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Abstract
The unprecedented rise in the population of older adults and the number of seniors living with and managing chronic conditions
are straining our institutional health care systems leading to reduced care quality and unmanageable cost increases. At the same
time, an overwhelming majority of older adults express a strong desire to age in place in their communities. Ambient home
sensing presents an opportunity to reduce healthcare costs by facilitating older adults’ ability to age-in-place in more familiar, less
restrictive, and less expensive environments. Further, ambient home sensing tools have the potential to extend the health care
work force and enhance health care quality/outcomes by facilitating remote patient monitoring as well as early intervention and
prevention against adverse events – all while catering to older adults’ preference to live at home. Despite their potential, there is
limited research at present about the benefits of ambient sensing systems installed in private homes, and older adults’ response to
them. This paper describes a pilot ambient home sensing project, HomeSense, actively deployed in the homes of older adults
residing in The Villages, Florida.
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1 Introduction

1.1 Scope of the problem

The growth in the number and proportion of older adults is
unprecedented in the history of the United States [1] and the
world [2]. According to the United Nations [3], the population
of adults over the age of 60 has quadrupled from 205 million

in 1950 to almost 810 million in 2012 worldwide. This seg-
ment of the population is expected to double in size again -
reaching 2 billion persons (more than 20% of the world’s pop-
ulation) by 2050. In the US, the growth of older adults has kept
pace with worldwide trends. Domestically, when the last baby
boomer turns 65 in 2030, nearly 1 in every 5 Americans will be
an older adult; and by 2050, more than 89 million Americans
will be age 65 and older – double the number in 2010 - and
almost 1/2 of these persons (more than 40 million people) will
have reached the age of 75 or above [1].

While seniors experience an unparalleled population
boom, growth in younger cohorts is not matched. At the same
time that the number of older adults (people 65+) is rising, the
ratio of working age adults (people aged 15–64 years) to
adults age 65 and older is expected to decline from 4.3 to
2.5 [4] resulting in a corresponding decline in the caregiver
support ratio (the number of potential caregivers aged 45–64
for each person age 80 and older). As a result, this ratio is
projected to fall from 7:1 in 2010 to 4:1 in 2030 and 3:1 by
2050 [5].

As people live longer, the prevalence of chronic conditions
is also on the rise. At present, 70 million older adults are
suffering from one chronic condition, and 2/3 of adults over
the age of 65 are suffering from 2 or more [6]. Chronic
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diseases result in a host of negative health consequences.
People living with one or more chronic diseases often experi-
ence diminished quality of life, generally reflected by a long
period of decline and disability associated with their chronic
illness [7]. Chronic diseases affect a person’s ability to per-
form important and essential activities such as activities of
daily living (ADLs)–e.g. engaging in personal hygiene–and
instrumental ADLs (IADLs)–e.g. shopping or managing fi-
nances, and lead to reduced social engagement, feelings of
depression, and institutionalization [8–12]. The nation’s ex-
penditures for health care are already among the highest in
developed countries. These costs are expected to increase by
55% over the next 10 years as chronic diseases affect growing
numbers of older adults [13]. Today, more than 2/3 of health
care costs expended go to treating chronic illnesses, and in
older adults, chronic disease treatment accounts for 95% of
health care expenditures [14].

The rises in projected health care costs are unsustainable
and call for improving the ways in which we detect and man-
age health [15]. Additionally, institutional health care systems
are poorly prepared to meet the needs of the growing number
of seniors, who have expressed a strong desire to “age in
place” in their communities [16]. The CDC [17] has defined
aging in place as “The ability to live in one’s own home and
community safely, independently, and comfortably, regardless
of age, income or ability level.” Aging in place offers signif-
icant benefits including reduction in health care costs through
avoidance of institutionalization [18], improving quality of
life [19], increasing independence [20], expanding/
maintaining social networks [21], and reducing risks for cog-
nitive decline and adverse mental health [22].

Despite its considerable benefits, aging in place is not with-
out risks. Without appropriate observation and supports, older
adults may suffer negative consequences. Difficulties with
home health or self-care tasks that go unrecognized and/or
undetected can result in challenges with treatment plan com-
pliance, risk for accident and injury, adverse health outcomes,
increased morbidities and even death [23, 24]. Older adults
living with multiple chronic conditions, living in rural envi-
ronments and/or living alone are particularly vulnerable.

1.2 Smart homes to facilitate aging in place

Recently, ambient-assisted smart homes — residences
equipped with ambient sensors and computing technologies
that monitor the activities and well-being of occupants in their
homes — are increasingly seen as facilitating innovative and
supportive environments for enabling the healthy, safe, and
independent aging plan desired by older adults [17, 24–34].
Technologies such as these offer a way to reduce healthcare
costs by facilitating older adults’ ability to age safely at home
in less restrictive, less expensive environments. Smart homes
can facilitate health and self-care activities by connecting

older adults with primary and specialty health care providers,
formal home health services, and informal caregivers, to fa-
cilitate early interventions and preventions for adverse health
events, supporting effective long-termmanagement of chronic
conditions while aging in place. These technological solutions
can also provide an additional layer of safety by continuously
monitoring for life and health threatening situations – in effect,
extending the health care workforce.

Domestically, programs such as the MAVHome at the
University of Texas Arlington [35], The Aware Home at the
Georgia Institute of Technology [36] and the Gator Tech
Smart House at the University of Florida [37] have historically
served as single-home-test-bed style environments.
Internationally, the U-Health smart home project at
POSTECH [38–40] integrates information from small sized
medical body sensors [41] with other ambient sensors to assist
older adults in their homes. Other programs including The
Place Lab at the Massachusetts Institute of Technology [42],
The Tiger Place project at the University of Missouri-
Columbia [43], the CASAS Smart Homes project at
Washington State University [44] and the ORCATECH pro-
ject of the Oregon Health and Science University [45] repre-
sent multi-unit smart home projects that are testing a variety of
devices such as motion, floor, gait, bed, appliance, tempera-
ture, luminance, wearables, smartphone, web-portals, signal-
ing devices, task aids and other smart/connected devices as a
means to impact health and well-being across varying pro-
gram targets. Despite their potential, understanding of the ben-
efits of ambient home sensing and/or smart home systems on
aging and health is limited and is still in infancy. To date,
many projects are focused on limited user groups (i.e. persons
with dementia), institutional settings (i.e. nursing homes), lim-
ited sensor types (i.e. contact and/or motion sensors) and/or
are narrow in the scope of behaviors they monitor/target (i.e.
gait, falls). Further, ability to perform long term health trend
analyses, detect anomalies and generate alert signals in an
emergency remains limited.

