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As people age, they want to remain as active and independent as possible for as long as
possible. They want to age at home, not in institutions like nursing homes?. According to a
2010 AARP survey, 88 percent of people over age 65 want to stay in their residence for as
long as possible2. Technology has the potential to help people remain at home by
monitoring their health status, detecting emergency situations such as debilitating falls, and
notifying health care providers of potential changes in health status or emergency situations.
Researchers at the University of Missouri (MU) are using sensor technology at TigerPlace (a
senior housing complex that enables residents to Age in Place) to detect changes in health
status of the residents, alert health care providers, and augment traditional healthcare. This
article reviews the Aging in Place research, TigerPlace as a state sponsored Aging in Place
site, and the sensor technology developed by MU to support Aging in Place.

Background Aging in Place Research at MU

Aging in Place is the ability to live in one’s own home safety and independently regardless
of age, income, or ability level3. The goal of Aging in Place is to enable older adults to live
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in the environment of their choice with supportive services through the end of life, not
forcing relocation as care needs change. The typical trajectory for older adults is forced
relocation through higher levels of care as their health and functional ability declines. As an
altern?tive, Aging in Place coordinates the necessary services enabling a client to stay at
home-.

To develop and test the Aging in Place concept, Sinclair Home Care, a Medicare and
Medicaid certified home health agency, was created as a department in the MU Sinclair
School of Nursing in 1999. The school of nursing received a $2 Million grant from the
Centers for Medicare and Medicaid Services (CMS) to establish the agency and evaluate the
Aging in Place (AIP) model. The AIP model combines home care services with registered
nurse (RN) care coordination. Care coordination is a key component of AIP. The RN care
coordinator manages the client’s care across all disciplines (nursing, medical, physical
therapy, social work, hospice, and others) making sure the client receives the care needed to
age in place.

The results of the initial CMS evaluation indicated that the clinical outcomes were better for
community based care with RN care coordination when compared to people with similar
case-mix in nursing homes (n=78 in both groups)*. The clinical outcomes are also better for
clients receiving community based care with RN care coordination (n=55) than those
without RN care coordination (n=30)°. The evaluation demonstrated potential savings to the
Medicare and Medicaid programs of an average of $1,591.61 per month for the aging in
place group (n=39) compared to the nursing home group (n=39)% and a $686 average
monthly savings to Medicare cost in the community-based clients with RN care coordination
(n=57) compare to clients without RN care coordination (n=80).’

TigerPlace Partnership and Electronic Medical Record Foundation

Based on these results, the MU Sinclair School of Nursing (SSON) partnered with
Americare Systems Inc. to build the ideal housing environment to test the AIP model. The
collaboration resulted in the construction of TigerPlace, a retirement community enabling
and allowing residents to age in place through the end of life, in the comfort of their own
private apartment, never having to move to get their changing care needs met. TigerPlace
was built to nursing home standards, is licensed as an intermediate care facility (ICF) with
waivers to operate as an AlP facility, and run as independent housing with care as needed.
Americare Systems Inc. manages the facility and service operations. The Sinclair Home
Care Aging in Place manages the care component. When residents move into TigerPlace
they provide informed consent for the evaluation of AIP and use of their de-identified health
information for evaluation and research.

At TigerPlace, Sinclair Home Care Aging in Place provides routine assessment, operates a
wellness center 5 days per week, and offers social work services, exercise classes, other
health promotion activities, veterinary services for residents’ pets and connections to MU
events. A registered nurse is on call 24 hours per day 7 days per week to triage emergency
situations. At the wellness center, residents have their vital signs checked, receive assistance
with medications, have minor problems assessed, and consult with a nurse regarding health
issues. Residents may also pay privately or with private insurance (about a third of the
TigerPlace residents use their long term care insurance) for home care services, such as
assistance with activities of daily living, medication management, wound care, and
assistance with personal care, like bathing and dressing. 8

From the outset in 1999, Sinclair Home Care captured all care and services in an electronic
health record (HER). The foresight was to support research and evaluation of AIP; this HER
was initially used for TigerPlace, but with the development of sensor technologies to
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enhance AIP, it was quickly realized that new solutions were needed. A new HER was
developed for TigerPlace to encompass all of the standardized assessments routinely used by
Sinclair Home Care as well as links to the sensor data from the new technologies so staff
could use the information in normal workflow. 9 It was necessary to create a custom system
to be able to incorporate sensor data in a way that is efficient and supports clinical decision
making.8 There is currently no commercially available system with the ability to integrate
the health and sensor data. If sensor technologies are to be widely accepted, EHRs must
support clinical decision making in a very efficient way so physicians and nurses are not
accessing multiple databases.

