Book Title 1
Book Editors
10S Press, 2003

Monitoring Health by Detecting Drifts
and Outliers for a Smart Environment
Inhabitant!

Gaurav Jaift2, Diane J. CooR Vikramaditya Jakkula

2 Department of Computer Science and Engineering
University of Texas at Arlington
cook@cse.uta.edu

Abstract. To many people, home is a sanctuary. For those people who neeidlsp
medical care, they may need to be pulled out of their home to megtrtredical
needs. As the population ages, the percentage of peopl&sigrthup is increasing
and the effects are expensive as well as unsatisfying. Wethgpize that many
people with disabilities can lead independent lives inrtlogin homes with the
aid of at-home automated assistance and health monitoringdén to accomplish
this, robust methods must be developed to collect relevaat alad process it to
detect and/or predict threatening long-term trends or imatedirises.

The main objective of this work is to design techniques fongsagent-based
smart home technologies to provide this at-home health mongosind assis-
tance. Specifically, we address the following technoldgitellenges: 1) identi-
fying lifestyle trends, 2) detecting anomalies in currentadand 3) designing a
reminder assistance system. We discuss one such smart enviroinmpéementa-
tion in the MavHome project and present results from testiregé techniques in
simulation and with a volunteer in an apartment setting.
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1. Introduction

Since the beginning, people have lived in places that peosttelter and basic comfort
and support, but as society and technology advance thergriewang interest in im-
proving the intelligence of the environments in which wesland work. The MavHome
(Managing aradaptiveversatileHome) project is focused on providing such environ-
ments. Here we discuss methods by which we can adapt a smmagtdrvironment such
as MavHome to perform health monitoring and assistance ésgns with disabilities
and for aging adults.

As Lanspery and Hyde [4] state, "For most of us, the word ‘hioemekes powerful
emotions [and is] a refuge". They note that older adults aapfe with disabilities want
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Figure 1. MavPad sensor layout and environment.

to remain in their homes even when their conditions worsehthe home cannot sustain
their safety. In addition, the problems of aging and disgbére converging. Improve-
ments in medical care are resulting in increased survivtal aid age, thus problems of
mobility, vision, hearing, and cognitive impairments wiltrease. An AARP report [1]
strongly encourages increased funding for home modifinatibat can keep older adults
with disabilities independent in their own homes. Our gedbiassist the elderly and in-
dividuals with disabilities by providing smart space captiés that will monitor health
trends and assist in the inhabitant’s day to day activitiekéir own homes.

2. Overview of the MavHome Smart Home

We define an intelligent environment as one thath&e to acquire and apply knowledge
about its inhabitants and their surroundings in order to atléo the inhabitants and
meet the goals of comfort and efficienthe MavHome 1 anaging aradaptiveversatile
Home) project is focused on providing such an environment [A/8}.view our environ-
ment as an intelligent agent, which perceives the statesoéiivironment using sensors
and acts upon the environment using device controllers.

The MavHome project is unique in that we learn a decisioncyaid control an
environment in a way that optimizes a variety of possibl¢éedia, including minimiz-
ing manual interactions, improving operating efficienayd @nsuring inhabitant health
and safety. We also ensure that our software need not beigaddsas new devices are
registered, new spaces are tested, or new inhabitants miw/the environment.

All of the MavHome components are implemented and are beistgd in two phys-
ical environments, the MavLab workplace environment andrasampus apartment, the



MavPad (shown in Figure 1). Powerline control automatefigiits and appliances, as
well as HVAC, fans, and miniblinds. Perception of light, hidity, temperature, smoke,
gas, motion, and switch settings is performed through acseretwork. For the health
monitoring study described below, we also captured systdiiastolic, and heart rate
data using a wrist wearable device.

Communication between high-level components is perforomdg the Common
Object Request Broker Architecture (CORBA), and each campbregisters its pres-
ence using zero configuration (ZeroConf) technologieslémpnted services include a
PostgreSQL database that stores sensor readings, pradictmponents, data mining
components, and logical proxy aggregators. Resourceatiiin services monitor cur-
rent utility consumption rates and provide usage estimatelsconsumption queries.

