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Abstract
We present CARE, a context-aware tool for nurses in nursing homes. The system utilises a sensors infrastructure to quantify the behaviour and wellbeing (e.g., activity, mood, social and nurse interactions) of elderly residents. The sensor data is
offloaded, processed and analysed in the cloud, to generate daily and long-term summaries of residents’ health. These insights
are then presented to nurses via an Android tablet application. We aim to create a tool that can assist nurses and increase
their awareness to residents’ needs. We deployed CARE in a local nursing home for two months and evaluated the system
through a post-hoc exploratory analysis and interviews with the nurses. The results indicate that CARE can reveal essential
insights on the wellbeing of elderly residents and improve the care service. In the discussion, we reflect on our understanding
and potential impact of future integrated technology in elderly care environments.
Keywords Sensors · Data analysis · Elderly care · System design

1 Introduction
With a significant increase in the elderly population, nurses
are experiencing growing workloads and stress levels. The
profession is suffering from large turnover rates, leading to
an influx of new personnel [1]. This is problematic as the
newcomers often lack relevant patient information to ensure
satisfying continuity of care [2]. Furthermore, nurses have
a very mobile occupation; more than 50% of their time is
spent on the move [3]. In such a hectic environment, it is
challenging for nurses to remember all the details of their

patients [3]. Detecting small health or behavioural changes
among patients, potentially accumulating over the long term
into more serious conditions, can be difficult without the
appropriate tools [4].
A critical component of the nurses’ workday is a daily
meeting called ‘the handover’ [5]. In this meeting, essential
information of the day-to-day health of patients is transferred between staff members. However, this handover is
often done informally and inconsistently without a systematic approach [6].
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Eldery care providers are now adapting the use of technology to alleviate some of the aforementioned challenges.
For instance, systems which notify nurses on patient events
[7] can increase efficiency and better utilisation of resources.
Logging vital signs and automatically sharing the data with
various health instances can be simplified with wireless
sensor networks [8]. Also, location-aware fall detection [9]
can increase resident safety. Given the rapid innovation of
sensor hardware, network infrastructure and smart devices
over the past few years, ambient assisted living systems can
now prolong the time elderly live independently at home
[10]. However, there is still a scarcity of in-situ tools that
can support nurses’ daily tasks in a residential care environment [11, 12]. The majority of previous work has focused on
supporting independent living. In this paper, we explore how
we can integrate a context-aware sensor system (CARE) in
a nursing home and what the benefits are. The contribution
of our work is three-fold:
• We integrate all components of CARE in a collaborating

nursing home and demonstrate how to enable pervasive
sensing without interfering residents or nurses.
• We conduct a 2-month user study to evaluate the benefits
of CARE and improve our understanding of the sociocultural context in the nursing home.
• We discuss how technology can empower nurses and
improve the care service.

2 Related work
2.1 Elderly care
Global life expectancy has risen in the past decades, resulting in a worldwide growing demand on countries’ healthcare
systems [13]. One in five Americans is calculated to be 65
years or older by 2030. The old-age dependency ratio is projected to steadily increase in the coming years [14]. Public
long-term care expenditures for Organisation for European
Economic Co-operation countries averaged 1.4% of gross
domestic product in 2009, a number expected to at least
double by 2050 [15]. According to a report commissioned by
the World Health Organization, there will be a lack of 12.9
million healthcare workers by 2035 and the current shortage is already mounting to 7.2 million [16]. The report also
highlights innovative technology as a promising solution
to these challenges. As the burden on staff in elderly care
increases (e.g., higher workload, stress), work satisfaction
declines which lead to occupational burnout [17]. This is a
major cause for the high turnover rates in elderly care. Since
the nursing homes experience a shortage of workers, there is
an influx of new temporary staff (e.g., rotating nurses, students). These nurses usually lack important patient-specific
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information and experience, which lowers the quality of the
healthcare service [18].
An estimated 20% of old adults receive care at an institution, while 30% receives care at home in European countries
[19, 20]. The amount of consumers in both care contexts
(i.e., home and institution) is expected to surge, and it is vital
to developed solutions for each. Elderly care is especially
demanding given the wide range of severe health issues that
patients struggle with.