TigerPlace residents are typical older adults. There are 64 residents ranging in age from 66
to 98 (mean 87.19). There are 11 couples and the remaining residents are single. Most
residents have at least one chronic disease including heart disease, diabetes, osteoarthritis, or
early stage dementia. The residents take an average number of 12.5 medications; 8 residents
use wheelchairs and 28 residents use walkers. Most residents ambulate with no assistance.

An evaluation of the first 4 years of the AIP program conducted at TigerPlace and another
continuing care retirement community demonstrated significantly lower costs and improved
outcomes for the AIP clients when compared to national data for nursing home and assisted
living residents. The combined housing and care costs for residents who received private
pay services beyond the standard AIP program and who qualified for nursing home
placement did not approach nor exceed nursing home costs. The mental and physical health
outcomes revealed the effectiveness of the AIP model on health restoration and maintaining
independence.10

Sensor Technology Overview

From the conception of our vision for AIP in the mid-1990s, we wanted to develop
technologies to support older adults and help them maintain independence.1! We assembled
a comprehensive multidisciplinary team that talked about how to approach technology
development. Telehealth solutions were considered and continue to be, since telehealth has a
history of use to deliver health care to individuals with chronic illness at home. Numerous
studies and published overviews of telehealth research have concluded that telehealth has
the potential to be an effective way to manage chronic illness, influence the behavior of
patients, and possibly improve health outcomes?: 13. 14: however, several problems
persist.15 First, telehealth requires the person to be connected to expensive telehealth
equipment, which can be costly for long-term monitoring. Second, several studies have
shown that compliance with telehealth programs decreases over time.13 This is especially
problematic given that chronic diseases require continuous monitoring for the rest of the
person’s life. Third, readings such as blood pressure, oxygen saturation, and blood sugar, are
usually measured only once a day. With advances in technology, there are better, more
informative, efficient and cost-effective ways to continuously monitor people in their homes.

The Center for Eldercare and Rehabilitation Technology (CERT) at the College of
Engineering at MU was established to investigate, develop, and evaluate technology to serve
the needs of older adults and others with physical and cognitive challenges
(eldertech.missouri.edu). The Center includes interdisciplinary faculty, students, and staff
from nursing, computer engineering, computer science, health informatics, social work,
physical therapy, and medicine. Faculty and staff from the CERT are testing new
technologies at TigerPlace with the help of the residents and their families.

As an initial step, focus groups were held at TigerPlace to explore older adults’ perceptions
and expectations of technology. The participants had a positive attitude toward the sensor
technology that could enhance their lives. However, all of the participants thought that

JAm Med Dir Assoc. Author manuscript; available in PMC 2014 June 01.



1duasnuey Joyiny vd-HIN 1duasnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Rantz et al.

Page 4

cameras would be too invasive and would violate residents’ privacy. They emphasized the
need for the devices to be unobtrusive, reliable, user friendly, able to detect a range of
emergencies, and require no or minimal action on the part of the user.16 In fall 2005, initial
sensor networks were installed in apartments of consenting residents at TigerPlace; separate
consent processes are used for the technology research and other research projects at
TigerPlace. Since that time, members of the research team observe the reaction of the
participant residents who live with the sensor networks and interview them on a regular
basis. The results indicated that the residents first become familiar with the technology and
then adjust to having sensors in their homes. The final phase is full integration of the
technology into the residents’ lives. They forget the technology is there because it does not
interfere with their daily lives!’ allowing for true monitoring of daily activities. Figure 1 is a
diagram of the sensor network installed in apartments of residents at TigerPlace and
components that are under development.