1.3 Specific aim

This paper will expand on the field of what is known about
ambient-assisted smart homes for older adults by describing a
novel and comprehensive ambient home-sensing platform,
HomeSense, currently deployed in the homes of community
residing older adults in The Villages, Florida.

2 HomeSense: Ambient sensing platform
for health monitoring

HomeSense is an ambient health and wellness monitoring
platform for community dwelling older adults living indepen-
dently in their own home. It was developed by researchers in
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the CREATE Health Research Collaborative at the University
of South Florida. Since its inception in the field in 2016,
HomeSense has had 21 installations and collected more than
10 million hours of sensor data, with an average of 6500
sensor events per day per installation.

HomeSense supports healthy living for older adults who
wish to “age in place” in their own home through: 1) daily
activity visualization (i.e. the ability to see an older adult move
about their home in real/near-real time) and summary visual-
ization of activity trends over time (i.e. the ability to see and
compare hygiene activities, sleep, or time spent outside the
home at present, to levels yesterday, a week ago, a month
ago) or 3 months ago; 2) periodic reporting for case manage-
ment; 3) custom real-time notifications of behaviors that may
signal adverse events (i.e. increased bathroom usage that may
be an early indicator of a urinary tract infection); and 4) ad-
vanced analytics that allow us to examine long-term health
and behavior trends that may signal system deficits, changes
in habits, and/or risk or resilience over time.

In the rest of this section, we outline the system design
philosophy and development, community testbed and partici-
pant recruitment, and capabilities and services of HomeSense
that enable its use in basic and applied research in ambient
health and wellness monitoring.

2.1 Early system design and development

Under supervision of the USF Institutional Board (PRO
00020982), HomeSense was developed in 4 phases. Using a
community-based participatory research (CBPR) approach
[46], Phase I involved targeted focus groups and one-on-one
discussion with key informants (N = 68) such as older adults,
family members (i.e. adult children and spouses), providers
(i.e. primary and specialty care physicians, home health ser-
vice agencies), informal caregivers, members of senior advo-
cacy groups, and payers around system needs, preferences,
and abilities in utilizing an ambient sensing platform to im-
prove health and wellness for community residing seniors.
The salient themes from these discussions clearly indicated
that older adults are not open to the use of cameras and mi-
crophones as sensing/monitoring in their homes. A small
number of participants (N = 4) — primarily adult children
and care providers — also indicated concerns regarding data
security. Overwhelmingly, the majority (N = 66) of all key
informants in all classes preferred “passive” monitoring tech-
nologies which did not require interaction over “active-sens-
ing” where participants would be required to wear or
maintain/charge devices, expressing that passive technologies
were less intrusive and likely to yield more consistent and
robust results over time.

Informed by Phase I, Phase II involved the identification of
activities of daily living and home-based behaviors that: 1)
aligned with onset and progression of chronic conditions such

as depression and heart disease that impacted older adults in
late life; 2) could signal risk for adverse events such falls or
social isolation; and 3) could signal resilience and/or protec-
tion from adverse events or disease progression.

Building on information learned in Phase I and II of the
project, Phase III involved development and testing of the am-
bient sensing platform in a simulated home environment.
Known as the “Living Lab” and supported through space do-
nation of The Concordia Village in Tampa, CREATE Health
maintains a senior living apartment within Concordia’s senior-
focused residential housing complex in Tampa Bay. This facil-
ity includes a variety of housing options such as independent
living apartments, short-stay rehab beds, assisted living, long-
term nursing care and a specialized memory care unit.
Comprised of a four-room apartment (one bedroom, one bath-
room, living room and kitchen) the Living Lab serves as a test-
bed for technologies developed by CREATE Health prior to
field use/deployment. In the first step of Phase III of the
HomeSense project, example open/close (magnetic contact)
sensors, passive infrared motion sensors, energy sensors, pres-
sure sensors, water sensors and environmental sensors from a
variety of manufactures were tested to identify devices that
were most effective and reliable in capturing information relat-
ed to the health and behavior domains identified as important in
Phases I and II of the project (i.e. bathing and hygiene, feeding
and nutrition, general routine, treatment plan compliance, social
connectedness, sedentary behavior and sleep, toileting and TV
use). Once complete, in Step 2, the long-term operation and
functionality of the HomeSense systemwere tested and validat-
ed by a member of the research team who resided in the Living
Lab full time for 8 weeks to ensure the system accurately de-
tected the physical state of the living environment and correctly
reflected activities of an occupant. Finally, in Step 3, seniors
were invited to interact with the HomeSense system in the
Living Lab environment and additional refinements to system
function, layout, outcomes and visualizations were made based
on their suggestions and feedback. In Phase IV, the fully devel-
oped HomeSense platform was deployed in the homes of older
adults residing in The Villages.

2.2 Community test bed and participant recruitment

Core to understanding the factors for successful aging is the
capacity to conduct pilot trials of novel interventions as well
as large-scale, population studies in environments focused on
the needs of aging populations. Located in central Florida, The
Villages is an engaged community, focused on the needs of
aging populations. To this end, USF’s CREATE Health lab
and The Villages have developed a unique partnership over
the past 6 years, based upon a mutually recognized goal of
improved health for The Villages and the advancement of
knowledge about successful aging. In only 30 years, The
Villages has become the largest planned older-adult

1293Health Technol. (2020) 10:1291–1309



community in the U.S. The Villages is home to more than
120,000 residents over the age of 55 and supports active life-
styles through more than 3000 resident clubs and 800 daily
recreational activities. The Villages comprises a well-defined
and socially cohesive population, representing older-adults
from all 50 states and 14 different countries. Its neighborhood
characteristics foster an environment rich with opportunity for
social cohesion and social connectedness, while promoting
successful aging and improved quality of life among its resi-
dents. While many residents report they are happier and more
active than other U.S. communities, they share similar health
challenges and medical conditions as all aging adults includ-
ing cardiac and respiratory diseases, cancer and diabetes. The
average Hierarchal Condition Category (HCC) prospective
risk scores which reflect population health risk/likelihood of
needing care for Medicare beneficiaries in Lake (0.97),
Marion (0.98) and Sumter (0.92) counties (which comprise
The Villages community) closely mirror the national average
(1.00) [47] and given the similarities between The Villages
residents and national samples, demonstrate that what is
learned here has application for other communities.

