ensuring
that elderly get enough sleep and appropriately planning night visits [42]. Frequent wanderers are more prone to adverse events
such as falling, which is also one of the main reasons for early institutionalization [43]. Identifying the behavioural activity patterns
and rhythms of home care clients allows home care staff to
adequately plan visits and lays the basis for detecting activity
trends and deviations [44]. The detection of activity deviations is
highly relevant to home care staff as this information can have a
meaningful impact on elderly clients’ quality of life [17,20,45].
Deviations have been divided into four different categories: behaviour in a different spatial context (e.g., sleeping in the living room);
behaviour occurring at a different moment in time (e.g., watching
TV at night); abnormal duration of behaviour (e.g., spending too
much time in the bathroom); abnormal/unexpected sensor activation patterns (e.g., falling or abnormal gait) [41].

Deviations in the long-term behavioural activity pattern of elderly home care clients can be detected through the sole use of
motion sensors. Motion sensors are cheap, and they do not have
to be worn for extended periods of time, which is a drawback of
wearable sensors such as actigraphs [17, 20]. Hence, the benefits
of motion sensors – cost-effective, user-friendly and highly
accepted – are not yet fully appreciated in elderly care [17,45].

Conclusions
This study showed that the behavioural activity patterns of elderly
clients could be identified by monitoring physical activity via
motion sensors for two weeks. Motion sensors were also used to
identify night-time wandering. Although actigraphy has previously
been successfully applied to recognize activity rhythms, the actigraph data were not useful for recognizing behavioural activity
pattern in this study. The actigraph data revealed notable
between-participant variation in the amount of activity; moreover,
the actigraph data could not be combined with home care staff
members’ descriptions of the patient’s behavioural activity patterns. According to previous literature, this could be mitigated by
optimizing the algorithm used in data processing. The nurses’
evaluations of elderly patients’ behavioural activity patterns
agreed with the motion sensor data, although there were a few
cases in which a nurse’s observation conflicted with motion sensor data. The presented results support recent developments in
using ambient sensors to monitor daily activities, as well as significant changes in rhythms. The sole use of motion sensors
would be adequate in home care setting for detecting the behavioural activity pattern when an individual is living alone and not
often outside of their apartment. More research is needed to clarify which combination of technologies and, potentially, data processing methods, is best suited for long-term elderly care.
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