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Abstract—In this paper, we examine at-home activity rhythms
and present a dozen of behavioral patterns obtained from an activ-
ity monitoring pilot study of 22 residents in an assisted living set-
ting with four case studies. Established behavieral patterns have
been captured psing custom software based on a statistical pre-
dictive algorithm that models circadian activity rhythms (CARs)
and their deviations. The CAR was statistically estimated based on
the average amount of time a resident spent in each room within
, their assisted Hving apartment, and also on the activity level given
by the average number of motion events per room. A validated
in-home menitoring system (IMS) recorded the monitored resi-
denf’s movement data and established the occupancy period and
activity level for each room. Using these data, residents’ circadian
behaviors were extracied, deviations indicating anomalies were de-
tected, and the latter were correlated to activity. reperts generated
by the IMS as well as notes of the facility’s professional caregivers
on the monitored residents. The systemn could be used to detect
deviations in activity patterns and to warn caregivers of such devi-
ations, which could reflect changes in health siatus, thus providing
caregivers with the opportunity to apply standard of care diagnos-
tics and to intervene in a timely manner.

Index Terms—Behavioral science, biometrics, chronobiology,
circadian/seasonal activity rhythms, healthcare, pattern mining,
smart homes.

I. INTRODUCTION

UMAN beings are influenced by two principal types of
rhythms, social and biological. Social thythms can be de-
ﬁned as those thythms that are dependent on the requirements
of normal daily life (working, commuting, business opening
and closing times, bed time, leisure time, etc.) and are strongly
influenced by the individual’s overall social environment (cul-
ture, education, environmental conditions, stress levels, etc.).
Biclogical thythms are internal, physical thythms that govemn
physiofogical functions, such as metabolism and celiular activ-
ity. Chronebiology, the study of these temporal structures, has
demonstrated that human beings normally follow an approxi-
maie 24-h fluctuating thythm known as a circadian rhythm [1].
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Fig. 1. Relationship among secial and biological rthythms, and behaviorat
activity through the CAR.

Some interdependence can be noticed between social and bio-
logical rhythms manifested by the individual’s exhibited phys-
ical activity levels. It ig evident that biological rhythms are
also influenced by society, culture, and, sometimes, climate (for
example, an afternoon siesta is more prevalent in warmer coun-
tries). Studies of the rhythms of daily life are currently underway
using accelerometers to measure body movements while in bed
to evaluate the quality of sleep [2]. Other researchers have at-
tempted to predict daily behavior in a similar way using motion
detectors and switches to monitor events such as opening and
closing of doors {3].

Glascock and Kutzik [4] described a non-intrusive system that
is similar in principle and some basic hardware components 1o
one of the technologies used in this study. In their proef of con-
cept phase, this system was validated in the activity of daily
living (ADL} suite of an urban hospital where a video camera
and recorder captured the actual activities carried out by the
participants. In 1998, an in-home testing phase was conducted
in the homes of several pazticipants, with the longest monitoring
data collected for 13 consecutive days [4]. The system applied
simple statistics to the first motion sensor firing in the morning,
indicating wakeup time, and the last sensor firing at night, sig-
nifying bedtime, as well as the frequency and times of access
to medications, which was monitored via an instrumenied med-
ication caddy; the paper also presented and examined trends of
these variables [41.

We postulate that 2 person’s behavior during the daily cycle

“of life at home, tends to fall into basic and regular patterns mea-

surable by monitoring residents’ cyclic physical activity inside
the home using wireless passive sensors. We use some infrared
motion sensors in the study presented in this paper. The appel-
lation *“circadian activity rhythms” or CARs (see Fig. 1) was
defined in [5] and [14} to describe the measurement of this in-
home thythmic behavioral activity that the resident engages in
the habitat, CAR are influenced by social rhythins, but also inter-
acts with the biological rhythms of the organism. They provide
a rich source of information about the resident activity patterns
stch as his or her wake/sleep cycles, ADLs, meal periodicity, etc.
This new approach to understanding and measuring the in-home
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thythmic behavioral activity has, so far, been mostly ignored in
the literature. These rhythms at home often represent external
manifestation of the resident’s internal medical condition, and
hence are of potential value for long-term health status moni-
toring. The objective of our paitern mining software program,
called Software for Automatic Measurement of Circadian Activ-
ity Deviation (SAMCAD), which is based on a statistical model
of data gathered from an in-home monitoring system (IMS),
is to determine whether such activity monitoring allows us to
discern behavioral patterns, and differentiate between normal
behavior and behavior indicative of an underlying pathology. In
the process of knowledge discovery in databases (KDD), data
mining techniques such as machine Jearning [6], [7], Bayesian
Networks [8], or fuzzification [9], for example, are often em-
ployed for pattern discovery in medical databases to help clinical
decision making. CAR propeses a novel approach based on the
thythm by analogy to the biological rhythms. CAR variations
have also been modeled and implemented in the SAMCAD in
order to observe behavioral changes over time. Identification
of the relationship between these behavioral changes and the
medical conditions the resident presents is not addressed in the
paper. A smdy is ongoing to render SAMCAD as a better aid for
diagnosis and disease inferences using a data fusion approach.