Researchers from The CREATE Health lab have had a
long-standing relationship with The Villages community
that has included the provision of health education events
and prior research collaborations [48–50]. These collabo-
rations have resulted in the accumulation of a test-bank
containing self-reported general health, demographic and
contact information for more than 10,000 older adults.
These individuals also expressly consented to being
approached regarding participation in future studies exam-
ining health and wellness issues. Participants likely to
meet the study’s eligibility criteria (community dwelling,
single adults over the age of 55 who speak English, and
live in a pet free home that has internet access within The
Villages, Florida were selected at random from amongst
test-bank enrollees. They were initially contacted by
phone about potential study participation. During this
screening call, study aims and requirements were ex-
plained to participants, eligibility/enrollment criteria were
tentatively verified, and an appointment was set for an in-
home visit. During the in-home visit, study goals and
needs were recapped, cognitive ability to make decisions
was verified by a score of 24 or more on the Mini Mental
Status Examination (a standardized survey for the mea-
surement of cognitive health [51]), and informed consent
was obtained.

In the 3 years since project inception, 21 older adults in
single-resident homes have participated in the study, with 9
participants currently engaged. Study participation includes
the completion of a comprehensive health assessment at en-
rollment, a willingness to have the passive home sensing sys-
tem installed, and engagement in biweekly telephone screen-
ings that collect on-going information about health using

standardized assessment tools. Study participation is consid-
ered complete at 6 months of engagement, a target that has
been reached by 19 of the participants (2 exited the study early
as a result of relocation). Due to its varied benefits, many
participants choose to continue with the study beyond the
initial 6-month enrollment period and retained the sensor sys-
tem in their homes even after the enrollment period. In total 15
participants have crossed the 1-year threshold, 7 have been
with program 18 months or longer and 4 have stayed with
the study since inception, providing 3 years of continuous
home-based behavior data.

Demographics for study participants are shown in Table 1.
Study participants range in age from 68 to 89 years, with a
mean age at study start of 75.6 years. Six of the 21 participants
are male, and 15 are female. Clinical characteristics for the
sample are reported in Table 2. Participants reported an aver-
age of 2 co-morbid conditions at enrollment with 7 partici-
pants noting 3 or more comorbidities. Co-morbid conditions
varied by participant and included diseases such as hyperten-
sion, diabetes, arthritis, osteoporosis, hearing impairment, de-
pression, early Alzheimer’s and Parkinson’s disease. Not sur-
prisingly, participants reported taking an average of 3.63 med-
ications at the time of study enrollment, ranging from 0 to 8.
High average Mini Mental Status Exam scores indicate good
cognitive health within the sample. 33% of participants were
found to be at high risk for nutritional deficits, and 38% scored
as at risk for alcohol misuse as measured by the Nutritional
Screening Checklist and Alcohol Use Disorders Identification
Test respectively. Scores on the Desmond Fall Risk
Questionnaire, ECOG and Timed Up and Go Tests indicated
mobility risks in several program participants (for additional
details on screening tools, see Section 3). No concerns regard-
ing privacy were raised by participants at the time of enroll-
ment and capture rate (the rate of participants initially
contacted about study participation versus those who ultimate-
ly met screening criteria and agreed to participate in the study)
ranged between 30 and 40%.

Table 1 Participant
Demographics Age (mean ± SD) 75.6 ± 4.8

Gender (% women) 71

Race/Ethnicity (%)

White 100

Education (n, %)

High school 3 (14)

Some college 3 (14)

Associate’s degree 2 (10)

Bachelor’s degree 8 (38)

Master’s degree 3 (14)

PhD/MD 2 (10)
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2.3 System architecture

As part of HomeSense, wireless sensing devices (i.e. magnetic
contact sensors, passive infrared motion sensors, energy sen-
sors, pressure sensors, water sensors and environmental sen-
sors) are placed throughout a home in a standard array by
members of the CREATE Health research team. An example
of such a deployment is shown in Fig. 1. These devices collect
information such as room entry/exit, electrical consumption/
use of targeted devices (e.g. microwave, TV), luminance, hu-
midity, temperature, toilet usage, location of occupant, and
behavior (e.g., fridge opening) where appropriate. While the
number of sensing devices varies by the number of rooms in a
home, most deployments utilize between 16 and 20 sensing
devices to capture 90% home coverage. Houses are mapped at
the consent/enrollment visit to facilitate seamless, efficient,
and unobtrusive integration into home environments, and sys-
tems can be deployed, verified, and rendered fully operational
within 14 days.

As shown in Fig. 2, an array of networked wireless Z-Wave
devices are installed in each house. A Raspberry Pi connected
to the internet acts as a remote gateway (serving as a small
computing device) and monitors the Z-Wave communication
network. It stores and relays relevant events and information
to USF’s Health Insurance Portability and Accountability Act
(HIPAA) compliant secure server cluster. In case of internet
outages, data from the homes is stored locally on the gateways
and sent on to the main server once connectivity is restored.

Data that comes in to the main server from participants’ homes
is permanently stored and backed up in relational databases
which support administrative tasks such as sensor configura-
tion, device tracking, and notification set up. A collection of
data analytics tools continuously process the collected data
and support the HomeSense services including alerts and no-
tifications, case management reporting, participant communi-
cations, and the web-enabled user interfaces for participants
and authorized caregivers which are further discussed in sub-
sequent sections.

2.4 Web-enabled user interfaces

Sensor data is sent from remote gateways in the participants’
homes to the main-server where it is processed to facilitate
daily activity monitoring and summary, and identification of
changes over time. A variety of password-protected user pro-
files (i.e. participant, family member, health provider, paid
case manager, and administrator) are available within the
HomeSense web portal. These profiles are fully customizable
and ensure the user/older-adult maintains control of what in-
formation they do or do not share and with whom. Once
logged in, a customizable landing page provides users a brief
summary of daily activity and home-based information from
the prior day (i.e. sleep and wake times, home temperature,
time spent outside the home); and a daily activity visualization
screen shown in Fig. 3 facilitates the ability to see an older
adult as they move about their home. Developed in conjunc-
tion with user feedback collected in Phase I and III of the
HomeSense development process, a refined set of sensor data
is shown across user classes (i.e. informal caregiver versus
paid case manager) to maximize utility and ease of use for
the target user group. Additionally, processed data is used to
create customizable tables designed to summarize change
over time. By default, data points such as sleep or bathroom
usage are shown comparing today’s behaviors to 1, 7, 30 and
90 days prior.