3. Core Technologies

To automate our smart environment, we collect observatibnsanual inhabitant activ-
ities and interactions with the environment. We then mirgusatial patterns from this
data using a sequence mining algorithm. Using this infolanatve create a hierarchical
Markov model, then use this model to learn an action policyttie environment.

3.1. Mining Sequential Patterns Using ED

A smart home inhabitant typically interacts with variouvides as part of his routine
activities. These interactions may be considered as a sequé events. We characterize
each inhabitant-home event as a triple consisting of themenr device manipulated,
the resulting change that occurred in that device, and the ¢f interaction. We move a
window in a single pass through the history of events or iithabactions, looking for
episodes (sequences) within the window that merit attantio

When evaluating candidate episodes, the Episode Disco&y élgorithm [2]
looks for patterns that minimize the description lengthhaf input stream using the Min-
imum Description Length (MDL) principle. The MDL principlargets patterns that can
be used to minimize the description length of a database filgcimg each instance of
the pattern with a pointer to the pattern definition. Wittstfirmula, it is easily seen that
finding the model that yields the minimum description lengitthe data is equivalent to
finding the patterns that provide the largest compressituev&®ur MDL-based evalua-
tion measure thus identifies patterns that balance frequérgth, and periodicity.

In this way, ED identifies patterns of events that can be uséétter understand the
nature of inhabitant activity. Once the data is compress#ugudiscovered results, ED
can be run again to find an abstraction hierarchy of even¢ et

3.2. Decision Making Using ProPHeT

To automate an environment, we apply reinforcement legrtorthe problem which is
modeled as a as a Partially Observable Markov Decision Bso@OMDP). Recently,
there have been many published hierarchical extensiohaltbe for the partitioning of
large domains into a tree of manageable POMDPs [6]. Resbascthown that strategies
for new tasks can be learned faster if policies for subtasksimeady available. Current
approaches generally requiagriori construction of the hierarchical model. In contrast,
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Figure 2. ProPHeT-generated hierarchical POMDP (only the highesieare shown). Eight abstract tasks are
found in the first iteration of ED and two meta-tasks (nodes3g5%hd 13129) are found in the second iteration.

our decision learner, ProPHeT, actually automates modation by using the ED-mined
sequences to represent the nodes in the higher levels ofdtelmierarchy.

The lowest-level nodes in our model represent a single eMeserved by ED. Next,
ED is run multiple iterations on this data until no more patsecan be identified, and the
corresponding abstract patterns comprise the higher-teages in the Markov model.
The higher-levetasknodes point to the first event node for each permutation oféie
guence that is found in the environment history. Verticahsition values are labeled
with the fraction of occurrences for the correspondinggratpermutation, and horizon-
tal transitions are seeded using the relative frequencyaofsitions from one event to
the next in the observed history. As a result, ther hierarchical model is thus learned
from collected data. Given the current event state and teéudstory, ED supplies mem-
bership probabilities of the state in each of the identifiatigyns. Using this information,
ProPHeT maintains a belief state and selects the highdisg-attion.

To learn an automation strategy, the agent explores theteftd its decisions over
time and uses this experience within a temporal-differeaocgorcement learning frame-
work to form control policies which optimize the expecteduite reward. The current
version of MavHome receives negative reinforcement (olesea negative reward) when
the inhabitant immediately reverses an automation dec{®m., turns the light back off)
or an automation decision contradicts safety and comfarstaints.

3.3. Initial Case Study

As an illustration of the above techniques, we have evatLiatereek in an inhabitant’s
life with the goal of reducing the manual interactions in MavLab. The data was re-
stricted to motion and lighting interactions which genera400 events per day.

Figure 2 shows the four-tier HPOMDP that is automaticallgstoucted from the ED
patterns. As a point of comparison, we automated the enviemit using a hierarchical
Markov model with no abstract nodes. This single-level niedduced interactions by
38.3%, and the ProPHeT-generated model reduced intemadip76%.