Tn what follows, we describe the SAMCAD software tool ap-
plied to data collected from an IMS designed to monitor health
status and now the behavior of an individual within their living
environment. The system comprises wireless sensors (infrared
motion sensors and magnetic switches, temperature sensors, and
a bed monitoring unit), and, curzently, characterize and differen-
tiate between normal and irregular activity/behavioral patterns.
The automatic detection and prediction of specific disease on-
set or pathological patterns is not part of the system yet. The
paper examines how this system is capable of capturing these
behavioral models (patterns) and detecting behavioral devia-
tions in an assisted living care setting, where persons who need
an intermediate level of care and some assistance in some of
their ADLs transition to from independent living settings. The
detected behavioral deviations are validated against the reports
of the TMS system as well as clinical and bebavioral notes of
the proféssional caregivers’ observations regarding health sta-
tus and changes in functional abilities, as opposed to activity
levels, of the monitored residents; these notes were collected
throughout the data collection period.

II. METHODS

A. System Description

Motion activity data were collected from an IMS comprised
of wireless passive infrared motion sensors placed in every room
(bathroom, shower area, etc.), in addition to a stovetop temper-
ature sensor and a passive bed-based vital sign monitor [10];
however, only the motion sensor data is used in the CAR anal-
ysis presented in this paper. All motion sensors were installed
to detect activity inside a specific room or area without being
triggered by motion outside that area by pointing the motion sen-
sor and in some cases limiting the detection area. The sensors
transmitted data wirelessly to a personal computer-based data
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Fig.2. Connection between the IMS and the SAMCAD.
manager linked to a secure Web-based server for data storage
and analysis, as illustrated in Fig. 2.

The data manager collected data from the separate sensor
modules, date/time stamped and logged the collected data con-
tinuously. Periodically, every 3.5 h, data logs were transferred
to a secure central data analysis server, housed at the University
of Virginia, via the participant’s phone line through a point-
to-point diai-up connection. Logs were sent as binary streams
stripped of identifiers, to ensure the Health Insurance Portabil-
ity and Accountability Act (HIPAA) compliance, and recorded
into a secure database that can be accessed by a web server
dedicated fo presenting the reports, which are accessible via a
secure socket layer (SSL) to authorized individuals with a valid
log-in name and password. The system was designed to monitor
the activities of individuals living alone. Codes were used to
identify data and subjects.

Dedicated preprocessing software read the raw activity data
of the monitored individuals from the database on the IMS se- -
cure Web server and transformed it into a format suitable for the
SAMCAD software that extracted the CAR. Both software pro-
grams were written using the NI LabWindows/CVI, which is an
American National Standards Institute (ANSI) C development
tool for data acquisition, analysis, and presentation.

B. Subjects and Data

The motion data analyzed had been previously collected from
22 IMSs that were installed in assisted living units in St. Paul,
MN, Total sample size was 22 participants, seven males, and
15 females. All participants but one were over the age of 65
{mean age 83.78 years, median age 85, mintmum age 49, and
maximum age 93). All subjects were white. Seven of the partici-
pants were memory care unit residents and 15 were nonmemory
care residents. All the subjects lived alone in individual as-
sisted living apartments. The data were collected under informed
consent and approval of the Institutional Review Board (IRB)
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for periods of approximately three months to one year, depend-
ing on the subject. Inclusion criteria required the participants
to be ambulatory, be able to provide for their own hygiene, and
be able to transition antonomously to meals. Exclusion criteria
included subject or guardian refusal to being monitored, inabil-
ity to get out of bed, and the requirement for extensive outside
assistance in the ADLs. Among the 22 participants, four sub-
jects were selected for presenting their results in details as case
studies, and a dozen were used to give general results about
the population in assisted living environments. The case study
subjects were selected based on the length of continuous data,
with mintwm gaps due to absence from their residence to pro-
vide the maximum of data to the CAR software for statistical
calculations, and because they exhibited changes in their ac-
tivity patterns that warranted investigation, on the one hand,
and the availability of nursing staff notes for these subjects to
compare to, on the other. The variations observed in the CAR
of the four case study subjects were retrospectively compared
with the nursing staff notes on the monitored individuals. For all
the studied users, we also removed the last day from the study
because we wanted to apply the CAR processing on whole days
in term of data.