The sensor network includes (1) stove temperature, bed, chair, and motion sensors; (2)
pulse-Doppler radar and Microsoft Kinect sensors which are being tested and developed; (3)
the electronic health record; 4) an integration and data storage element to collect all of the
data including feedback from the clinical users; (5) a detection and recognition component
to analyze the data; (6) an alert manager to notify clinicians of potential problems; and (7) a
secure web-based interface to display the data for the clinicians and researchers; the
interface will support patients and their caregivers in the future.

Inexpensive passive infrared motion sensors detect presence in a room and infer specific
activities; for example, a sensor located above the shower monitors bathing activity, and
sensors installed in kitchen cabinets and the refrigerator imply food preparation activities.
The stove temperature sensor monitors cooking activities and can be used to generate an
alert if the stove has been left on too long by a forgetful resident. The bed sensor detects
presence in bed and measures qualitative pulse, respiration, and restlessness while the
resident sleeps. The current bed sensor is a pneumatic strip which lies on top of the mattress
under the sheets.® The bed sensor detects 3 levels of pulse (low, normal, high) and
respiration (low, normal, high) and 4 levels of restlessness (low, normal, high, very high) by
measuring the change in air pressure. The bed sensor may be installed in a chair if that is
where the person typically sleeps or spends a lot of time.

A secure web-based interface was developed to display the sensor data in a format that
health care providers find easy to use and interpret, readily available, and clinically
relevant.8 The interface was developed and refined with input from nursing, medicine, social
work, health informatics, and engineering. The user selects a resident and a date interval.
The default date range is two weeks prior to the current date. The sensors are grouped by
type: motion, bed restlessness, bed pulse, and bed respiration. Histograms are used to
display motion and bed sensor events which are aggregated to a daily level. Users may drill
down to see specific sensors or other time frames, such as day (6:00 am to 10:00 pm) or
night (10:00 pm to 6:00 am). Figure 2 displays the user interface of the sensor display for
health care providers and research staff.

Motion density maps are used to visually track activity levels (See Figure 3). The motion
sensors generate events every 7 seconds if motion is detected. Densities are calculated as the
number of sensors events per hour divided by that time in the apartment during the hour.
Color is used to represent density (activity level) ranging from gray (50 events per hour) to
blue (550 events per hour). Black indicates time out of the apartment. White denotes no
activity.19 The web-based interface shows the density maps with hours on the vertical axis
and days on the horizontal axis (see Figure 3) so activity patterns can be visualized or
automatically tracked for pattern changes over time.19: 20. 21 Additional maps were created
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to track other activities. These include a “Time in Bed” map that visually displays when the
resident is in bed. A map was also created to present bathroom visits (See Figure 4).

Key Findings of TigerPlace Sensor Technology Research

As of August 1, 2012, a total of 49 people have been monitored with the integrated sensor
system. 24 people have been discharged (10 people died, 10 people moved to a nursing
home, 1 moved to residential care, 1 moved in with her daughter, and 2 withdrew for
personal reasons) and 25 people remain in the research program. The current participants
range in age from 66 to 98 with an average age of 87.99. There are 9 men and 16 women
including 3 couples. All of the participants signed MU IRB approved informed consent to
participate.

In a retrospective case study analysis, changes in the density maps correspond to
exacerbations of mental illnesses including depression and dementia as measured by
standard health assessments (Geriatric Depression Scale, Mini-Mental State Exam, and the
SF-12 Health Survey). The densities can be used to alert clinicians to changes in mental
health status allowing for early interventions assisting residents to age in place.2%: 21

Alerts were created to notify health care providers of potential illness or functional decline
so they could intervene earlier with treatments to improve health outcomes and functional
independence. A retrospective analysis surrounding 104 significant health events such as
falls, hospitalizations, and emergency room (ER) visits revealed that changes appeared in
the sensor data approximately two weeks before the event.8 Based on these results, initial
alert algorithms were developed and tested with historical data. The alerts were implemented
and refined with input from nursing, social work, and medicine.