2.2 Nurse workflow
A considerable effort is made by healthcare providers to
acquire new Information and Communication Technology
(ICT) to assist their personnel. Yet, a majority of ICT implementations fail due to end-user resistance caused by unrealistic expectations and improper training [21]. To examine the
workflow of nurses, their activity and location were recorded
using direct observation in an extensive study [22]. Several
of the daily tasks could be characterised as frequent and
short. Furthermore, this type of work environment inhibited critical thinking and care planning. An investigation
of workflows in social organisations (e.g., care centres,
hospitals) indicate that they are nonlinear and this must be
accounted for in the design of new technology [23].
In the dynamic medical environment healthcare personnel often utilise workarounds or shortcuts (e.g., patient A
falls, so check-up on patient B is postponed). There is a
need for technological artefacts that can assist the user to
plan the care in these situations [24]. A reoccurring practice
in nursing homes is the handover, defined as: “Transfer of
professional responsibility and accountability for some or
all aspects of care for a patient, or groups of patients, to
another person or professional group on a temporary or
permanent basis” [25]. Handovers in elderly care have been
described as high-speed, cryptic and challenging for new
personnel [26]. They directly impact patients’ safety as crucial information is discussed and shared during the meeting
(e.g., a patient has not received medication). The handover
is considered a priority by the world health organization
and is included in the High 5s [27] - a project intending to
reduce the magnitude of five key patient safety challenges
worldwide.

2.3 Elderly care technology
The imminent burden of an aging population is driving
researchers to focus on innovation and development of technology for elderly care. Consequently, a variety of valuable
applications that can aid patients or nurses have started to
emerge. For instance, sensors embedded in everyday objects
can detect when old adults fall, which is a likely cause of
death [28]. Hsu et al. [29] developed a clustering model for
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detecting abnormal behaviour (e.g., not eating, not using
toilet, lack of movement) using data from Radio-Frequency
Identification (RFID) tags. When outliers are identified,
nurses or family members can be warned and asked to inspect
the elderly. Quantifying nurses’ activity and behaviour can
help management understand their workflow and find areas
of improvement such as inefficient task flow [30]. Data from
smart devices can be analysed and used to empower a multitude of personal health applications or third-party monitoring
services [31]. SensCare [32] is a system that measures the
elderly users’ activities (e.g., exercise, sleep, eating) using a
smartphone and generate daily summaries. As old adults can
have a limited ability to quantify their own life, this information can be used by nurses for accurate health interpretations.
ICT in elderly care has the potential to reduce operational
costs [33], for instance through telehealth which can lower
hospital visits, care time and improve care quality for old
adults living independently [34].
However, these types of system may not be suitable for
nursing homes which always have nurses available around
the clock. In this article, we mainly focus on assistive tools
for nurses in nursing homes, which increases context-awareness using sensor data. The limited body of work which
exists for this research scope includes systems for nurse notification [35], activity monitoring [30, 36], vital sign monitoring [8], fall detection [9] and wellbeing tracking [37].
Most of these systems focus on a specific use case (e.g.,
fall detection, measuring activity), with many conceptual
features and evaluations are limited to controlled studies.

3 Preliminary work
The system we integrate into the nursing home and evaluate in this paper builds on previous work conducted in
the CARE research project. In this section, we summarise
three components that have previously been completed.
These are relevant and will help to contextualise the work
in this article.
1

2

Care metrics: To inform the nurses on patients’ needs,
we first had to establish what information was useful
to the nurses. Through a 5-day long study in a nursing home, we established 18 care metrics which can be
defined as: “a unit of information that may be measured
and observed as part of the elderly care work practices”
[38].
CARE app: We designed an Android app which could
communicate the care metrics to nurses Fig. 1. The main
view contains a list of all the patients with up to four
care metrics that require attention (e.g., low activity, bad
mood). A resident can be pressed to view more details
on medical status (health record, allergies etc.), family
members (name, call and text functionality), personality (likes, dislikes etc.) and health history (long term
graph representations of care metrics). The app also has
a handover mode which can be used during the daily
meeting. It loops through each resident while displaying relevant data summaries and enables the nurses to

Fig. 1  User Interface of CARE application: Left: Overview of residents’ status and care needs. Middle: Information about a resident’s medical
background. Right: Historical overview of a resident’s sensor data
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3

input an assessment for health, appetite, and mood on a
5-point Likert scale [38].
Hardware: The next step was to design the outline of the
system that would collect sensor data on the care metrics
(e.g., required hardware, interconnections). The nursing home wanted to maintain a home-like setting, so we
selected devices which integrated into the environment
without being invasive [39].

4 Integration
In this section, we start by describing the data management
framework and how it interconnects all components of
CARE. Following, we expose how the system is integrated
into the nursing home. Lastly, we introduce and explain the
details regarding the 2-month user study of CARE.