C. Preprocessing, Behavioral Modeling, and Circadian
Activity Rhythm Measurement Software

As discussed in the introduction, the system is designed to
monitor the resident’s overall activity in his/her home. If is,
therefore, necessary to create a model of this in-home activity,
which will then serve as a reference for the resident’s “normal”
tifestyle and habits. Once this model s established, activity de-
viations beyond certain parameters will trigger an alert that the
caregivers (or emergency services) can view, investigate, and/or
respond to. The motion sensors continuously monitor the res-
ident’s activity by reporting the sensors identification, linked
to the room the resident is in, whenever that motion sensor is
triggered. The IMS date and time stamps the motion data and
sends the motion data logs to a database server via a direct tele-
phone link; the database is implemented in MySQL. Since the
data was already collected from a real-life assisted living set-
ting environment and stored in a format that was not compatible
with the data format of the SAMCAD software, an intermediate
program was specifically developed to perform the foilowing
functions 1) Migrating the data from the MySQIL database into
an extensible markup language (XML) file for the SAMCAD
software. 2) Detection and elimination of the periods during
which the user was ouiside the residence so as to use only rele-
vant data in the CAR analysis. A parameter he,;, Was established
in order to determine the period of time after which the resident
is considered outside the home. After several experiments to
calibrate this parameter (by Setting hext to 2, 3, and 4 h consec-
utively), we finally selected the 4-h value, because we observed
that this value has successfully filtered out all short-absence
periods (which may correspond with the resident"s participa-
tion in group activities) and has successfully identified only the
long periods of absence from the residence. Our goal was (o
detect only long periods of absence, as the residents, in some
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cases, spent some time at the front doorway, possibly chatting
with neighbors, or in common areas. 3) Concatenation of all the
remaining in-home activity periods, after eliminating periods
when the resident was outside their residence, to create a single
file to be processed. 4) Reduction of the size of data sets to be
processed by considering activities® approximate time, hour and
minute only, disregarding the seconds, to save processing time.
Using this approach, processing time was significantly reduced;
for example, data from a five-month period, approximately
1834 KB, is processed in approximately 1 h.

The SAMCAD reutilizes the XML data set to calculate the
CAR, their deviations, and the corresponding deviation alerts,
when such deviations exceed preset thresholds (defined in the
next section). The deviation is based on an integrated resident-
specific statistical model of the CAR, built using the resident’s
own data ag defined next. ‘

1) Behavioral Analysis (CAR Modeling): The CAR behav-
ioral modeling implemented in the SAMCAD software, which
permits the extraction of rhythmic activity and their deviation
in any type of dwelling (regular apartments, nursing homes, in-
dependent living, etc.), has been detailed in [5]. Here, only the
essential elements and enhancements are reported.

a) Presence-based CAR: When the resident transitions
from one room to another in the residence, their transition trig-
gers the motion sensors in both rooms. The difference in time
between two consecutive transition events results in the period
of time the person has spent in the room. The first step of the
presence-based CAR model is summing ail these time periods
the resident spent in each room of the residence per hour during
24 h, and for all the days of the stay, which requires sorting
beforehand the time periods overlapping several hours, days, or
months. This is accomplished by scanning the dynamic XML
file, generated by the formatting program. This constitutes a
seriés of values z? for each room i at each hour h of the day.
The calculation of the mean values m and standard deviations
s for each of these location- and time-specific presence periods
z are calculated over the number of days N of the stay minus
1 (the last day being kept for the alerf triggering) providing an
howrly activity thythm, or ultradian rhythm (whose period is
inferior to 24 h) [cf. (1)]

N1 h
Vi, hymlt = Y in - (hourly activity thythm). (1)

n=1

The mean length of stay in a specific room at a certain hour is
between O and 60 min. We normalize these values by dividing
them by 60 min, to convert these values to a probability of pres-
ence we call the “statistical occupancy rate.” The juxtaposition
of the 24 statistical oceupancy rates per day for each room in the
residence produces the CAR. At the end of a learning period, af-
ter the acquisition of a sufficient number of data points, typically
between two and three weeks from our empirical observations
(cf. Section III-B), the occupancy rates provide a good approx-
imation of the person’s daily habits, characterized by the low
rate of alerts triggered during regular daily life, as verified in

© previous studies using simulated activity data (see [5]).
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From the calculations of m and s, four symmetrical thresholds
Sy, St and Sy, S5, whose parameters are y and us (4 < o),
are defined as

[S7, Si] = fm — ps X 8, m 4y X 8
with gy being “she slight behavioral deviation” parameter
(2)
(95, So] = [m — pa'x 8, m + pg X 3]

with g being the “significant behavioral deviation”

parameter.

