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Why Biomarkers?
Progression of biomarkers in AD Progression

Jedynak et al. Neuroimage, 2012Jack et al. Lancet Neurology, 2010

“Clinical markers are insensitive and change late”



Change in IADLs are a Part of MCI...



IADL Changes...Precede Dementia or MCI Dx by 7-10 Years

Peres, et al. Natural History of Decline in 
Instrumental Activities of Daily Living Performance 
over the 10 Years Preceding the Clinical Diagnosis of 
Dementia: A Prospective Population-Based Study, 
JAGS, 2008 

Buracchio et al. The Trajectory of Gait Speed 
Preceding Mild Cognitive Impairment, Archives 
Neurol. 2010

Howieson et al. Trajectory of mild cognitive impairment 
onset, JINS, 2008



Identifying Functional and Cognitive Change is 
Challenging using Episodic Testing and Self-Report  

High variability in baseline and 
progression of cognitive tests 
(ADNI data from Dodge et. al. Biomarker 
progressions explain higher variability in 
stage-specific cognitive decline than 
baseline values in Alzheimer disease, 
Alzheimer’s & Dementia, 2014)

High variability in self-report measures 
-- UCLA Loneliness Scale 
Austin et al. Smart-Home System to Unobtrusively 
and Continuously Assess Loneliness in Older Adults. 
IEEE Journal of Translational Engineering in Health 
Medicine, 20162002



Which has brought us to BDMs in Trials...

Baseline 12 Mos 24 Mos

 Pervasive Computing 
 Wireless Technologies
 “Big Data” Analytics

EVIDENCE

?



1995-2014: 14 RCT’s using 
ICT Devices in Dementia

Evidence for Use of BMDs in (Dementia) Trials

Search terms (2000-2014): 
disease modeling and clinical 
trials; adaptive design, clinical 
trials, and neurology; Internet, 
clinical trials, and neurology; 
and telemedicine, clinical 
trials, and neurology -
22/7976 articles were 
determined relevant and 
included in the review.

Search terms (1995-2014): 
Alzheimer’s disease, dementia, 
MCI, predementia, information 
and communication
technologies, actigraphy, 
assistive technologies, 
monitoring devices, ICT devices, 
infra-red tracking, smart 
environments, Clinical trials.



Evidence for Use of BMDs in Dementia Trials
Vegesna et al. Remote Patient Monitoring via Non-Invasive Digital Technologies: 
A Systematic Review, TELEMEDICINE and e-HEALTH, 2016

...definition of RPM: an ambulatory, noninvasive digital technology used to capture 
patient data in real time and transmit health information for assessment by a health 
professional or for self-management.



Considerations for BMD Development

• Ecological Validity (Users and Use Cases)
– Data for discovery, drug development, registration?
– How closely does the data reflect the ‘call of the wild’?
– Is the methodology user friendly including trials teams friendly?

• Encoding (Data)
– How does the data fare across the arc from initial generation to 

data lock (and beyond)?  
– Data standards/structures, provenance (capture, processing, 

recording, analytics, storage...)?

• Evidence Creation (Validation, Meaningfulness, Adoption)
– What is needed to ensure that BMD data generated is valid, 

reliable and provides the intended meaning for trial outcomes?
– Fit for regulators, payers, people?



Device / Sensor
“X”

Activity, Sleep, Mobility 
Time & Location

Computer ActivityDoors Open/CloseDriving

Kaye et al. Journals of Gerontology, 2011; Lyons et al. Frontiers in Aging Neuroscience, 2015 

Technology ‘agnostic’ pervasive computing platform for 
continuous home-based assessment and Tx

Body Composition, Pulse, 
Temperature, C02

MedTracker

Phone Activity/EMA

Secure 
Internet

ORCATECH Secure 
Data Backend -

Digital Data 
Repository

Data Scientists 
University 

Collaborations
PHARMA

Health Industry

iCONECT - MI/OR

CART - 202 Portland

CART - MARS Chicago

CART - PRISM Miami

CART - VA VISN 20

EVALUATE - AD

AIMS Transitions

Life Laboratory - BC

Life Laboratory Cohort

Studies Cohorts

ACTC Studies XYZ



Considering Use Examples 
Emphasizing Motor Function, Sleep, and Cognition



Hayes et al. Alzheimer's & Dementia, 2008; 4(6): 395-405.