4.1 Data management framework
The data management framework was created to facilitate
data synchronisation, storage, processing, analysis, visualisation and monitoring. As observed in Fig. 2, the sensors
reside at the lowest level. They are responsible for capturing data (e.g., Received Signal Strength Indicator (RSSI),
accelerometer) on context changes from nurses, residents,
beds, and the general ambience. This data is broadcasted
using Bluetooth Low Energy (BLE) to all nearby devices
using secure Universally Unique Identifier (UUID) [40].
The Remix Mini (Android PC) devices in the facility are
all running a custom Android app, distinct from the tablet
app which is used by the nurses (described in section 3). It
was created using AWARE, a mobile instrumentation framework for collecting and storing sensor data [41]. The app is
a plugin of AWARE, which allows it to run continuously in
the background (e.g., it is not killed by operating system for
battery saving purposes). The Estimote Software Development Kit (SDK) (authenticated with the Estimote cloud) [42]
is integrated with the plugin, enabling it to parse BLE packets from the sensors. The data is first stored locally on the
Remix Minis and periodically batch inserted (10K records
per batch, at 30-minute intervals) to a MySQL server running on an Amazon Web Service (AWS) server.
The data preprocessing and analytics is done through R
scripts executed on an AWS server. Daily at 10:00, the R
scripts calculate summaries (visualised as metrics in the tablet app) using subsections of the data from the previous day
previous day and night (24 hours. 06:30 - 06:29). As various
infrastructure problems might arise (e.g., WiFi unavailable,
syncing crashes) the execution time of the R scripts are set
to 3 hours and 30 minutes after the data collection interval
for the current day has ended. This allows any Remix Mini
which is lagging behind on the sync schedule to recover. It
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is important that the summaries are calculated using all of
the available data to obtain the best possible accuracy. The
specific methods utilised to generate the summaries (e.g.,
algorithms and machine learning approaches) are discussed
in the results section, where we take a closer look at the data.
The summaries generated and the data input from nurses
utilising the handover functionality (i.e., ranking health,
appetite, and mood on a 5-point Likert scale), are stored in
the MySQL server on a per resident basis. If the summary
or ranking is below a pre-defined threshold, this information
is synced to the tablet app and visualised as a care metric.
Summaries for sleep, activity, and socialising are synced to
the tablet app regardless of their value, as they are shown
in the health history graphs. With the number of devices
used in our study, we needed an effortless way to ensure that
each device was operational (e.g., powered, connected to
Wi-Fi, broadcasting, receiving). Consequently, we designed
a Shiny [43] dashboard that provided the researchers with a
simple visual overview of the last sync time and transmission details for each unit. Furthermore, we integrated the R
scripts with Slack [44] to monitor the veracity of the daily
summaries (e.g., model performance, services running).

4.2 Setup
The elderly care facility is roughly 440 square meters and
houses 15 residents. An overview of the left housing unit
and the common area can be seen in Fig. 3.
As we only had 14 Remix Minis available Fig. 4, we distributed them throughout the building to maximise the sampling coverage. This required some of them to be positioned
in resident rooms. Each resident bed was equipped with a
Sticker Sensor and most rooms were also equipped with a
Beacon Sensor Fig. 4. We had to omit installing hardware
in some resident rooms, as certain residents were prone to
moving objects or tearing them down. The Wi-Fi network
already available in the building was too unreliable, forcing
us to install three 4G routers and four Access Point (AP)
extenders to ensure continuous data syncing from the Remix
Minis.
Each unit was configured with the appropriate settings
(e.g., sampling frequency, broadcasting power, packet
configuration). We had conducted several iterations of
coding and testing of the software running on the Remix
Minis. The virtual IDs and physical labels of the devices
were stored in a reference sheet, allowing us to associate incoming data with a specific device. An overview of
the bed, resident, and nurse sensors can be seen in Fig. 5,
along with examples of how they were positioned on the
residents. The sensors were predominately attached to
the residents’ shoes, but under some circumstances it was
affixed to their wheelchair or walking stick if the user regularly relied on these assistive devices. We also provided
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Fig. 2  Overview of the CARE data management framework
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Fig. 3  Overview of one housing
unit (left of dashed line), lounge
area (top of dashed line) and
kitchen (bottom of dashed line).
Example hardware positions are
marked in red

the nurses with a Samsung Galaxy Tab A6 to run the app.
The monitoring functionality of CARE was used to detect
if a device was erroneous (e.g., disconnected, out of battery, lost), upon which immediate measures were taken to
resolve the problem.