(3

Behavior outside of the interval [Sf, S;] is considered as
nonhabitual (slight behavioral deviation alert). Outside of the
interval [9%, 94}, the resident’s behavior is considered to be more
nonhabitual (significant behavioral deviation alert). Deviation
alerts above Sy and below 5] correspond to overpresence and
underpresence, respectively, The parameters j1; and up for the
alert trigger thresholds are set at 1.5 and 2, these values being
the current defauit values for SAMCAD. Assuming a Gauvssian
law, these parameters make the intervals [S7, 5] and [S5, S5]
contain 87% and 95% of the observation, respectively [5].

b) Activity-level-based CAR; The activity-level-based
CAR characterizes how active the residents are during their pres-
ence perlod in each room. This information, which complements
the presence habits, allows determining the resident’s activity
level as well as identifying variations in these levels during the
presence period over an extended period of time. The process to
determine the activity-level-based CAR is similar to the process
described in the previous section, but, instead, of computing the
number of minutes spent in every room every hour, we sum the
number of motion sensor firing events per hour. In that case, we
can trigger room-specific hyper- or hypoactivity alerts, instead
of room-specific under- or overpresence deviation alerts. -

2} Behavioral Deviation Alerts: Changes in presence- or
activity-based CAR may be indicative of change of health con-
dition, through the exacerbation of these conditions, when re-
viewed daily by a caregiver as an informational and alerting aid.
Similarty, comparing both CAR patterns before and after a treat-
ment could be an efficient aid for the physicians to estimate the
effectiveness of treatment. A simple example would be the case
where a person would take some sleeping pills recommended
by a physician. Tt would be easy to distinguish their effect on
bedroom CAR. It is important to emphasize that the system is
not meant to be a diagnostic instrument, but, rather, an informa-
tional aid. SAMCAD can automatically generate two types of
behavioral deviation alerts as explained in what follows.

a) Presence-based CAR: For the current day and at the
end of the current hour, the number of minutes spent in each
room in the residence is computed. This number, normalized
with a division by 60 mixn, gives the “current occupancy rate”
per room and per bour. Deviation of the current occupancy rate
from the “leamned” statistical occupancy rate for this specific
room at this specific hour may produce different deviation alerts
(underpresence/overpresence, stight/significant [cf. (1) and (2),
daytime/nighttime] if the difference exceeded the preset thresh-
olds (Fig. 3). The “daytime” period was considered between
6 o'clock in the morning and midnight, and the “nighttime”
period covers the remainder of the 24-h period.
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Continuous monitoring of these alerts aliows us to follow the
resident’s behavioral deviations in real-time and over extended
pertods of time.

For each hour in the day (hour;), ¢ € [1, N], NV being the
length of stay at home, data being processed in hours until
the last hour (houry), the SAMCAD runs the XML database
from its beginning, updates and generates the CAR, and sets off
deviation alerts when behavioral deviations are encountered.

The presence-based behavioral deviation alerts may altow the
detection of the flu, for exarople, trough its exacerbations as an

extended stay period in the bed room {in bed, in particular) :

which could show on the presence-based CAR.

b) Activity-levei-based CAR: Using the same method ag
described in Section II-A to obtain the presence deviations,
we compute the number of sensor firing events to establish

the “carrent activity level” at the end of the current hour of -

the current day. Comparison with the statistical activity level
enables the detection of hyper- or hypoactivity (Fig. 3). The
presence-based behavioral deviation alerts reay allow the early
detection of, for example, urinary tract infections, which are
characterized by significant increase in bathroom visits, and,
hence, may be manifested on the activity Jevel CAR as increase
in activity level in the bathroom.
¢) General user interfuces (GUI): The following dis-
played functions are available on a GUI for both the presence-
and activity-based CARs (Fig. 4):
1) Display the current behavioral deviation alerts triggered
for each hour (as represented by a flashing LED, upper
lefe-hand side of the screen); The signs “<’ and “>" are

-
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reserved for one standard deviation, and the signs “<”
and “°5" are reserved for two standard deviations. “<”
and “<” are for the overpresence in a room, and “> and
“3” for the underpresence;

Display daily deviation alerts, the “Cuwrrent alert rate,”
which represents the total number of alerts triggered per
day, according to each type of alert funder/overpresence/
activity, daytime/nighttime);

CAR plots (lower left-hand side),

Curve showing behavioral deviation (lower right-hand
side). This curve represents the total number of behavioral
deviation alerts of any type triggered per day. This allows
evaluation of the resident’s behavior from the beginning
to the end of the period the resident stayed in their home;
A timer (time left—upper right-hand side) indicates the
time remaining to execute the application;

A series of information displays concerning the entire stay
(whole duration, starting and ending dates) as well as the
selected database file;

7y Three initially dimmed controls, located just above the

behavioral deviation graph, permit specifying an observa-
tion window within the whole stay (start and end dates) to
allow a refined CAR analysis centered on an anomaly, for
example;

&) Values for the iy and yp parameters that set the behavioral

deviation alert thresholds,

The entire CAR measurement process is designed to func-
tion with data collected under the assumption that the user is
alone in the residence. In other words, the SAMCAD software
currently manipulates data for one person at a given time. It is
also important to emphasize that IMS requires no active partic-
ipation on the resident’s part apd is, thus, completely passive.
However, the presence of more than one person in the home can
taint the resident’s data. One way to avoid the potential effect on
the resident’s behavioral rhythms is to identify the periods dur-
ing which the resident had company (visitors, nurses, doctors,
etc.) and to exclode data generated during the visitation periods
from the analysis. Another way is to assume that the visits are
included in the life patterns of the user. In this study, we have
chosen to congider the periods during which the resident had
company, whether for socialization or care delivery, as part of
the user’s life pattern.

