Biomedical Time Series Representations
in the Presence of Structured Information

Madalina Fiterau,

Y @Mfiterau

W
Suvrat BhOOShan

Charles Bournhg
Jennifer Hicks,

Christopher gg

» Jason Fries,
neque’

Eni Hali]a

» Scott Delp

@MObi“ZG‘Center

We acknowledge support from the NIH (U54 EB020405).




Biomedical Time Series Representations

in the Presence of Structured Informatio

Time series Structured information

Demographics

Gait kinematics

e - . . D \/\

. : s
; -
| > » 70
[ N 1\ S o

h

A N 20

\ ° 20 a0 60 80 100

Clinical tests

Medical history

® oA
3 2IR TR 508
£ . A ooy
e ST 0y PR
o 5905 0w N d 4 00
A S AN D Ul e N
‘2. » 2 o
oo o
4 P HS ool oo N
3 = ¥ ), 8
FE o e R KB O e e B & » % o
B T N et 080T PeH B f e )
%0 S NS St o8 % o4
\ Bp 4 0l Coa T A ROATE D * & &
N, BT R0 K Lo » R B0
"

000y

Longitudinal data Accelerometry

°
o (&0

l
Representations
!

Prediction

Vital signs

ShortFuse: Biomedical Time Series Representations in the Presence of Structured Information 9




Biomedical Time Series Representations

in the Presence of Structured Informatio

Osteoarthritis
Progression

‘ Deep Net U

|

|
obese o : _____ pek ey
MUJM ulmw

Activity counts

ShortFuse: Biomedical Time Series Representations in the Presence of Structured Information 3




Biomedical Time Series Representations

in the Presence of Structured Informatio

Osteoarthritis
Progression

Deep Net

peak intensity

LMJJM MIM’M I

Activity counts

ShortFuse: Biomedical Time Series Representations in the Presence of Structured Information 4




Biomedical Time Series Representations

in the Presence of Structured Informatio

Covariates introduced in the representation learning process

Age Gender Height Weight
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= Hybrid convolutions
= Each filter uses a different set of covariates
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Forecasting the speed of Predicting surgery outcome for
osteoarthritis progression children with cerebral palsy

Joint symptoms , Medical history,
Nutrition, Physical exams.
+

Activity counts
= |y .Mn

Y

Time (hours)

|

T
LTINS

Binary classification: fast/slow Classification: good /bad outcome
State of the art: 67% accuracy Baseline: 78% (domain expertise)
ShortFuse: 74% accuracy ShortFuse: 78% no feature engineering
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