4.3 User study
Following the successful integration of the sensor infrastructure, we started the 2-month user study with 14 residents
and 17 nurses. The management of the nursing home had
been involved with the CARE project from the start and was
informed of all the details when authorising the user study.
An information campaign was conducted to inform all other
parties (i.e., nurses, relatives) with regards to the purpose
and scope of the project. Participation was optional and residents had to give their consent for wearing the sensor, as it
was essential to respect their privacy and rights. The nurses
were informed on the necessity of keeping sensor attached

Fig. 4  Left: Overview of Remix
Minis and Beacon Sensors.
Each device is labelled with a
unique number depending on its
position. Right: Example position of aforementioned devices
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to both residents and themselves at all times. In addition,
we instructed nurses to pick a sensor from the RF blocking
bag upon arrival and return it when leaving the facility. The
Radio Frequency (RF) blocking bag ensures that data from
unused nurse sensors will not reach a receiver.
We did not track individual nurses (i.e., give a unique
sensor to each one) to maintain anonymity and simplify the
monitoring of sensors. Given the relatively high number of
nurses, it would be challenging to verify if a sensor was
dead or the user simply had not been to work lately (i.e.,
no data activity). During the first month, we only collected
data to test models, define thresholds for when care metrics
should be shown and ensure that the app was fully integrated
with the backend. When the second month commenced, we
introduced the app to the nurses and asked them to use it as a
tool in their work for the coming month (e.g., check for resident information when necessary, use during handover). The
nurses were also responsible for inputting resident-related
information to the relevant sections in the application.

Health and Technology

Fig. 5  Left: Overview of bed sensors (top left), resident sensor pouches (bottom), and nurse sensors pouches and RF blocking bag (top right).
Middle: Resident wearing sensor on foot. Right: Sensor placement on resident’s wheelchair

5 Results
In this section, we first present our post-hoc analysis of the
data collected from the 2-month user study. We selected
a few care metrics which was explored more in detail, to
understand the sociocultural context in the care centre. Following, we present the evaluation (i.e., questionnaires and
interviews) conducted with the nurses regarding the use of
CARE. The findings from the post hoc-analysis are also discussed with the nurses during the interviews.

5.1 Data analysis
The final dataset contained a total of 260 million rows from
all the sensors (resident, nurse, bed). Graphs presented in
this section are summaries of the two-month user study.
Depending on the specific analysis, we used a subset of
the following features. Timestamp is the time the packet
is received by the Remix Mini (identified with Device ID)
and Estimote ID is used to determine the unique sensors
sending the packet. The acceleration acting on the sensors
on each axis (X, Y and Z) and the RSSI is also included.
As the focus of this paper is on the context of nurses, the
elderly and their interactions, we only utilise data from the
wearable sensors (i.e., Estimote Stickers) and omit the use
of the Estimote Beacons data.
5.1.1 Proximity
We used the RSSI values from participants’ sensors to
determine their position throughout the facility. The nursing home was divided into 19 different geofences and we
collected labelled training data consisting of RSSI values
from each one. This produced a data frame with 15 features (RSSI-Remix1, RSSI-Remix2, … RSSI-Remix14,

Geofence) and 1900 training observations (100 for each
geofence) after filtering. This data frame was used to
train a Random Forest classifier with 10-fold cross-validation and the performance is summarised in Table 1.
Proximity is defined as being in the same geofence in
our work. The data used in this section is collected from
when the residents get up (06:30) until bedtime (20:30).
5.1.1.1 Nurse In Fig. 6. we can observe the proximity to a
nurse averaged for all the residents, for a specific time interval.
The graph enables an overview of which hours the residents
are more exposed to themselves and when the nurses are close
by. Between 12:30 and 13:30 the daily handover takes place
and this is reflected in the low proximity to a nurse (8%). In the
time intervals 09:30 - 11:30 and 15:30 - 16:30 the proximity
peaks at roughly 22%. This is likely due to meals being served
around these times. As a general trend, we notice that nurses
are frequently moving around, tending to one resident when
many others are left alone.
The average time residents spent in proximity to a
nurse did not change significantly between different
weekdays. Figure 7 illustrates the differences between
residents with regards to their proximity to a nurse. It is
evident that there is a considerable difference between
residents. While R12 and R13 are close to 24%, R2 is
only in proximity to a nurse for an average of 7.5% per
day. Essentially, this may indicate an imbalance in the
amount of care received per resident. This is supported

Table 1  Prediction accuracy of user location (geofence) using Random Forest
Algorithm

