Developing new clinical
decision support tools for
Parkinson’s disease
management

Institute -Ydbs
Medical S



Problem with current assessment




Quantifying symptom severity

Unified Parkinson’s Disease Rating Scale (UPDRS)

comprises three components and 44 sections in total, each section spans the range 0-4

Component 1
Mentation, behavior and mood
4 sections (1-4)

Activities of daily living

Component 3
Motor (motor-UPDRS)
27 sections (18-44)

Component 2

13 sections (5-17)

thought
and

Includes mentation,
disorder, depression,
motivation/initiative

Ability to complete daily
tasks
dressing, walking, writing

Muscle problems e.g.
tremor, rigidity, posture,
stability, bradykinesia

unassisted, e.qg.

Section 5: Speech — the clinician
assesses whether the subject’s
vocal output is understandable
during casual discussion.

Section 18: Speech — the clinician
assesses whether the subject’s
vocal output is expressive during
casual discussion.
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Proposed solution

Telemed
the dawn of a new era
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Time-series & pattern recognition
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Extract feature vector

| \ 4

0 - Feature selection/transformation
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Statistical machine learning
02 ' (mapping features < outcome)

. Fundamental
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Feature extraction

~ Perturbation algorithms

e Amplitude changes
e Frequency changes

Repeatability (entropy)

e Pattern consistency
e Variability

Energy

e Duration
e Signal-to-noise ratio concepts

© A. Tsanas, 2018



Overview of data analysis

Feature generation Feature selection Statistical
from raw data :> or transformation :> mapping

| fez )

P1 3.1 1.3 0.9 1
P2 3.7 1.0 1.3 2
N- P3 2.9 2.6 0.6 1
Py \L7 2.0 0.7 ) 3
M (features or characteristics) outcome

Depending on the problem, “features” can be demographics, genes, ...

y =1 (X), f: mechanism  X: feature set  y: outcome
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Remote assessment

a Motor UPDRS tracking for a male subject
" A. Tsanas, et al.,
OD: TBME 2010, JRSI
% %MAE: 1.69+ 1.82 2011, TBME 2012,
Baseline: 25 3-month: 27 6-month: 21 PRD 2012, TNSRE
‘ ‘ ‘ 2014
b Total UPDRS tracking for a male subject
40
o 306N
s | REUTERS
o - MAE: 1.93+3.03
- 10+~ I |
Baseline: 30 3-month: 35 6-month: 25
1495ep-2ooe 13-Dec-2006 28-Mar-2007

1 Clinicians’ assessment, ® interpolated UPDRS, o predicted UPDRS

B 25-75 percentile confidence interval, B 5-95 percentile confidence interval
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Mental health telemonitoring
Project 2
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Proposed solution

Frequent time- Sensor-based
stamped self-reports objective monitoring
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Assessing mental health

Quick Inventory of Depressive
Symptomatology—5Self-Repart

Continuous personalized monitoring

Objectively quantify mental health '

Irmtable

Identify characteristic patterns s Supioed

Subenit
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Self-assessment: questionnaires

S6 (BD), 08 Feb 2012 - 24 Feb 2015
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A. Tsanas et al.: Daily longitudinal self-monitoring of mood variability in bipolar disorder and borderline
personality disorder, Journal of Affective Disorders, Vol. 205, pp. 225-233, 2016

A. Tsanas et al.: Clinical insight into latent variables of psychiatric questionnaires for mood symptom
self-assessment, JMIR Mental Health, Vol. 4, pp. el5, 2017




Geolocation and depression

02 % HC Data A BD Data---QIDS = 11— Linear —Quadratic Logistic GLM
{:I -
E
3 257
=02t
s
£ A
=
2.04 D 20 = “
S S ‘
A N L
E-[},E- U) ‘15n t“ A A
E %) S, -
8 ) ak A A A
T -0.8F 9 10'&‘;:_:551_11__}1;;__: ______ .
*a g SN 0 M
=) u s Wy A . A a &
1 ‘l 'y & ‘l"‘ . A
-1 5_ ..ﬁ.‘l j.‘.l-l;-l _‘l,t
= a &, - [ ]
- ik A ;‘. i‘ .-.t It- ] ]
AApm v- hJ oy T =
1.2 I I I 1 1 n 'vﬂ"- -= -...-I- —5‘ l *-\_\-l
0.4 0.3 0.2 -0.1 0 0.1 0.2 0" e - '
Distance from home east (km) O O 5 1
(a) Raw data coordinates with inaccurately recorded noise (weekend) (a) Normalized entropy (weekdays)
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Engineering, Vol. 64, pp. 1761-1771, 2017
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Sleep detection comparisons

van Hees et al. (2015) sleep

detection algorithm

Proposed

sleep detection

algorithm in this study

Sleep onset | Sleep offset Sleep onset Sleep offset
Non-
traumatised -56+112 22.5+106 -12.5+51 2+30.25
controls
Traumatised
Tl -81+147 35.5495.5 -18+50 10+46.75
PTSD

-78+131.25 | 41.5%122.5 -34+78.25 10+45.25

participants




Objective signal monitoring

Actogram 14004 (HC), 01 -Feb- 2014 14- Feb 2014
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Smartwatch processing
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PTSD, before and after treatment

Data: C44 (PTSD patient), 08 Oct 2015 - 15 Oct 2015
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Parkinson’s disease ..
revisited

Dundee-Edinburgh Parkinson’s Initiative

Or NEJroNE ci-s!sec::s.
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LOngitudinal Monitoring of
PARkinson’s Disease
symptom progression:
the LOMPARD study
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of Dundet }mﬁ'iue 3% EUAN MACDONAIDCENTRE  Anne Rowling
The LOMPARD StUdy i
Problems: snapshot that is used for c

clinical decision making, Hawthorne
effect, real life, under recognition of
NMS

symptoms that is clinically useful for
both the patient and the clinical team

=
D
Aim: create a way to monitor ﬁ

Emphasis on Non-motor symptoms
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Study design

5o people for 1 year, early- mid stage PD

Motor Symptoms: In person
Smartwatch and app tasks assessment:
UPDRS, MoCA
Non motor symptoms: Pre and post study

L . Interview
Sleep, Neuropsychiatric, Autonomic

At home
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Study aims

Provide an insight into symptom progression
in real life settings

Help clinical decision making

Help in self management of symptoms

Better outcome measures for clinical trials

i
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Interested In participating?

We are looking for people with early-mid stage
PD.

If you are interested in participating or would
like more information email me at

anne.steinberg@ed.ac.uk



mailto:anne.steinberg@ed.ac.uk

Our vision for PD telemonitoring

Data sources Clinical Patient input
expertise

/,

 Fusedata | Humaninput  Improve care
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