We have observed that interfaces such as the daily and
summary activity visualizations can help alleviate caregiver
burden and engage older adults, encouraging them to be more
actively involved in management of their health. Utilizing this
tool, older adults can gauge parameters such as the amount of
time they spend sedentary and the number of times they have
missed their medication and actively take intervention steps to
change and improve their overall health. For caregivers, being
able to visualize care recipients at home while out shopping or
engaged in other activities, results in increased independence
and lowers burden since they can be outside of the home but
still be aware of what their care recipient is doing. This in-
creased freedom can increase social engagement, reduce lone-
liness and social isolation and lead to increases/improvements
in mental and physical health long term.

Table 2 Participant Clinical Characteristics

M ± SD Min. Max.

# of medications 3.6 ± 2.6 0 8

# of comorbid conditions 2.0 ± 1.6 0 6

MMSEa 29.7 ± 0.7 27 30

MCFSIb 1.7 ± 1.3 0 4

MHI-5c 89.1 ± 9.7 64 100

FSSQd 4.3 ± 0.6 0 4

PSQIe 6.2 ± 2.4 3 11

TUGf 9.3 ± 4.1 6 18

ECOGg 0.3 ± 0.6 0 2

Desmond Fall Risk Questionnaireh 2.5 ± 2.2 0 8

AUDIT-Ci (% alcohol misuse) 38%

Nutrition Screeningj (% High Risk) 33%

Note: aMMSE=Mini Mental State Examination [51]. bMCFSI =Mail-
In Cognitive Function Screening Instrument [52]. cMHI-5 =Mental
Health Inventory-5 item [53]. d FSSQ = Duke-UNC Functional Social
Support Questionnaire [54]. e PSQI = Pittsburgh Sleep Quality Index
[55].f TUG = Timed “Up and Go” Test [56]. g ECOG = Eastern
Cooperative Oncology Group Performance Status [57].h Desmond Fall
Risk Questionnaire [58]. i AUDIT-C = Alcohol Use Disorders
Identification Test [59]. j Nutrition Screening = Nutritional Health
Checklist [60]
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2.5 Case management reporting

Reporting tools for case managers shown in Fig. 4 enable paid
health providers to readily identify and prioritize clients in
need of support/touch points. These reports allow case man-
agers to easily identify frequency and changes in activities
such as toileting, hygiene, sleep, physical activity and nutri-
tional behaviors. Among other examples, use of these
reporting tools can help case managers track and identify

patients who have missed medications, failed to rise or who
have experienced changes in their sleep and/or activity pat-
terns that may signal the onset of, or risk for adverse events.
Case managers supported by computer-aided decision making
tools can identify patients outside of their routines who may
be in need of intervention or services – all without the need to
manually review data patterns and/or physically check in with
or on patients across great distances whomay not be in need of
support. As such, HomeSense serves as a tool to strategically

Fig. 1 Example sensor deployment showing ambient sensors placed throughout the home

Fig. 2 HomeSense system architecture comprised of data collection, data management and participant services
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extend provider reach and expand caseloads in ways that still
identify and prioritize patients in need of additional services
while respecting the privacy of those who don’t.

HomeSense data can also be used to examine differences in
home-based behaviors over time across age and clinical sub-
groups to facilitate case managers’ understanding of the ways
in which advancing age and/or clinical conditions may impact
routine and quality of life over time, and to facilitate service
and treatment planning. Using Welch’s t-test for unequal sam-
ple sizes and the Wilcoxon Rank Sum Test for continuous
variables, Table 3 identifies home-based activity data over
180 days for the 15 program participants enrolled in the study
12 months or more. Results indicate significant differences in
the amount of time spent doing laundry (70+ =80mins; <70 =
41mins; p = .04) and in the average number of sleep disrup-
tions experienced over-night (70 + =0.8; <70 = 0.5; p = .04).
Given the negative impacts of sleep disruption on physical
and mental health [61], reasons for increased sleep disruption
in those 70+ should be explored, and where appropriate, med-
ications or lifestyle changes to better control factors such as
co-morbid conditions that may improve sleep patterns should
be encouraged to preserve long term health and quality of life.
While potentially an artifact of machine run times, increased
time spent in routines such as doing laundry may also be an
early cue that additional help may be needed at home and

options for supplements such as housekeeping services may
reduce burdens and keep older adults living longer at home.

Differences in home-based behaviors are also seen across
clinical sub-groups and can be used as a tool to enhance treat-
ment planning and quality of life. For example, preliminary
results in Table 3 illustrate that those with osteoporosis spend
less time in bed (osteoporosis =7.3 h/day; no osteoporosis =
8.4 h/day; p = .05) and experience a greater number of sleep
disruptions (osteoporosis =1.4/evening; no osteoporosis = 0.5/
evening; p = .04). Additionally, people with osteoporosis
spend more time using their televisions (osteoporosis =3.9 h/
day; no osteoporosis = 2.5 h/day; p = .04) and more time away
from home (osteoporosis =4.5 h/day; no osteoporosis = 3.6 h/
day; p = .03). These findings are consistent with commonly
reported disease symptoms such as frequent pain and trouble
getting comfortable [62] which can lead to behaviors such as
rising from bed during the night to watch TV - adversely
impacting sleep quality, sleep consistency and the body’s abil-
ity to produce essential hormones such as melatonin which are
believed to help regulate sleep and reduce free radicals in the
body, leading to poorer health over time [63]. For patients
such as these, specialized pain clinics and physical therapy
may be helpful in increasing night time comfort; additionally,
dietary supplements such as synthetic melatonin may be help-
ful in re-regulating the sleep cycle.

Fig. 3 Sample Daily and Summary Activity Visualization showing a participant as s/he move about their home and engage in various Activities of Daily
Living
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2.6 Notifications: A mechanism for health
interventions in the short term

The main goal of the HomeSense system is to help seniors age
safely in place while optimizing their health and wellness. To
do this, HomeSense strategically deploys standard sensor ar-
rays to facilitate data collection in 8 health domains including
feeding/nutrition, bathing/hygiene, toileting, sedentary behav-
ior and sleep, general routine, treatment plan compliance, so-
cial connectedness and TV usage. Layered on top of this is a
fully customizable notification system that facilitates web and
mobile alerting to notify interested parties of changes in phys-
ical activity, sleeping habits, time spent outside the home,
sedentary behavior, nutritional habits, socialization patterns,
toileting or hygiene patterns in real/near-real time.