Accuracy

Precision

Recall

F1

RF

85.73

86.50

85.70

85.70
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Fig. 6  Average % time in proximity to a nurse per hour

by the statistically significant differences determined by
one-way Analysis of Variance (ANOVA) (F(14,778) =
21.13, p < 0.001).
5.1.1.2 Social The social adjacency matrix Fig. 8 is a
visualisation of much time a specific resident spends
around other residents. Residents with vertical and hori-

Fig. 7  Average % time in proximity to a nurse per resident
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zontal rows of dark tiles (e.g., R2, R14, R15) are likely
to be isolating themselves in their room. Residents who
are spending more times in public areas and around others are annotated with lighter colour ranges (e.g., R7,
R8, R12). Also, specific pairs of residents (e.g., R1-R8,
R7-R8, R14-R15) spend exceedingly more time around
each other.

Health and Technology

Fig. 8  Social adjacency matrix of residents. The colour scheme represents the level of socialising from dark blue (seldom social proximity) to
yellow (frequent social proximity)

5.1.2 Activity
To quantify participants amount of daily physical activity,
we used the Mean Amplitude Deviation (MAD) metric calculated from raw acceleration data. MAD is efficient for distinguishing light-intensity physical activity from sedentary
behaviour [45, 46]. The metric is device-independent, does
not require the data to be filtered in order to correct for gravity and it does not require sensor calibration. We calculated
the MAD metric, given in milligravitational (mg) units, on
2-minute epochs of acceleration data. A threshold of 16 mg

is used to distinguish between sedentary behaviour and lightintensity physical activity. Similarly, to the previous section,
the data interval used is from when the resident wakes up
(06:30) until bedtime (20:30).
Figure 9 presents the activity of each resident, while the
nurses’ values are averaged together. There is considerable
diversity in the residents’ activity levels and it ranges from
very high (R9, R12, R13), high (R3, R6), medium (R10,
R11) and low (R14, R15). We can observe that the nurses’
average activity is of greater magnitude compared to the
residents which indicate substantial physical movement.

Fig. 9  Activity per user
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The average nurse activity did not change significantly
between different weekdays. However, we did see a fluctuating trend from low activity (Wednesday, Saturday)
to high (Thursday, Sunday). Nurses spent the most time
in proximity to residents during the days with the lowest
activity.
5.1.3 In bed
The in-bed sensors enable us to capture data on how much
time the residents spend in bed. This can be used as a
means to recognise underlying health issues in residents,
as diseases generally impact sleep. The Sticker Sensor
was placed flat under the mattress topper, where it could
capture most of the bed orientation through the x and y
acceleration axis. In contrast to the previous two sections,
we rely on data from an entire day (06:30 - 06:29) for inbed analysis. The bed model fitted two k-means clusters
[47] to 5-minute epochs of unlabelled accelerometer data.
Subsequently, the Ashman’s D function from the R package modes [48] was used to check which dimension of the
sensor data was more clearly bimodal, corresponding to
the two states of the on/off bed detection. The cluster with
absolute values closer to 0 corresponded to the empty bed
class, and the resident on bed class consisted of the cluster
with larger absolute values. This simple device-independent classification algorithm enabled us to automatically
train a model for each bed without manually labelled data,
despite the differences in the beds, mattresses, sensor locations and orientations, as well as residents’ body weights
and sleeping habits.

Fig. 10  Boxplot of time spent in bed for four residents

13

In Fig. 10 we can examine the time in bed for a selection
of the residents. R3 has a substantial spread in the upper and
lower quartiles, which can indicate some fluctuating sleep
behaviour. R4 has the most consistent time measurements
with a median close to 10 hours. However, R4 also has a
few outliers that might signal an underlying issue these specific days. R7 spent more than 10 hours in bed for 75% of
the days, which is more than the other three participants. In
comparison, R11 spent less than 7.5 hours in bed for 50%
of the days and also has the upper quartile with the most
variation (from 9 to 16 hours).
5.1.4 Handover
The handover data was collected using manual input from
nurses during the daily meeting. Residents are assessed on
three criteria (appetite, health and mood) using a 5-point
Likert scale, as these are hard to measure with the use of
sensors. In Fig. 11 we can examine the result for each resident. The count of neutral values (acceptable) is distributed
evenly on both sides at x = 0. Any negative value (i.e., poor,
very poor) will grow the stacked bar chart in the left direction. Likewise, positive values (good, very good) will grow
the stacked bar chart in the right direction. We can use this
visualisation to identify unhealthy trends in residents’ longterm data. For example, R9 is exhibiting signs of illness as
the bars are skewed to the left. In contrast, there are residents
who seem to do well judging from the right-skewed bars
(R5, R7, R12). Some residents have predominantly adequate
ratings (R2, R11, R14), but should be monitored to see if
their condition worsens over time.