The alerts were tested in a one year pilot study. Alerts for the intervention participants were
sent to health care providers via secure email so they could assess the participants and
intervene as warranted to improve functional independence. Outcome measures of the Short
Physical Performance Battery (SPPB)22; the GAITRIte mat (a portable walkway of sensors),
which measures temporal and spatial parameters of gait; totals of significant health events
such as falls, hospitalizations, and ER visits; and hand grip strength were collected at
baseline and quarterly throughout the study. The intervention group (N=20) show significant
improvements as compared with the control group (N=21) in SPPB gait speed score at
quarter 2 (p=0.02), right hand grip strength at quarter 4 (p=0.05), and GAITRite functional
ambulation profile score at quarter 2 (p=0.05).23

During the pilot study, the clinicians reported that they want a more accurate bed sensor
which would provide quantitative measurements of pulse, respiration, and restlessness. A
new hydraulic bed sensor is under development at MU; it is in the process of deployment in
TigerPlace now and preliminary data is exciting with more precise measurements of
restlessness, respiration, and pulse.24 25 The more precise measurements will facilitate more
accurate clinical judgments based on the sensor data by clinicians.

Range controlled pulse Doppler radar units have been installed in 10 apartments of residents
of TigerPlace as part of an Agency for Healthcare Quality (AHRQ) grant to detect actual
falls and assess fall risk. The radar units can capture gait parameters such as velocity and
step time which can be used to assess fall risk.28 Figure 5 is a display of the actual raw range
control radar (RCR) data and a spectrogram that shows the red spikes of individual footsteps
of an older adult participant as he/she walked toward and away from the radar sensor in the
course of normal daily activities. Notice the lower left corner displays the automated
velocity (feet per second) of the walking as well as the step time (cadence in steps per
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minute). These parameters are used to monitor for increasing or decreasing fall risk
assessment.

In addition, in a National Science Foundation (NSF) grant, 10 Microsoft Kinect sensors have
been deployed in the same apartments as the AHRQ study. The depth image (an image in
which the value of each pixel contains information about its distance from the camera) from
the Kinect is captured continuously. The depth image is processed to compute gait
parameters of stride time, stride length, and velocity. These gait parameters were validated
against the Viicon marker-based system in the laboratory and showed good agreement.2’
Also, height is computed from the Kinect data. Height may be used to help differentiate
people, allowing monitoring of individuals in multiple resident apartments. Radar and
motion sensors provide limited information when more than one person (a couple) shares an
apartment; Kinect helps solve this problem.

The Future

In the very near future, we envision the variety of unobtrusive, inexpensive, in-home sensors
that are used and are under development in apartments of residents at TigerPlace to be
widely available to elders, their families, and health care providers. Health care alerts from
automated algorithms from the sensor data have been in real-time use every day at
TigerPlace for over 2 years. These alerts provide clinical decision support to clinicians who
work there, helping them make earlier assessments and detect illnesses or changes in chronic
illnesses days and even weeks before people complain of not feeling well or “quite right”.
Early detection and early intervention frequently avoids the need for hospitalization or
emergency room visits, when problems get to stages that require more aggressive
intervention.

For nursing home residents, we envision the newly developed bed sensor will be especially
helpful, providing much needed information for clinicians to use. With quantifiable data
about heart rate, respirations, and restlessness while in bed, clinicians can detect early signs
of illness much like we have done in TigerPlace. Early changes in congestive heart failure,
hypoglycemia, pain, delirium, upper respiratory infections, pneumonia, and urinary tract
infections are common clinical problems detected by clinicians doing assessments after
receiving an automated alert of changes in sensor patterns for particular residents living in
TigerPlace.23: 28 With additional refinement and testing in nursing homes, detection and
decision support for staff can be widely available for their use, we hope in the not too distant
future.

For those older people living in the community, we see community-based care coordination
with decision support from the sensor data from homes of older adults. With the help of care
coordination by nurses and other health care providers, families and the older person can
learn what is “normal” and what simple strategies they can do to improve their function to
maintain that “normal’” at home where they can remain independent as long as possible.
Nursing homes, continuing care retirement communities, home health agencies, and primary
care geriatric practices are particularly well-positioned to provide the community-based care
coordination with sensor technology decision-support. Technology, coupled with care-
coordination, has the potential to revolutionize the way older adults are “Aging in Place,”
providing a brighter future for all of us as we age.
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Integrated Sensor Network under Development at TigerPlace
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Figure4.
Motion Density Map for Bathroom Visits
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Figure5.
Range Controlled Radar Raw Signal and Spectrogram with Automatic Processing of
Velocity and Step Time
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