Additionally, the notification system can be set up to send
alerts when participants are in the bathroom too long, if they
exit their home late at night, if they altered/missed their med-
ications, if they failed to rise, and/or if they failed to fulfill
obligations at home. These notifications are either rule-based
(e.g., notify if an occupant exits the home after 11 pm; notify if
an occupant has not gotten up by 11 am) or based on under-
standing of previously learned/observed participant behavior
(i.e. notify if an occupant has a 20% increase in sedentary
behavior or toilet usage). Once triggered, notifications appear
on the daily activity visualization screen, alerting users that
something is outside the norm. In addition, a screenshot of the
daily activity screen and an explanation of the notification, as
shown in Fig. 5, is sent to users via email facilitating easy
access and understanding without the need for additional login

Fig. 4 Example HomeSense
Summary Reports for Technology
Enhanced Case Management
showing daily and weekly key
metrics related to hygiene,
nutrition, bathroom usage and
daily activities
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or software. Notifications can be sent to select users (e.g.
changes in hygiene or sleep habits to health care providers,
late-night exist seeking to a child/informal caregiver) and/or to
multiple users (e.g. changes in nutritional habits to adult chil-
dren and health care providers) facilitating strategic commu-
nication across occupants’ social/health networks.

2.7 Communication with participants

An important research component of an ambient home health
and wellness monitoring platform is the ability to recognize
events relevant to health and wellness. Algorithms developed
for such purposes require ground truth to be validated.
Traditional methods like manual activity logging unnecessar-
ily burden users and are ineffective [64]. As a result, we have
developed a mobile app which allows us to send custom ques-
tions to, and receive answers from our study participants in
real time, allowing us to validate the algorithms with minimal
burden. An example question sent to a participant regarding
the time they went to bed is shown in Fig. 6. We have suc-
cessfully used this mobile app to validate activity detection
algorithms involving four activities involving leaving and
returning home, and going to bed at night and waking up in
the morning. During a 5 month study, 518 questions (236 true

negatives) were sent to two participants who responded to
72.2% of the questions. Their responses demonstrated 90%
and 98% accuracy with no significant variation by question
type or participant. 88% of the true negative questions were
responded to as a “No, I did not perform this activity in this
time range” with no significant variation by participant show-
ing strong evidence that there was no social desirability or
habituation bias in the validation process [65]. This tool can
also be harnessed to administer well-established, short, high
salience instruments such as the Patient Health Questionaire-
2, a screening tool for depression symptomology [66] to par-
ticipants in real time to explore a variety of health outcomes
such as mental well-being.

2.8 Data visualization for understanding health
and wellness related behaviors

An effective way to explore trends in daily activity patterns
using sensor data is through data visualization. To this end, we
developed a visualization dashboard, HomeSense-Dash,
which contains dynamic and flexible sensor data visualiza-
tions for varying time durations and sensor devices. The ex-
ample in Fig. 7 highlights select sensors which represent the
general daily activity of a participant over a 24-h period. The

Table 3 Summary of Continuously Assessed Indicators (180 days)

All Participants Age Cohorts Osteoporosis Cohort

Health Domain (N = 15)
Mean ± SD

Less than 70
(N = 8)
Mean ± SD

70+
(N = 7)
Mean ± SD

P5 Yes
(N = 3)
Mean ± SD

No
(N = 12)
Mean ± SD

P6

Hygiene

Time spent in shower1 7.8 ± 6.1 7.9 ± 5.9 7.7 ± 6.8 0.95 8.1 ± 11.6 7.8 ± 4.7 0.93

Time using washing machine2 58.8 ± 37.8 41.3 ± 20.3 79.8 ± 43.4 0.04* 47.6 ± 29.7 61.7 ± 39.9 0.59

Nutrition

Fridge opening(s)3 17.5 ± 9.8 19.2 ± 9.5 15.6 ± 10.4 0.49 11.9 ± 10.1 18.9 ± 9.6 0.28

Pantry opening(s)3 5.4 ± 5.6 6.6 ± 6.4 4.3 ± 4.9 0.47 1.3 ± 0.8 6.5 ± 5.8 0.16

Microwave usage3 1.9 ± 1.6 1.7 ± 1.5 2.2 ± 1.8 0.57 2.1 ± 1.8 1.9 ± 1.6 0.04*

Toaster usage3 1.2 ± 1.6 1.3 ± 2.0 1.0 ± 0.7 0.83 0.4 ± 0.3 1.5 ± 1.8 0.46

Time spent in kitchen4 2.6 ± 1.3 2.5 ± 0.9 2.6 ± 1.7 0.93 2.6 ± 0.5 2.6 ± 1.5 0.99

Bathroom Usage

Time spent in master bathroom1 60.8 ± 41.1 68.3 ± 47.7 52.3 ± 33.6 0.48 41.5 ± 18.8 65.6 ± 44.3 0.38

Time spent in guest bathroom1 14.4 ± 19.5 7.5 ± 6.7 21.3 ± 25.8 0.20 37.0 ± 34.6 8.3 ± 7.7 0.29

Daily Activities

Time spent in living room4 2.8 ± 1.2 3.3 ± 1.3 2.3 ± 1.0 0.14 2.0 ± 1.3 3.0 ± 1.2 0.19

Time spent using TV4 3.6 ± 3.1 2.3 ± 2.8 5.3 ± 2.9 0.79 3.9 ± 3.2 2.5 ± 2.9 0.04*

Sleep disruption4 0.7 ± 0.7 0.5 ± 0.4 0.8 ± 0.9 0.04* 1.4 ± 1.3 0.5 ± 0.3 0.04*

Time spent in bed4 8.1 ± 2.2 8.0 ± 1.9 8.3 ± 2.6 0.79 7.3 ± 4.4 8.4 ± 1.4 0.05*

Time spent outside4 3.8 ± 3.1 4.5 ± 3.3 3.0 ± 2.6 0.38 4.5 ± 5.9 3.6 ± 2.4 0.03*

Note: 1 = Time (minutes)/day 2= Time (minutes)/week 3 = count 4 = Time (hours)/day 5 = # of disruptions (20+ minutes out of bed)/evening 5Wilcoxon
Rank Sum Test 6Welch’s Independent Sample t-test
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participant wakes up around 6:00 am noted by the disengage-
ment of the pressure mat under his bed. After brief activity in
the living room, kitchen and bathroom observed by the PIR
motion sensors, he leaves the house returning again around
noon observed using contact sensors placed on doors leading
to the outside and absence of motion inside the home. After a
brief period in the house, presumably for lunch based on the
level of activity in the kitchen observed using motion sensors
and interactions with the fridge and pantry observed by con-
tact sensors placed on fridge and pantry doors, the participant
again leaves returning home around 3:00 pm and settling in
for the evening. In the evening, he spends time in the living
room on his recliner observed using a pressure mat under the
chair cushions and in the study watching TVobserved using
smart switches monitoring energy usage. He also interacts
with the fridge and pantry around 8:00 pm presumably for
dinner, and he eventually goes to bed around 10:00 pm.
Throughout the day, the participant’s toilet usage is observed

using motion sensors in the bathroom and water sensors
placed in the toilet reservoir.

