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The rise of wearables
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Wearables for Mental Health

Transfer entropy and network dynamics between
heart rate and locomotor activity are altered in
schizophrenia
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Abstract
OBJECTIVE: Changes in heart rate (HR) and locomotor activity reflect changes in autonomic physiology, behavior, and mood. These syslems
may involve intecrelated neural circuits that are allered in psychiatnic iliness, yet their interactions are poory understood. We hypothesized
nteractons between HR and locomotor activity could be usad to discriminate patients with schizophrenia from controls, and would be less
able 10 discriminate non-psychiatric patients from controls.

APPROACH: HR and locomotor activity were recorded via wearable palches in 16 patients with schizophrenia and 19 healthy controls.
Measures of signal complexity and interacions were calculated over multiple time scales, induding sample entropy, mutual information, and
transfer entropy. A support vecior machine was trained on these features to discriminate patients from controls. Additionally, time series were
converted into a network with nodes comprised of HR and locomolor activity states, and edges representing state transitions. Geaph
properties were used as features. Leave-one-out cross validation was performed. To compare against non-psychiatric iliness, the same
approach was repeated in 41 patients with atriad fibrllation (AFd) and 53 controls.

MAIN RESULTS: Network features enabled perfect discrimination of schzophvenia patients from controls with an areas under the receiver
operaling charactensbc curve (AUC) of 1,00 for training and test data, Other bivariate measures of ineraction achweved lower AUCS (train
0.98, test 0.96), and univariate measures of complaxity achieved the lowest performance. Conversaly, interaction features cid not improve
discrimination of AFib patients from controls beyond univariate approaches,
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Unwearables

Confidence Maps

Skeleton

Mingmin Zhao, Tianhong Li, Mohammad Abu Alsheikh, Yonglong Tian, Hang Zhao, Antonio Torralba, Dina Katabi
Through-Wall Human Pose Estimation Using Radio Signals, Computer Vision and Pattern Recognition (CVPR), 2018




Unwearables
Random Walks?




A low cost hack

EMORY Sleep Labs |
™ PR s
Sensor ;},

View of the Raspberry Pi system
from the bed
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Ras;;gerry Pi with
GUI on the touchscreen




Diagnosing sleep apnea

e 32 war veterans diagnosed
with depression, PTSD and no
diagnosed psychiatric issues.

e 11/32 participants had
Periodic Leg Movement
Disorder.




Movement Signal from PIR Sensor
-> Features -> Machine Learning
-> Diagnosis
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> 84% Accuracy in detecting sleep apnea
.... just from the PIR movement sequences!



Motion Detection using
Low Cost Video

e Raspberry Pi mini computer

+ 5MP IR Camera




Algorithm

Pre-Processing Detecting motion between different frames Detect contours

Characterize Detect Human
their movement Activity




Complex Activity Tracking

ﬂnenPOSe

Authors Gines Hidalgo(left) and Hanbyul Joo(right) in front of the CMU Panoptic Studio




Emotion Detection From Video

DL model trained
with public data

input layer
hidden layer

separate into _
video of a patient frames face detection emotion recognition

Classi fication results

frame by

frame
—

Emoji Expression

in one video

. Emotion fluctuations
(time series)

Classifier
Result applied to
time series

small model trained
with private data

a



Emotion Detection Demo (Actor)




Application to Severe Depression

8 patients
~200 videos

Analyze frames

(~20min/each) once a second

Emotion [fluctuations

Binary
classification
(HAM-D>7)

avg of relative
probability of
each emotion

The Hamilton Depression
Rating Scale (HAM-D)

LOOCV:

AUC: 0.79 — determines a patient’s level of

depression before, during, and
after treatment.

Accuracy: 74%

Iratrucsons

Hamiiton Rating Scale for Depression (17-items)
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What next?

TECHNOLOGY: TIME 10O REACH MASS ADOPTION
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