2)

3)
4}

5)

&)

.IH' RESULTS
A. DTypical Weekday and Weekend Rhythm

This section discusses resuits of two cases selected from the
22 users monitored in assisted living units during their daily
life; the first individual, User 1, is representative of monitored
individuals who did not have any acute illnesses or any signif-
icant change in their health condition or behavior during the
pilot, the other, User 2, experienced some change as discussed
in the following section. For these results, SAMCAD performed
all the statistical calculations according to the respective length
of their stay. In our study, we examined the CAR on weekdays
(Figs. 5 and 6) separately from the CAR on weekends (Figs. 7
and 8), assuming that the activity patterns during the weekend
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Fig. 5. {a) Presence- and (b) activity-based CAR for the weekdays—User 1.

may be different from that on the weekdays. From the CAR
baselines established in these curves, information about quality
of sleep can be inferred and sleep disorders as well as wandering
subactivity patterns can be tracked. For example, the sleep of
User 1 is disturbed around 3:00 a.m. [Fig. 5(a) and (b)] as the
monitored individual goes every night to the kitchen possibly
to have a snack or take medication, and spends approximately
8 min on average in the kitchen and then goes to the bathroom
and spends approximately 5 min [Fig. 5(a)].! The sleep/wake
pattern for User 2 shows going to the bedroom at night around
7:30 pan. and leaving the bedroom around 8:00 a.m. the next
morning (Fig. 6). The comparison of sleep/wake patterns for
both users using both the presence- and activity level-based
CAR shows a higher activity level for User 1 who goes to bed
much later (around 11:00 p.m., midnight) and gets up earlier,
around 6:00 a.m. [Figs. 5{a) and 6(a)]. Ie also spends less time
in the bedroom {gets up more) during the night than User 2.
This information is confirmed by studying the activity level-
based CAR {[Figs. 5(b) and 6(b)], which clearly shows that the
sleep of User 1 is more disrupted than that of User 2, who ex-
hibited more restful sleep, Moreover, the activity levels for User
1 are constantly higher than those for User 2.

{Note: The vertical axis on the presence-based CAR graphs represents the
average number of minutes m (¢f. (1)] the resident stayed in 2 specific room, I
Fig. 5(a), for example, the kitchen CAR at 3 azm. is at 8 min.
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\ A v / During the day, before going to bed at 11:00 p.n. {Fig. 5(a)
e e and (b)], the rhythmic activity signals also show the periodic-
\ o ason / ity of the meals. Activity spikes emerge for the meal patterns.

In Fig. 5(a) and (b}, we can see some spikes for breakfast at
8:00 a.m. when the resident leaves the bedroom to the kitchen,
lunchtime at 1:00 p.m., and dinner at 7:00 p.m. These usual ac-
tivities are omnipresent on each of the curves and reflect the vari-
/ ations in the times of the activities following the pattern of the’
& & \ . user. For example, in Fig. 6, User 2 had breakfast at around 10:00

NNV A 2 e am., 2 h later than usual, and seemingly needed to get more

Avgrage ime por hour [min)
8 2
L]
\\
b o

3

Preee e e e 1;.;.::‘;;:,;:;4 e e e e m e sleep. The shape of the spikes also confirms this information. In
(@) Fig. 5, they are much narrow and more defined than for User 2,
" and last the same amount of time, approximately half-an-hour
5. each time for every meal centered on 8:00 a.an., 1:00 p.an., and
3 T 7:00 p.m. The meal activity spikes ate generally wider for User 2
g - T o and less defined, indicating that User 2 spends more time in the
_§ w® :z' kitchen, and possibly needs longer time for eating activities.
'g , S . Comparing the presence CAR of the weekend to that of the
: ) / \ weekday, Figs. 5 and 7 show a 30-min delay in bed and wake-up
] AN e wre enersly silo o he etkend o or ot
§ . A/ / \/ ,. . \ ﬂ\ /\/ \\ presence- and activity level-based CAR. (cf. Figs. 6 and 8).
< I e NN AR 1 : \ However, we can notice a slight change during the nocturnal
? T 3‘ e i 6 8 T B G M0 M 42T % T A8 A 20' 21\ n 2 2 pI'ESEHCe~baS6d CAR, which shows less disrupted Sleﬂp dur-
“”"{"s"*“ ing the weckend compared o weekdays; this is indicated by

g high statistical occupancy rate for the bedroom reaching al-

Fig. 7. {a) Presence- and (b) activity-based CAR for the weekends—User 1. most 100% (60 min/h) on weekend nights. This information is
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Fig. 2. 'Typical presence-based CAR behavioral deviation—User 3.

complemented by the activity level graphs {cf. Figs. 6(b) and
8(b)], which show lower activity levels.