HomeSense-Dash is also used for more detailed explora-
tion of specific activities. For example, Fig. 8 shows a polar
graph of the times of day one of our participants opens their
medicine cabinet over several months. The axis represent mid-
night, 6:00 am, noon, and 6:00 pm similar to a 24-h analog
clock. The participant takes medication 3 times a day: morn-
ing, late afternoon and evening. It is clear that compliance
with the morning and late afternoon medicine routine exhibits
much greater time variability than the medication routine in
the evening time frame. This kind of data can be very infor-
mative in identifying additional targets for utilizing tools such
as care plans and health education to increase compliance with
proper medication routines. In cases where patients are man-
aging time-sensitivemedications like those for blood pressure,
this reporting offers significant potential to assist in the main-
tenance and achievement of good health over time.

Fig. 5 Automatically generated
notification e-mail for medication
noncompliance based on activi-
ties observed by HomeSense
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In addition to exploring individual sensor data, we have
developed algorithms which combine information from

individual sensors to extract higher level information such as
when participants leave and return home, what time they go to
sleep and wake up, how much time they spend in their home
engaged in sedentary activities such as watching TV, and how
active they are moving about in their home [65].
Visualizations based on the outputs of such algorithms eluci-
date participants’ daily routines at home and reveal patterns
that remain stable as well as vary over time. For example,
Figs. 9 and 10 show participant status as active, sedentary,
in-bed and out-of-home over a 3 month period for two partic-
ipants (A and B). The time durations during which the sensor
system could not estimate the status of the participant is cate-
gorized as unobservable.

Figure 9 shows that Participant A exhibits stable activity
patterns over time. The participant tends to leave their home
each day in the late morning and early afternoon and usually
returns home before 5 pm; we note that the participant was
away from home on the evening of Feb 16. Sleep patterns for
this participant are also fairly routine and stable. Typically the
participant wakes up around 7 am and goes to bed around
10 pm. On January 10th, February 24th and February 27th
the participant appears to have had more restless sleep – and
has spent the early morning hours out of bed. As reported in
their biweekly health assessments (see Section 3) these dates
coincide with worry for a family member (Jan 10th) and onset
and worsening of a cold (February 24 and 27th), illustrating
the ways in which stress and physical body strain change
behaviors at home.

Examining home-based behaviors across participants
also yields potential for significant insights around the
impact of disease conditions and medications on home-
based behavior patterns, Fig. 10 demonstrates home-
based activity patterns for Participant B over the same
time period. The participant generally leaves home twice
a day – once around lunch time and again in the late

Fig. 7 Overall daily activity analysis of one participant over a 24-h period

Fig. 6 Mobile app to communicate with participant through simple
Q&As

1301Health Technol. (2020) 10:1291–1309



afternoon. S/he has fairly consistent sleep patterns, go-
ing to bed around 9 pm each evening and rising around
7 am. By contrast to participant A however, participant
B consistently has interruptions in their sleep as noted
by the green and yellow colored breaks in the blue
colored time-in-bed status during the night. When

examining the medical history of both participants, it
is noted that Participant B self-reports a diagnosis of
Irritable Bowel Syndrome (IBS), a condition known to
impact sleep patterns. Given the importance of consis-
tent sleep for immune, physical and social health in late
life, these type of visualizations yield an opportunity to
explore the potential impact IBS has on the sleep pat-
terns, and to explore the potential positive benefits of
changes in medications or dosing could have on the
patient’s sleep and quality of life. While beyond the
scope of the present IRB, given that participant B ini-
tially declined medication for IBS under the auspice that
it was not problematic enough to interfere with their
daily life, health coaching supported by these types of
data-driven outcomes may yield substantive change in
outlook and willingness to engage in active treatment.

2.9 Data analytics

Ambient sensors create a data-rich environment, but are
not without challenges. For example, ambient sensors
installed in private homes are relatively inaccessible re-
quiring coordination between the research team and the
participant in cases where maintenance is needed. Given
the complex nature of participants’ lives and varied
commitments, it can often take days or weeks to service
or replace malfunctioning devices. Since double sensing
of every event in the home is cost-prohibitive and may
feel unnecessarily intrusive, extracting reliable and

Fig. 9 Daily participant status for Participant A. The average percentage
of daily duration of active is 12%, sedentary 37%, in-bed 36%, out-of-
home 11%, and unobservable 4%

Fig. 10 Daily participant status for Participant B. The average percentage
of daily duration of active is 8%, sedentary 20%, in-bed 41%, out-of-
home 25%, and unobservable 6%

Fig. 8 Specific activity analysis demonstrating medication compliance
routines
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accurate information requires the ability to adequately
compensate for occasionally missing or inaccurate data.
To this end, we have developed a number of data im-
putation tools for dealing with missing or inaccurate
data. For example, pressure sensors used to monitor
participants sleeping patterns may malfunction, or heavy
objects placed on the beds can create inaccurate data
that is not representative of the behavior of interest.
Accurate information related to understanding sleeping
patterns through bed sensors must therefore be supple-
mented with information from other ambient sensors.
Figure 11 shows such an example where the data from
a bed pressure sensor is imputed with the information
from motion sensors in the network to estimate time in
bed.

In addition to the challenges associated with sensor fail-
ures, ambient data can also be skewed by the presence of
long term visitors who may alter a participant from their
normal routine (e.g. eating more meals out) and/or alter
patterns of behavior, device usage, and time spent in various
activities or areas within their home (e.g. guests often in-
crease the use of guest bathroom spaces within a home).
Identification of such time periods is critical for accurate
assessment of the participant’s health and wellness as these
periods may not signal adverse deviations in health, but
rather only signal changes in the number/type of residents
within a home. Using features from ambient sensor data, we
group days into different categories to identify those repre-
sentative of the participant’s normal activities and those that
may be skewed by the presence of visitors and/or sensor
system related issues. Figure 12 shows a cluster plot of the
days for a 9-month period clustered into 3 categories where
the x and y-axis are the two most significant principal com-
ponents which are linear combinations of the original fea-
tures [67]. The red cluster shows days that are representative
of the participant’s normal routine when home alone, the
green cluster shows days where the participant had visitors
and the blue cluster represents days where there were visi-
tors and one or more sensors malfunctioned.