Health and Technology

Fig. 11  Visualisation of residents’ appetite, health and mood ranked on a 5-point Likert scale

5.2 Evaluation
To evaluate CARE, we conducted questionnaires and semistructured interviews with the nurses following the 2-month
deployment. This allowed us to understand how the nurses
experienced the systems, its benefits and how it integrated
with their workflow. A total of eight nurses (sex: 1 male, 7
females; ages: 26 - 56 years old, M = 33, SD = 10.96; work
experience: 5 - 28 years, M = 13, SD = 7.31; roles: 2 nurses,
6 practical nurses) participated in the evaluation.
5.2.1 Questionnaire
Elements in the questionnaire were adopted from a few
selected theories: Technology trusting disconfirmation
[49], Technology satisfaction, Usage continuance intention

and Usefulness [50]. These are all theories that have been
comprehensively tested in numerous fields and reveal paramount details regarding users’ expectations, trust, contentment and willingness for future use of an information system. The complete list of statements and ratings are shown
in Table 2. By inspecting the mean score, we see that all
conditions are rated above the median (4), except condition
5. While nurses did not think the app increase their performance (e.g., complete tasks faster), the ratings for condition 3, 6, and 8 indicate that they found value in using the
tool. Furthermore, the app received positive ratings for
its ability to identify long-term trends using the health
history tab (condition 7). Overall, the nurses were satisfied with their use of CARE (condition 2) and displayed
a strong willingness to continue using the system in the
future (condition 4). This indicates that the introduction of

Table 2  Questionnaire results from the CARE evaluation
#

Statement

Scale

Mean

SD

1

I would rate my level of experience with smartphone applications as

5.87

0.83

2

I am ______ with my use of CARE

4.87

0.99

3

The app has the functionality and features required for improving patient care

4.37

1.30

4
5
6
7
8

I intend to continue using CARE to access patient-related information after this study
Based on your experience with CARE: it improved my performance
Based on your experience with CARE: it was useful
I can identify long-term behavioural and health changes in patient
I am satisfied with the amount of available information describing patients’ context

(1) No experience –
(7) Extensive experience
(1) Extremely Dissatisfied –
(7) Extremely Satisfied
(1) Strongly Disagree –
(7) Strongly Agree
‘’
‘’
‘’
‘’
‘’

4.75
3.75
4.5
5.5
5

1.16
0.89
0.75
1.07
1.07
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the technology in the care facility succeeded and that user
acceptance was achieved among the users.
5.2.2 Interviews
We conducted semi-structured interviews with the nurses
to complement the quantitative data and present a more
comprehensive evaluation. Groups of 2-3 nurses were interviewed at a time to foster discussion amongst participants.
The questions were open-ended and probed the nurses on
the usage of CARE (i.e., usability, useful aspects, workflow
integration). We compressed the resulting set of data to components that related to the project scope. Then emerging
themes were established from this subset of qualitative information, which again were grouped by the most significant
common themes.
5.2.2.1 System usability Most aspects regarding the usability of the app had been addressed in the preliminary work.
We were still interested in how the nurses experienced it
throughout the study. The result was primarily in line with
previous findings.
“The app is easy to use, clear and simple. It was quick
to fill in the information and did not take unnecessary
time.”
As the system we developed proposes a completely new
way for the nurses to work, they expressed that it took some
time to consolidate a usage pattern.
“It was a bit difficult to always remember to have the
application (tablet) with us during the meeting and we
occasionally forgot it. We usually filled in the information later if this happened.”
The nurses stated that use of the system got better through
practice and gradually it became a greater part of their
routine.
“We did not find the experiment to be cumbersome, as
we were just required to remember to keep the sensors
with us. We did forget a few times in the beginning,
but after that it became almost automatic.”
We received positive feedback on the usage. As the study
progressed, nurses got a better understanding of CARE.
“I was really sceptical of the system, the sensors and
the information the application could provide us at
first. But this experiment and its results have been a
very positive surprise for me.”
5.2.2.2 Technology adoption An important aspect related
to introducing new technology in a healthcare environment
is how the users incorporate it into their daily work. Namely,
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we were interested in how nurses would adopt the use of the
app. Nurses confirmed that the handover functionality was
utilised on a frequent basis as intended.
“Logging the information during the handover, as a
group, facilitated a detailed assessment.”
We were also interested in other use cases in which the
app could provide value. Through discussions with the
participants, we discovered that they appreciated how the
app acted as a hub of information.
“It is really useful to share this information if someone has been sick or can not make it to the meeting.
Also, if we were unable to distribute resident-related
information with other nurses, they can find it in the
app.”
We noted one specific use case for the longitudinal data
described by a nurse.
“I reviewed the patient health history data when returning from a few days break. This allowed me to detect
potential issues that I could ask colleagues to clarify.”
A nurse also mentioned how CARE might introduce new
ways of working in a preventive and data-driven manner.
“We could examine plots to detect changes or consult
them when some new behaviour has been detected in
the patient.”
5.2.2.3 Patient awareness A fundamental part of CARE
is increasing nurses’ awareness to residents’ needs. For
example, by exposing an uneven level of care received by
residents. The nurses were not aware that such an issue was
present in the care facility.
“We do not quantify how much time we spend with the
residents and it is difficult to assess without the use of
any tool. Some of the aspects related to time spent with
each resident were quite surprising, especially how little time we ended up spending with the residents who
mostly stay in their rooms.”
The nurses reflected on these results, and also debated
whether they should change their workflow to increase the
time they spend around more passive residents.
“We do spend very little time with some of the residents, which was surprising. We probably should do
more than just the bare essentials with some of them.”
The data gathered from the handover sessions also provided insights into how the residents were doing on a dayto-day basis.
“I found it very interesting to see how appetite, health
and mood fluctuated at different days.”