Similarly, time spent outside the bedroom during the night
on the weekends is generally also reduced for User 1, and
more thne is spent in the bedroom compared to weekday pat-
terns (Figs. 5 and 7). The analysis of bathroom use demon-
strates that User 1’s nightly bathroom visit varies more in time
over weekend nights than weekday nights with an activity level
spike around 9:00 p.m. on Fig. 7. Moming bathroom visits of
User 2 on the weekends seem to have more variations in time
compared to weekdays, whereas the pattern for User 1 generally
remains the same for weekends and weekdays (cf. spikes for the
WC/bathroom in Figs. 5-8).

B. Validity of Behavioral Deviation Alerts Through
Case Studies

In this section, we present behavioral status assessed by the
behavioral deviation measure derived using the SAMCAD ior
three different users: Users 2-4. The aim is o show how a
regular behavioral pattern is characterized (learned) in CAR
and refined over time, and how some deviation in behavior
could, hence, be detected and tracked. The graph in Fig. 9 shows
a typical presence-based CAR behavioral proiile for User 3
when no behavioral anomaly is detected. No distinction between
the weekday and the weekend were made in this case. This
curve shows how many days worth of data were needed for the
algorithm to capture repetitive life activity, rhythm, or behavior.
From the graph, we can empirically observe that an approximate
stabilization period up to 3 weeks of regular activity data was
needed for the convergence of the algorithm. This cannot be
theoretically explained using the law of the large numbers [11],
which requires a mean of more than 30 samples. We can also
observe a continued downward trend at the end of the plot, which
indicates that the activity pattern is regular, and fits the learned
CAR model. Ideally, a perfectly regolar behavier would not
trigger any behavioral deviation alerts. However, as for User 3,
behavior is deemed to be regular by the SAMCAD if it generates
iess than 25 behavioral deviation alerts. These thresholds have
been determined empirically using previous experience with
the CAR on simulated data. We obtained similar results with
the activity-level-based CAR (same shape for the activity level
behavioral deviation graph}.
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Fig. 10. {a) Presence- and (b} activity-based CAR behavioral deviation—

User 4.

Fig. 10 () and (b) shows the results for User 4. InFig. 10{(a), a
presence spike can be noticed around day 100. In Fig. 10(b), we
can easily distinguish two activity level anomalies (the first one
from day 1 to day 75, and the second one from day 76 to day 145)
starting around day 79, showing the complementary nature of the
activity- and presence-based CAR methods. During this period,
professional caregivers at the facility were closely following up
on the tesident, because they were noticing decreased activity
levels on the activity reports generated by the IMS (see [10]
for more information on these reports), which showed that this
resident was spending a lot of time in bed. Caregivers were
concerned and suspected a case of depression. Consequently,
this reduced activity was detected by the CAR and presented as
a gpike.

Fig. 11 represents the presence- and activity-based CAR be-
havioral deviation for User 2 whose regular CAR was presented
and analyzed in Section III-A. Fig. 11 incorporates weekdays
and weekends. Fig. 12 focuses only on weekdays, where week-
ends were removed from this analysis to see how they may
affect the weekly behavioral deviations. Two spikes appear on
the graph presented in Fig. 11(a) after the initial behavioral
pattern learning period. Inguiries to the medical staff permitted
us to find the cause of these spikes: the absence of the user.
ndeed, around the date of the first behavioral deviation spike,
the user was out'of apartment, in the hospital recovering from
severe influenza, The absence period created some gaps in the
database, which were detected and subsequently removed from
the analysis. After the user returned home, due to the hospi-
talization period, which has probably disorientated the patient,
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Fig. 12. Compressed presence-based CAR behavioral deviation for the week-
days only—TUser 2.

it might have taken him/her a few days [cf. the width of the
spikes on Fig. 11(a)] to regain his/her habitual life activities. On
the days when the second spike appears, inspection of the IMS
activity reports revealed that the user regularly spent approxi-
mately 4 h during the day, between 10:00 a.m. and 5:00 p.m.,
outside the home on that long weekend (including the following
Monday), possibly visiting family. We can see that the second
spike is smaller than the first because the user’s second period
of absence was shorter than the first. Concerning the activity
level deviation in Fig. 11(b), we find, again, the first anomaly
around day 46 for the same reasons, but the second anomaly
completely disappeared. This can be explained by the fact that
the user resumed his habitual activity levels immediately upon
retarn, unlike the case when the resident was hospitalized.