3 Supplemental health assessments: A
mechanism to elucidate the relationship
between home behaviors and health
in the long term

One of the greatest strengths of an ambient sensing system
like HomeSense is its potential to contribute to predictive
analytics, facilitating our ability to detect subtle signs of an
impending adverse health event well before the event unfolds.
As we advance risk detection towards earlier time points, cost
of intervention and treatment goes down substantially and
quality of life improves [68–70]. For example, identifying a
cardiac patient at risk for re-hospitalization prior to a hospital-
ization event offers potential for thousands of dollars in health
care savings, especially where low-cost interventions such as
passive weight monitoring and adjustment in diuretic medica-
tions can be life altering. Currently, screening for a variety of
conditions like depression and cognitive impairment routinely
require both costly in-person assessment and access to
providers/care [71]; factors which in turn often delay the onset
of treatment and contribute to rising costs. Additionally, these
screenings provide a measurement of the condition only at a
single point in time and fall short of monitoring its continuous
progression [72]. Ambient sensing platforms continuously
monitor and identify home-based behaviors that may signal
onset/start of these conditions without the need for regular
screening via formal administration of standardized survey
tools – enhancing patient’s overall quality of life as care and
outcomes are improved, without disrupting their day-to-day
lives [73].

As a foundation in elucidating these relationships, all par-
ticipants in the HomeSense project participate in both a
Comprehensive Health Assessment (CHA) at program start,
and an on-going Bi-weekly Health Assessment (BWA).
CHAs are administered in person and utilize standardized
surveys in a variety of domains to collect information on
participants’ demographic backgrounds, social support, func-
tional status, falls risk, alcohol and substance use, nutritional
habits, medication adherence, mental health, cognitive

Fig. 11 Example of data imputation to replace missing or inaccurate data
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function, and sleep quality. Further details regarding CHA
instruments are shown in Table 4. To reduce participant bur-
den, BWA’s utilize a split ballot design [74] to collect infor-
mation by phone in a variety of domains such as mental and
social health, loneliness, pain and sleep quality on an ongoing
basis. Utilizing the ‘split ballot’ process, a small fixed set of

primary questions is asked every 2 weeks. Additionally, a
standardized, rotating ‘ballot’ of questions is asked such that
data is collected for each question ‘set’ bi-monthly. This pro-
cess facilitates the on-going understanding of a broad range
of health outcomes over time, while limiting total telephone
interview time to no more than 30 minutes Details of the

Fig. 12 Descriptive data models
for classification of normal vs
abnormal days

Table 4 List of CHA Instruments

Type # of
Items

Short Description

Demographic questions 14 Assessing age, gender, education, employment, relationship status, residence, primary care
status, chronic conditions, family history, self-reported health, medications, and commu-
nity activity participation.

DUKE-UNC Functional Social Support
Questionnaire (FSSQ) [54]

8 Measure of functional support. Higher scores reflect higher perceived support. Cronbach’s α
.85.

RAND Social Health Battery [75] 11 Measure of social health and engagement where higher scores reflect higher engagement.
Cronbach’s α .84.

ECOG Performance Status [57] 1 Measure of ADL limitation where a higher score indicated increased limits in ADL ability.

Desmond Fall Risk Questionnaire [58] 15 Assessment of falls risk where positive answer to 3 or more items indicates potential risk of
falling.

Alcohol Use Disorders Identification Test
(Audit-C) [59]

3 Assessment of hazardous drinking and alcohol consumption. Scored on a scale of 0 to 12 with
3 or more indicating risk for women; 4 or more indicating risk for men.

Alcohol, Smoking and Substance Involvement
Screening Test (ASSIST) [76]

2 Measure of lifetime and recent tobacco use. Average test-retest reliability coefficients
(kappas) had a high of .90.

Nutrition Checklist [60] 9 Measure of risk for poor nutritional status; scores of 3 to 5 indicate moderate nutritional risk, 6
or more high nutritional risk. Sensitivity .72, specificity .94.

Simplified Medication Adherence Questionnaire
(SMAQ) [77]

4 Measure of medication adherence where higher scores indicate lower medication adherence.
Cronbach’s α .85.

Mental Health Inventory (MHI-5) [53] 5 Assessment of depression and anxiety with a cut score of 76. Cronbach’s α .84.

Mini Mental State Exam (MMSE) [78] 12 Measure of cognitive impairment where lower scores indicate greater likelihood of cognitive
impairment. Cronbach’s α .85.

Cognitive and Affective Mindfulness Scale-
Revised (CAMS-R) [79]

12 Assessment of mindfulness where higher scores indicate higher mindfulness. Cronbach’s α
.81.

Pittsburgh Sleep Quality Index (PSQI) [55] 9 Measure of sleep quality and sleep disturbances where a score of 5 or greater is indicative of
poorer sleep quality. Sensitivity of 98.7 and specificity of 84.4 as a marker for sleep

disturbances in insomnia patients versus controls.

Timed “Up & Go” test [80] 1 Timed measure of physical mobility. Scores greater than 13.5 s indicate mobility challenges.
Sensitivity 0.32 and specificity 0.73.
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BWA and domains assessed with each of the 4 administered
‘ballots’ are shown in Table 5. In both the CHA and the
BWA, instruments were selected on the basis of length (pri-
oritizing short, high-salience instruments), historical reliabili-
ty and validity of the tool, acceptance/adoption by members
of the health community (priority was given to tools used in
existing national studies), and prior use with older-adult
populations.

Collection and integration of these data points facilitate
complex analytics that allow us to examine long term health
and behavior trends that may signal system deficits, changes
in habits, and risk or resilience over time. For example, data
collected from tools such as the MHI-5 and MMSE can allow
us to monitor changes in mental and cognitive health over
time and allow us to examine corollary changes in home-
based behaviors such as sleep, nutrition and bathing habits.
Additionally, when integrated with health outcomes, the vol-
ume and capacity of data produced by HomeSense facilitate
our ability to explore and identify novel behavioral risk factors
that may signal change ‘up stream’, to do profile-based algo-
rithm development, to improve ‘reasoning’ in notification
generation, and to do health outcomes and cost-benefit analy-
sis. Further, when combined with electronic medical records
data including health outcomes, health service utilization and
health costs, on-going monitoring offers significant potential
to inform understanding of the relationship between home-
based behaviors and risk for adverse events.