4. Using a Smart Home to Assist Elderly and People with Disabties

The data mining, prediction, and multiagent technologieslable in MavHome can be
employed to provide health care assistance in living envivents. Specifically, mod-
els can be constructed of inhabitant activities and useéadmlactivity trends, detect
anomalies, and provide automation assistance for inhabitgith special needs.

Our smart environment can identify patterns indicating mdicting a change in
health status and can provide inhabitants with needed atimmassistance. Collected
data includes movement patterns of the individual, pecieital signs (blood pressure,
pulse, body temperature), water and device usage, use @ftiras in the kitchen, exer-
cise regimen, medicine intake (prescribed and actual) skeep patterns.

4.1. Capability 1: Identify lifestyle trends.

Many smart space algorithms can provide particular bengfihdividuals with health
needs who are living independently. One such benefit is toga®the captured data in
order to identify lifestyletrendsthat may highlight a growing need for the individual.

As a motivating example, consider a scenario involving ey man recuperating
at home alone after hospitalization. The patient’s sorslseveral hundred miles away
but wants to be informed of his father’s state of health. § gatient is a smart space
inhabitant, he can be regularly monitored for changes iftheaeasurements including
heart rate, blood pressure and body temperature. Howdwsrlata may not provide a
complete picture of his health status. As such, the datasnele integrated with in-
formation on changes in other parameters such as the roopetatare and humidity
and the individual’'s movement around the house, eatingpett medicine intake, and
adherence to his daily routine. The smart environment dlgos learn the inhabitant be-
haviors and start reporting timely information about chesian his health. A few weeks
later the son notices in a system report that his father haddes decrease in his move-
ments around the house. He calls his father and finds outriifatt his father has not
been feeling well the last few days.

A variety of approaches have been investigated in recemsyeautomate caregiver
services. Many of the efforts offer supporting technolsdi@ specialized devices or for
specialized tasks such as detecting falls. Little work hamklined remote monitoring
capabilities with prediction for the purpose of health ntoring, although that has been
progress toward using behavior patterns to provide emesggentifiers or inhabitant
reminders, particularly useful for the elderly and patsesuffering from dementia [3,5].

Collected data can be analyzed not only to provide automdiig also to assess
activity and health trends. In particular, MavHome aldaris currently classify slow
changes in collected data as one of a number of types of paitits: cyclic, increasing,
decreasing, chaotic, and stable. The size of sample wingogt®sen in such a way that
it is approximately four times the length of the longest dtdble cycle.

Tests for various classes of drifts are performed using teal@utocorrelation plots,
which measure the correlation between time-shifted valuestime series. The test for
a stable pattern is performed first. This describes datalwikioearly constant (within
a tolerance threshold) for the entire window of data. A ayétend, which is checked
next, shows high upward peaks in the autocorrelation graghtse correlation between
cylic values is high. In Figure 3 (left), frequencies of ati@t are shown and the cor-
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Figure 3. An example of cyclic data (left) and the corresponding auti@tation plot (right).

responding autocorrelation plot (Figure 3 (right) showsvapl-facing peaks at intervals
of seven. This indicates that the length of the cycle is seven

For increasing or decreasing trends, a high degree of autdation is seen between
adjacent and near-adjacent observations. For this typeiftfttie autocorrelation plot
will show a high correlation at lag one and will steadily dese as the lag increases.
The direction of the change can be determined by calculdtiagsum of the deviation
in the adjacent data points. Any pattern in the sample windibyich is not classified as
another type of drift is classified as choatic. This type dft dnay be caused by a large
number of irregular changes, by a change in the type of drifbly noise in the data.

Pattern drifts are reported by MavHome if their urgency ghhiUrgency is calcu-
lated as a combination of the confidence in the drift and titeality of the analyzed
data (drifts involving blood pressure are more criticalrtithose based on changes in
television-watching schedules). Confidence is a numetigeMaetween 0 and 1, and re-
flects the strength of the detected drift. The confidenceevafia trend varies according
to the type of trend. For cyclic patterns, confidence is dated as the average height
of the first two peaks of the cycle instances, minus a constaitiplied by the average
variation between cycles peaks.

