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Background

13% of the U.S. population in 2013 was of the age 65+
and is estimated to rise to more than 20% by 2030 [1].
5.2 million people above the age of 65 have cognitive
disabilities like Alzheimer and Dementia [2].
In 2016, the total annual costs associated with the care
of patients with Alzheimer’'s was estimated at $236
billion[2].
This cost is estimated to increase to over $1 trillion in
2050 [2].
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Background

Cognitive disabilities can limit person’s ability to perform
day-to-day activities, requiring them to be dependent on
caregivers.

Smart home sensor systems can provide aid to elderly
residents and their caregivers.

Smart homes can reduce the cost by alleviating some
responsibilities on care providers and reducing medical
emergencies.
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Introduction

The data from smart homes are sensor logs generated
while a participant performs daily activities.

We can convert daily activity logs into a graph by
representing a sensor’s spatial or temporal information
as a node with edges.

We can search for normal and anomalous patterns in
activity graphs.

We can analyze these patterns to better understand
their daily routine.
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Introduction

Anomalous behaviors represent possible scenarios
where a participant could have a decline in their
cognitive ability [3, 4]:
Temporal Anomaly: Abnormality in duration.
Inappropriately long/short period of time to perform a task.
Spatial Anomaly: Performing activities in the wrong
places or wandering around.
Behavior Anomaly: If the participant violates the
expected normal sequence of sub-activities then it is an
anomaly.
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Research Obijective

Normal and anomalous patterns in activity graphs helps
medical personnel to determine whether a resident is in
the early stages of developing cognitive disabilities.

We formally propose two hypotheses.

Hypothesis I: A graph-based approach can successfully
discover anomalies in elderly resident activity in smart
homes.

Hypothesis Il: Anomalies are potential indicators of a
decline in the cognitive health of an elderly resident.
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Dataset

Kyoto dataset with 400 participants
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Data
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Figure: Participant’s Floor Plan Layout with Sensor Location[5]
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Activity Information

Data related to eight activities called Instrumental
Activities of Daily Living (IADLs)

Based on a resident’s ability to perform IADLs, clinicians
can characterize their daily behavior and find out
whether they have cognitive or physical difficulties.
Decline in an ability to perform IADLs is often related to
the decline of cognitive ability [6, 7].

Sweep the kitchen and dust the living room.
Obtain a set of medicines and fill medicine dispenser.
Write a birthday card and enclose a check.

Find the appropriate DVD and watch the news clip.
Obtain a watering can and water living room’s plant.
Answer the phone and respond to questions.
Prepare a cup of soup using the microwave
Pick a complete outfit for an interview.

B R Pl Bl R o

List of activities
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Graph Based Anomaly Detection [8]
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Pr(SA) = # particular SA / # all SA’s

Anomaly score = Pr(SA) * dist(SA,S)

Possible Anomalies:-
Missing nodes/edges (gathered along the way)
Additional nodes/edges (search a bit further)
Modified labels among structural matches
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Experimentation

Python-based parser tool to construct graph using
sensor log files, activities and sensor floor-plan layout.
Separate graphs (called acitivity graph) for each of the
eight IADL activities for all participants.

Activity graph 1 (i.e., sweep kitchen and dust living room)
is the biggest graph (21,293 vertices and 21,050 edges).
Activity graph 3 (i.e., write birthday card) is the smallest
(only 4367 vertices and 4125 edges).
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Experimentation
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Results
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TABLE II. GBAD RESULTS FOR PARTICIPANTS P1, P2, AND P3

.. Anomaly
Activity Graphs Temporal | Spatial | Behavior
1. Sweep kitchen & dust living P1,P2,P3
room
2. Fill medicine dispenser P1, P2
3. Write a birthday card
4. Watch news clip P2
5. Water plants in living room P2, P3 P2, P3
6. Answer phone P3 Pl
7. Prepare a cup of soup P1,P2
8. Choose outfit for an interview P3 P1,P2.P3
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Discussion

Seven activity graphs (beside activity graph 3 i.e. write a
birthday card )showed anomalies related to participants
P1, P2, and P3.

The decline in an ability to perform IADLs is often related
to the decline of cognitive ability [6, 7].

Temporal, spatial and behavior anomalies discovered by
our experiment are indeed indicators of a decline in
cognitive ability.
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Conclusion

Understanding everyday behavior of elderly resident can
be realized using a unsupervised graph-based approach
on smart homes activities data.

Activity graphs are used to find temporal, spatial and
behavior anomalies in elderly resident’s daily activities.

We also theorized that these anomalous behaviors
represent possible scenarios where a participant could
have a decline in cognitive ability.

SEESY

TECY
Aug 1,2018 Paudel, et al. ICDATA’'18 16/19



Future Work

Convert real time sensor logs into graph streams and
look for anomalies which could be a real-time health
monitoring tool.

Vary the sample and run multiple experiments to see if
similar anomalies can be detected.

Investigate the robustness of the graph topology to see
how much the change of graph topology would affect the
outcome of our anomaly detection.

Involve a clinician as a domain expert so that we can
validate our results.
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Conclusion
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