3.1 Exploring trends in bi-weekly health assessments

Bi-weekly assessments are an important source of information
in tracking and understanding changes in the participants’
health and wellness. They serve as means to monitor life
events such as holidays, vacations and visitors. We have de-
veloped a bi-weekly assessment visualization tool which

allows us to explore trends over time for standardized health
assessments for each participant. Figure 13 below shows a
participant’s response to the RAND Social Health Battery
score over the course of 28 months. Scores range from 27 to
47, with higher scores representing higher levels of social
support. Available comments from the participant associated
with each score are listed under the plot. With scores repre-
sented on the Yaxis and dates on the X axis, these tools allow
our research team to identify changes and/or trends over time,
and to explore how ambient sensor data can be used to con-
firm, identify and/or even predict such trends as we progress.
In this example, the participant’s social health score varies by
nearly 10 points between 7/26/16 and 10/13/16. Given recent
research on the costs and health impacts of loneliness [87],
changes in home-based behaviors such as sleep/wake time,
sedentary behavior and time outside home can be examined
over the same timeframes to identify changes that may signal
onset or worsening social health can be explored via the sen-
sor data.

4 Discussion and future research

As the population of older adults continues to soar to record
levels and with it the number of persons living with costs and
burden of chronic disease, new strategies are needed to en-
hance health care quality and health outcomes in community-
based environments [88]. Older adults have expressed a strong
desire to age in place [16], but absent appropriate monitoring
and supports, they can suffer increased risk for accident and
injury, heightened comorbidity and even death [23, 24]. Tools
such as the ambient sensing platform described in this paper
offer the potential to monitor older adults within their own
homes, facilitating supportive environments that bolster the
healthy, safe and independent aging plan preferred by older

Table 5 List of BWA Instruments

Type # of
Items

Short Description Administration
Schedule

Self-Reported Activity and
Health Status

10 Identifying changes in self-reported health, health-service utilization, changes in
co-morbid conditions or medications, activity participation, travel plans and
company at home

Ballots 1–4/Weeks 2–8

Patient Health Questionnaire
(PHQ-2) [81]

2 Screening for potential depression symptomology. Sensitivity of .86 and specificity
of .78 for diagnosing major depression

Ballots 1–4/Weeks 2–8

Physical Activity Scale (PASE)
[82]

21 Measure of physical activity and mobility where higher scores indicate greater
mobility and activity levels

Ballot 4/Week 8

Loneliness (UCLA Loneliness
Scale) [83]

20 Assessment of loneliness where higher scores indicate greater loneliness Ballot 2/Week 4

Falls Efficacy Scale [84] 10 Measure to assess fear of falling, scores over 70 indicate a fear of falling Ballot 4/Week 8

Geriatric Pain Measure [85] 24 Assessment of pain in older adults, scores range from 0 to 42 with higher scores
indicating more pain.

Ballot 1/Week 2

Telephone Interview for
Cognitive Status (TICS) [86]

11 Phone-based assessment for cognitive status. Performance was significantly
correlated with MMSE score (r = 0.86, p < 0.001)

Ballot 3/Week 6
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cohorts. The ability HomeSense provides to monitor/observe
older adults in their own environments can help to prioritize
care to those in need of touch points – in effect, extending the
health care workforce which will become increasingly impor-
tant as the caregiver support ratio declines [5] and institutional
systems struggle to meet increasing demand [4]. Additionally,
when integrated with health outcomes and service utilization
data, home-based behavior information collected from ambi-
ent home sensing tools like HomeSense has the power to
unlock subtle, ‘upstream’ indicators that may signal the ad-
vent of costly adverse health events, well before the event
unfolds [28].

As Anya& Tawfik [26] note, design of technologies for the
elderly should, “be driven by an understanding of the actual
need for the technology, ease of learning to use the technolo-
gy, the elderly person’s cognitive and perceptual abilities, as
well as other sociopsychological factors such as preferences,
attitudes, and beliefs”. At its core, HomeSense was built uti-
lizing a community-based participatory research (CBPR) ap-
proach [46] to engage key stakeholders in its development,
and each of the four phases of its evolution have been directly
informed by, and built in conjunction with stakeholders such
as older adults, family members (i.e. adult children and
spouses), providers (i.e. primary and specialty care physicians,
home health service agencies), informal caregivers, members
of senior advocacy groups, and payers with a vested interest in
ensuring older adults live well, safely in their homes. This has
helped ensure that HomeSense is responsive to its user needs,
preferences and abilities, and has translated in a desire for
users to keep the system well beyond 6-month program com-
pletion benchmarks agreed to at the program start. As the
program continues to grow and expand, researchers are mind-
ful that technology must continue to be respectful of these
needs and preferences. Inherent risks around issues such as

privacy, data security and diminishing human interaction are
present in remote sensing tools such as HomeSense and to
offset the cost, the returns for end users must be both real
and realized.

A variety of methods have been suggested for elucidating
the relationship between home-based behaviors and health,
these include use of computer vision and pattern recognition
[89], application of fuzzy logic [90] and machine learning
[91], use of Artificial Neural Networks [92], Bayesian net-
works [93], Poincaré Plots [33] Markov Models [94],
Ontology-Based Context Modeling [95] and application of
LeZi algorithms [96]. HomeSense’s data model associating
meta-information with the data collected from the sensors is
designed to facilitate such machine learning and data mining
techniques. We are currently exploring ways to improve pre-
diction and reasoning about health and behavior to inform
adaptation of home environments, support structures and/or
interventions and preventions as relationships between behav-
iors and outcomes become better understood.

Creating responsive, adaptive and beneficial home envi-
ronments to facilitate aging in place requires complementing
sensing with mechanisms to add context to observed sensory
information. For example, sensory information can determine
if a resident does not get out of bed past their usual time but
falls short of explaining the context for this behavior. Targeted
interactions with the resident to elicit context for critical sen-
sory observations is a potential solution to bridge this gap
[97]. We are currently exploring integration of AVATARs
and d i g i t a l human s su ch a s t ho s e o f f e r e d by
CREATEAbility Concepts (www.createabilityinc.com) and
FaceMe (www.FaceMe.com) into HomeSense to support bi-
directional communication with residents and to further facil-
itate reasoning and understanding of the role of context in
health and behavior at home.

Fig. 13 Bi-weekly Health Assessment analysis showing participants response to RAND Social Health Battery over 28 months
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