We analyzed seven weeks of MavPad inhabitant data for dnftsmade the fol-
lowing observations. For most of the collected activityajqtatterns were classified as
stable or chaotic. Increasing and decreasing trends iromaita was detected at points
due to the increased (or decreased) amount of time the irmilvas spending at home.
Lights were on an increased amount of time curing the studgsibly due to longer
night hours as winter approached. Cyclic drifts were thesarAlthough two three-day
cycles were detected, they only involved the use of lightslzath were assigned a low
criticality. In the case of health data, a decreasing tread feund throughout much of
the collected time window. The inhabitant in this scenasigoung and fairly healthy.
We would expect different results when monitoring an elgartiividual at home.

4.2. Capability 2: Detect anomalies in current data.

MavHome employs two techniques to detect outliers or an@® & activity and health
data. We define an outlier as an extremely high or low valuenwdmenpared to the rest
of the data in the sample window. We use a z-score, or starstane, to detect such
outliers. This check is performed before looking for poksitirifts.

In the case of the MavPad inhabitant, outliers were detesteday 31 for three
different actions. As the graph in Figure 4 shows, the intaaib’s systolic value is zero in



confidence

4 - ﬂ Py T 16
:E 1.0 l N riz =2
5 e N 13
- B
5 oo VAR TR
\______NT i Lj Lf U’" LI 1 a
—1.04 FEEEEEE PR T T - o
Number of days
—=— graph confidence—s— Systolicl
Figure 4. MavPad data graph confidence with systolic values vs. nunfluays.
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Figure 5. MavPad data graph confidence with diastolic (left) and hedaet (right) values vs. number of days.

this day and the corresponding graph correlation is 1.5¢kvts identified as an outlier.
We also see that the systolic values slowly decrease betslaenl10 and 23, which was
identified as a decreasing drift of eleven days in length.détected outlier is most likely
due to an error in measurement, as the inhabitant was heaithyat day.

Between days 25 and 28, an increasing drift is reported tietp slight decrease in
systolic values on days 25 and 26. This is because in therlafigdow of a few weeks,
these values are still higher than earlier. This obseraatiodicates that our algorithm
can account for small amounts of noise in the system. We aksthait data is classified as
chaotic when there is a transition from increasing to desirgptrends. Sudden changes
not marked as outliers (e.g., systolic values on days 2348349, and 59) are also
classified as chaotic because for this short time the digidb is too skewed to able
to detect a drift. Similar observations are made for didgstahd heart rate data, shown
in Figure 5. As a result, a chaotic drift following anothepéyof drift may indicate a
change in the distribution. For health monitoring, this Idobe a situation that bears
closer investigation.

As with detected drifts, anomalies of a high criticality adentified for reporting.
When a critical anomaly occurs, the home will first try to cattite inhabitant (through
the interactive display for a lesser critical anomaly, arotilgh the sound system for



a more critical anomaly). If the inhabitant does not respand the criticality of the
anomaly is high, the caregiver will be made aware of the sitna

4.3. Capability 3: Design reminder assistance system.

Reminders can be triggered by two situations. First, if titeabitant queries the home
for his next routine activity, the activity with the highgstobability will be given based
on the ALZ prediction. Second, if a critical anomaly is deégel; the environment will
initiate contact with the inhabitant and remind him of thetypical activity. Such a
reminder service will be particularly beneficial for indiials suffering from dementia.
As described in the initial MavHome design, automationstasce is always avail-
able for inhabitants, which is beneficial if some activitges difficult to perform. A use-
ful feature of the architecture is that safety constraiméseanbedded in the MavHome
software. If the inhabitant or the environment is about toftict with these constraints,
a preventative action is taken and the inhabitant notifidik Tan prevent accidents such
as forgetting to turn off the water in the bathtub or leaving house with doors unlocked.

5. Conclusion

We have demonstrated that the MavHome software architectum successfully moni-
tored and provided automation assistance for voluntedrgylin the MavPad site. How-
ever, there is much work to be done to enhance and test thétsefehe smart space al-
gorithms for assisting the elderly and people with dis#ibdi We are currently collecting
health-specific data in the MavHome sites and will be testirthe living environments
of recruited residents at the C.C. Young Retirement ComtguniDallas, Texas.
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