Fig. 12 shows the same behavioral deviation as in Fig. 11
after removing all the weekends’ data from the analysis. The
first consequence is obviously the reduction of the length of the
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Fig. 13. Agtivity level-based CAR centered on the first behavioral deviation
spike around day 51—User 2.

stay and a shift of the first spike a few days to the left. The second
spike of the curve, located at the day 100, disappeared because

‘the deviation occurred on the weekend. Comparison between

these two curves shows slower convergence for the weekend
and more alerts triggered during the behavior-learning phase.
This may be caused by the periodic deduction of the weekend
data, every week from a continuous stay data.

To complete this analysis for User 2, we replotted the
presence-based CAR on a 1-week window centered on the sec-
ond spike of the curve mixing weekday and weekend. The main
observations are that the user had three distinct meals instead
of two (cf. Figs. 6 and 8) and spent less time in the bedroom
during the night. The user may have had to get up more often
during the night. In any case, the hehavior retumned to its prior
norm within a few days after returning from the hospital. We
also replotted the activity level centered on the first spike using
a window of 12 days. Fig. 13 shows higher activity levels in the
bedioom around 1:00 p.m. and the bathroom around 4:00 p.m.
during the period that coincided with the behavioral deviation
spike. ‘

In the future, we intend to study the sleep behavior from the
bed-monitor data and the CAR during day and night times to”
detect a diurnal and nocturnal behavioral deviation.

C. CAR Patterns in Assisted Living Facilities

In this section, we discuss common results obtained for a
dozen of assisted living environments subjects. Out of 22 cases,
around 12 permitted a study with a sufficiently good data qual-
ity (maximal cumulated absences in the stay < 12%). First, we
can generally observe a regular sleep/wake cycle corresponding
to a strong presence at night in the bedroom for most of the
subjects [Fig. 14(a}], except for one, who presents a strong sin-
gularity around 3:00 2.m. in the moming (User X in the figure).
Strangely, he gets up normally around & o’clock as the aver-
age of the residents. Comparing the different wake-up times,
which vary from 6:00 am. to 9:00 a.m. permits to detect the
earliest risers. Same reasoning can be effectuated to the bed-

time. We can also clearly see that the bedroom: is occupied for

half an hour during several hours in the afternoon, which prob-
ably corresponds to the nap periods. The meal periods (ADL
“cating”) were also identified by the CAR for all the residents.
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Fig. 14. CAR patterns in assisted living.

They can be observed with accuracy in Fig. 14(f), representing
the time spent outside the assisted living unit for less than 4 h.
Three spikes emerge with evidence in this figure at 9:30 am.,
00:30 p.m., and 06:30 p.m., showing directly the meal patterns of
the assisted lving facility served in the commeon dining room.
Sometimes, some residents may prefer to have their meals in
their own unit rather than in the common dining room. Slight
differences in texms of length and occurrence of the ADL “eat-
ing” can exist among the subjects [Fig. 14(b)}. For example,
the Iunch and dinner time emerge more strongly on the graphs
than the breakfast, which is logical as having breakfast is usu-
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ally faster than having lunch or dinner. We can also see in this
figure a weak presence In the kitchen during the night, and
a user who spends a lot of time inside in the afternoon unti}
10:30 p.m. Fig. 14(c)) shows the results for the living room,
which is an important room in terms of user occupancy during
the day. A user seems to have his bed inside, and another one
to have his meals on it, possibly to watch TV during the meals.
Fig. 14(d)) demonstrates that in assisted living, the elders rarely
£0 to the shower area (ADL “hygiene”) probably because they
are to0 weak to shower by themselves. However, one resident
seems 10 be more active than the general trend of the elderly
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Fig. 15, Example of seasonal CAR.

population. Concerning the WC/bathreom, the residents do not
spend more than 10 min in this room at every hour of the day
(one of them exceeds a little bit).

D. Seasonal Activity Rhythms (SAR) Patterns in Assisted
Living Fucilities

We have also analyzed a couple of users following their CAR
during the seasons to detect stereotypical behaviors that can
then be related to any existing known pathologies related with
the seasons (depression in the winter, insomnia, etc.). Again,
for the same reasons as earlier, no relevant observations were
distinguished as, for example, people get up later and go to
bed earlier during winter (cf. Fig. 15). This may be due to
fixed activity schedules assistive living residents are engaged
in, which is not the case for people living in their own homes,
for example.