Health and Technology

We also received feedback on how gradual and long-term
changes in resident behaviour would be easier to notice with
CARE’s health history data.
“If a patient’s mood starts to change slowly and gradually over a long period, it could be hard or impossible to register without this type of tool.”

6 Discussion
6.1 Designing CARE
Previous systems which target independent living have
functionality that can be superfluous (e.g., telehealth,
assisted living) in a nursing home [34]. Also, the limited
body of work which exists for assistive sensor systems in
nursing homes indicate a need for a tool that has a more
extensive range of utility [8, 9, 30, 35–37]. When developing CARE, we specifically focused on addressing these
concerns and integrate a multitude of services that can
support caregiving. Hence, it was essential to sense the
context of both nurses and residents to understand their
interactions, instead of selecting one [29, 30].
CARE was designed to be non-obtrusive and follow
the vision of creating a familiar and home-like living
space for the residents, in contrast to a hospital setting.
This involves not placing invasive technology (e.g., large
and obtrusive sensors) on either the resident or nursing staff. We decided against using a hand-worn sensor to measure biosignals (e.g., heart rate, galvanic skin
response, body temperature), as it would enforce additional tasks upon the staff. The device would have to be
recharged every two-days and it might upset the residents
to have it placed on their wrist. The smartphone is also
a popular and powerful tool to monitor human activity
[31]. Personal healthcare applications running on smartphones can track important and useful data for health
diagnostics [32]. We explored this option, but the form
factor of smart devices is not suitable for our utilisation
(e.g., large, fragile, costly). CARE mainly consists of
units with low cost, minimal maintenance requirements
(durable sensors, long battery lifetime) and small form
factor. This is to avoid the infrastructure from interfering
with the nurses’ workflow.
The mobile CARE app acts as an interface between the
sensor data collected and the nurses. It can be accessed insitu when required, in comparison to the existing PC-based
information system which was described as inconvenient and
uninformative. It is intended to be easy to use and the goal
is to enable a better care service by raising awareness to the
daily and long-term needs of the elderly. As we occasionally
experienced some issues with the hardware infrastructure

(e.g., data not syncing, Wi-Fi down), the monitoring dashboard was useful to detect these events and allowed us to
promptly solve the issue.

6.2 Quantified care
Big data analytics is a valuable resource for nurses, as it
empowers them with vital patient insights from vast data
sources [51]. Similarly, CARE utilises a plethora of wellbeing metrics (e.g., activity, time in bed, social and nurse proximity) to inform the nurses on the status of patients. Both
daily and long-term summaries are visualised, so dangerous
trends can be identified and prevented. The proximity data
was used to estimate the level of personal care and attention
a patient is receiving. While a nurse is not always actively
caring for a patient located in the same geofence (e.g., tending to other patients), they can quickly intervene when an
event occurs (e.g., patient falls) and stay more aware of their
needs. The activity measurements can be used to determine
if patients get enough physical exercise. The data can also
reveal the healthier and independent individuals. Analysing
nurses’ activity can indicate the workload they experience,
as their tasks require a high level of mobility and are physically demanding. Also, the in-bed and handover assessments
can expose underlying health issues experienced by patients.
The data analysis uncovered interesting trends in the sociocultural context, such as an uneven distribution of care.
CARE received positive feedback for its ability to enable
evidence-based care. The nurses expressed that some aspects
of the care context (e.g., patient not socialising, health
declining) were almost impossible notice on a day-to-day
basis without the health history graphs. The nurses also
wanted to improve their workflow based on the new information they were empowered with. In future nursing homes, we
could standardise thresholds for the various care metrics, to
ensure a high level of care across different care institutions.

6.3 Assisting nursing workflow
The increasing demand for elderly care services causes
an exhausting work environment and high turnover rates
[1]. During the time we spent at the nursing home, we
witnessed an influx of new personnel who are not familiar with the residents or their needs. Nurses are therefore
required to spend a considerable amount of time instructing and informing newcomers, resulting in less time for
caregiving. This need is not exclusive to newcomers;
regular staff also needs quick and effortless day-to-day
resident information. Checking an (inconveniently placed)
computer for medication and medical notes is a breakdown (i.e., interruption) to their workflow. As CARE automatically senses residents’ contextual data over extended
periods, nurses are provided with a historical overview
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of residents’ status. CARE also include qualitative data
(e.g., resident background, likes, dislikes) and can be an
invaluable tool to speedily consult information for learning, planning and decision making. We observed a need for
an accurate in-situ method for medication identification,
but we did not have time to implement this functionality. While ICT have several benefits in a medical context,
many implementations fail [21]. A common reason for
low adoption rates is nurses’ critique against changes in
established workflow (e.g., cumbersome use, additional
labour). We utilise a user-driven methodology in the
design of CARE, to complement the current workflow and
not replace it. Using the app is optional and a majority of
the available information is automatically collected.
Nurses’ assignments are often brief, required substantial mobility and the order change unexpectedly due
to evolving temporal and spatial context [23]. Consequently, analytical thinking, decision making and sharing
of information can be impaired in such a hectic environment, leading to a decline in the care quality. We
designed CARE to empower nurses with the data that is
otherwise lost, to help alleviate these issues and maintain an overview of residents’ needs. For instance, the
handover mode enables a structured agenda and in-depth
resident data for this critical daily event. Trends over
time can be visually inspected and discussed amongst the
meeting members, to predict future illness and to reflect
on previous situations. The nurses seemed to implement
the app as a part of their workflow and the positive ratings from the questionnaire indicated a willingness for
future use of CARE.

7 Limitations
We based our system requirements on one nursing home.
While this nursing home is a part of a larger care foundation which shares care practices, it would be interesting to
investigate the work environment in multiple facilities. We
must acknowledge that our data collection is not perfect.
External factors such as interference, absorption, and diffraction impact radio signals, resulting in varying RSSI.
This is reflected in the accuracy of geofence prediction
with RF. This could be improved by increasing the transmitting power of the sensors (also causing a higher battery drain) and install more Remix Minis (receivers). We
did not pursue any of the two alternatives, as acquiring
more hardware would lead to increased project costs. Also,
the resident had different types of beds (e.g., motorised,
air loss mattress) which at times led to noisy data. We
did not have complete datasets for each user during a day
(i.e., gaps exist in data collection lasting from seconds to
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minutes). This is caused by different factors. For instance,
BLE undirected advertising does not implement retransmission, and packets containing errors are dropped [52].
Additionally, certain areas of the facility had worse coverage depending on how close the nearest Remix Mini was.
Therefore, we choose to report the percentage of total time
available in some of the data analysis graphs rather than
an exact 24-hour scale.

8 Conclusion
In this work we have presented CARE, a context-aware
tool for nurses in nursing homes. The system incorporates a sensor infrastructure which measures residents’
and nurses’ behaviour and a data management platform
which generates analytical insights. Nurses can access
this data, other qualitative resident information and functions that support their work through an Android app.
The primary objective of CARE is to increase awareness to residents’ needs, enabling informed decision
making and an enhanced care service. We evaluated our
system in a 2-month long user study at a local nursing
home. The result indicates that CARE can improve the
care service and reveal important insights on the health
and care received by the elderly residents. The system
also received positive feedback from questionnaires and
interviews conducted with nurses, which implies that the
nurses would like to continue using the system.
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