IV, DiSCUSSION

The systemn and analysis method presented here is geared to

monitor an individual living alone and does not handie the pres-

ence of multiple individuals well. The system does not currently
link the collected data to a specific individual through identifi-
cation or a biometric signature. The system also records, in the
same database, all the other measurements from outside sources
{other individuals visiting in the habitat, for example, or pos-
sibly even sunlight hitting a piece of metal and setting off the
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infrared sensor). Nonetheless, these results permitted qualitative
interpretations. Indeed, an analogy can be made with signal pro-
cessing where the CAR is considered as the signal and the false
detections as noise, Given the nature of the statistical method
employed, which is based on averaging over extended periods
of time (as opposed to judging individual events), the CAR fil- ~
ters out the background noise. Moreover, it is also possible to
assune that these rthythms, within the context of an assisted lv-
ing facility, the staff’s scheduie, or the patient’s visiting houss,
could ultimately be reflected in the resident’s own pattemns.

It is also important to emphasize the potential impact of the
characteristics of the observation window on the results; cur-
rently, this is a rectangular 1-h window synchronized with the
beginning and the end of each hour of the day. A window width
of 1 hour gives a good approximation of the resident’s rirythms
in light of the fact that it allows for the deduction of certain
activities, The sensitivity of the method, and, hence, the resolu-
tion of the results, could be significantly enhanced by using a
sliding window that shifts every 5 min, for example, throughout
the day, although it would require more processing time.

The system also requires certain technical improvements in-
cluding the introduction of a user identification into the data
{using, for example, active identification badges), to differen-
tiate between the movements of the resident and professional
caregivers or visitors. Alternatively, activity data could be asso-
ciated to the individual generating the data through association
of the activity data itself with additional measurements that may
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allow the identification of the person through biometric charac-
teristics, such ags height, weight, gait signature, and, possibly,
the CAR themselves, which can be acquired passively.

In this paper, the CAR was limited to the indoor environment
of all the assisted living units. Time spent outside the home
in different places [and localizable using a global positioning
system (GPS)], which is part of the rthythms, is decmed more
significant for individuals living in independent senior housing
or in their own homes in the community; such rhythms will be
further investigated in the appropriate settings in the future,

Other approaches using wearable sensors are also investigated
to study sleep, circadian thythms, and activity levels. They are
based on wristwatches or actigraphs that measure the number
of accelerations exceeding a preset threshold per minute {12},
or that estimate the intensity and length of movements [13].
Differences with our system reside in the granularity and sen-
sitivity of the detection. The passive monitoring accomplished
with motion sensors within the home is sensitive to the infrareds
generated by the body (generally face and hands) within the de-
tection cone of the motion sensor, whereas the actigraphs are
sensitive to direct body movements, permitting probably to es-
timate with a better accuracy the acrophases (maxima of the
activity rhytlunic signal dering a 24-h period) used in drug de-
Lvery for cancer diagnosis.

V. CONCLUSION AND PERSPECTIVE

We validated a method presented in [5] which computes some
CARs using data collected from an assisted living care setting.
This method establishes some patterns and norms and enables
the tracking of deviations from these norms. The results demon-
strated that the system can model behavioral patterns and detect
deviations in these patterns that may be consistent with dis-
ease onset. Typical behavioral patterns were generated using the
SAMCAD. These basic behaviors, which have been passively
collected in assisted living units, provided invaluable insights
about behavioral patterns of the monitored cohort, even in the
presence of noise resulting from visitors and professional care-
givers in the facility. Currently, this noise is the main weakness
of the system/method. Use of active badges or new techniques
such as “data association” described in the discussion section,
. for example, would resolve the problem. In terms of perspective,

we envision to use the CAR in real-time in the IMS to provide
to the caregivers and the current alert-level status and anomalies
detected to calculate the sensitivity and specificity of the method.
We also intend to render the model more specific to pathologies
using data fusion with other types of sensors, and to mix the
model with data mining techniques such as clustering, for ex-
ample, which can be another approach to identify with accuracy
some behavioral deviations over the days. A principal compo-
nents analysis (PCA), applied on different branches of the CAR,
_such as the ADL/activity? or the CPAR? -based CAR [14], could

2The study of the activity/ADL-based CAR entails applying the CAR algo-
rithm to a particular activity to evaluate its circadian thythm. Appiied fo an
activity, such as eating, for example, a detected downward trend could reveal,
for example, a malnulrition over the time, ]

3Circadian physiclogical activity thythm, same as eaglier bul using a physio-
logical signal such as a heart rate.
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also be envisioned to correlate them with other information typ-
jcal to pathologies to better estimate the general health status
of the resident, and, eventually, to detect disease conditions and
progression. Other applications include the potential use as a
tool to monitor a person’s guality of life and evaluate the efficacy
of medical interventions. It is possible to envision future appli-
cations based on the different branches of the CAR that could in-
clude the diagnosis and evaluation of therapy for various patient
populations (based on pathologies like cardiac or respiratory
insufficiencies, Parkinson’s, Alzheimer diseases, and obesity).
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