MCI

NL

Hayes et al. Alzheimers Dement, 2008

Trajectories of gait 
speed over time
Dodge, et al. Neurology, 2012

Activity patterns 
associated with MCI

Early 
MCI 

Late 
MCI 

Physical Activity and Mobility Behaviors 
Differentiation of early MCI



Physical Activity and Mobility Behaviors
Room activity distributions differentiating MCI vs not MCI (n=85)

Akl et al. Journal of Ambient Intelligence and Smart Environments, 2015

Room Bedroom Bathroom Kitchen Living Room Combined

F0.5 Score* 0.842 0.829 0.813 0.826 0.856

*F0.5 Scores window size ω = 20 weeks; slide size = 4 weeks (with leave-one-subject-out cross validation)



Night-time Behavior & Sleep
Differentiation of MCI

Hayes, et al. Alzheimer Dis Assoc Disord. 2014
Hayes, et al. IEEE Eng Med Biol Soc, 2010

No Differences Between Groups in Self-Report Measures

Self-Report 
Measure

Intact aMCI naMCI P value

Subjective 
Daytime
Sleepiness

1.8 ± 0.2 1.5 ± 0.3 2.0 ± 0.3 0.69

Subjective
Insomnia

1.3 ± 0.2 0.8 ± 0.3 1.6 ± 0.3 0.21

Subjective 
Restlessness

1.0 ± 0.1 0.4 ± 0.3 0.7 ± 0.2 0.34

Times up at 
night

1.1 ± 0.1 1.0 ± 0.3 1.0 ± 0.2 0.77

Objective
Measure

Intact aMCI naMCI P value

Movement in 
Bed (sensor 
firings) 

9.4 ± 0.4 7.8 ± 0.9 10.9 ± 0.7 p < 0.05 
(aMCI < naMCI)

Wake After 
Sleep Onset 
(mins)

27.2 ± 1.2 13.5 ± 2.6 20.6 ± 2.0 p < 0.001 
(aMCI < intact, 

naMCI)

Settling Time 
(mins)

2.5 ± 0.07 2.3 ± 0.15 3.1 ± 0.11 p < 0.001 
(naMCI > intact, 

aMCI)

Times up at 
night (# times)

2.1 ± 0.04 1.6 ± 0.10 1.9 ± 0.08 p < 0.001 
(aMCI < intact, 

naMCI)

Total Sleep 
Time (hrs)

8.3 ± 0.04 8.5 ± 0.09 8.5 ± 0.07 NS

NA-MCI -

Normal -

A-MCI -



Cognition: Computer/Internet-based Online Testing
Survey for Memory, Attention, and Response Time (SMART)

Time dwell mapping

Mouse/touchscreen movements

Typing speed

Face-valid cognitive tasks

Movement hesitation = “thinking time”



Cognitive Function Affected by Sleep History



Cognition: Medication Adherence 

Austin, et al. Alzheimer’s & Dementia: Diagnosis, 
Assessment & Disease Monitoring, 2017

• Individuals with lower 
cognitive function have 
more ‘spread’ in the 
timing of taking their 
medications (p < .014)

• Increase over time in the 
spread of timing of 
taking their medications 
(P < .012)

June-Aug 
2015

Feb-April 
2015

6
M

o
n

th
s

Continuous monitoring of medication adherence may 
identify patients experiencing slow cognitive decline 



14

16

18

20

0 4 8 12 16 20 24 28 32

M
e

a
n

 D
a
y
s

 o
n

 C
o

m
p

u
te

r

Months of Continuous Monitoring

Intact MCI

Computer Use: Assessment of 
Cognition, Behavior, Motor Function

Kaye, et al. Alzheimers Dement. 2014; Silbert et al., Alzheimers Dement, 
2015; Seelye et al. Alzheimers Dement.: Diagnosis, Assessment & 
Disease Monitoring, 2015; Seelye et al. Alzheimer’s Disease & Assoc. 
Disorders, 2015

Some 
Self-

Report 
Data is 

Necessary



Associations Between Observed In-Home Behaviors and Self-
Reported Low Mood in Community-Dwelling Older Adults

Thielke, et al. Journal 

Amer Geriatr Soc., 2014

• Every week participants (n= 157; mean age 84) completed an online health 
questionnaire that assessed nine domains of health during the last week. 

• The item related to low mood asked, "During the last week, have you felt 
downhearted or blue for more than three days?“

• 18,960 weekly observations of mood over 3.7 yrs were analyzed; 2.6% 
involved low mood.



Phone use 
Indicator of mood and cognitive function

Petersen et al.  Phone behaviour and its relationship to loneliness 
in older adults, Aging & Mental Health, 2016 

22,595 calls; 26 people; 25 weeks



Considering Trials



Time spent outside home
Phone use (time on 

phone; number of calls

Computer use (time on 
computer; computer 

sessions)

In-home activity levels 
(mobility, walking speed)

Using objective in-home monitoring to identify meaningful 
behaviours changing during a loneliness intervention

Austin et al. IEEE Journal of Translational Engineering in Health Medicine 2016

Intervention: “Capturing Time: Journaling 
Your Journey” -- designed to improve negative 
emotions such as loneliness, depression, 
anxiety, and low self-esteem. 



Capturing Time: digital biomarker results

•  Loneliness 
(p<0.05) by an 
average of 2.2 ± 3 
points. 

•  Time out-of-
home (β=0.96, 
p<0.01)

•  Number of 
computer sessions 
(IRR=1.196, p<0.01) 

•  Daily number of 
calls (IRR=0.84, 
p<0.05). 

• Total phone calls, 
after intervention 
(IRR=1.003, p<0.01)

•  Walking speed 
over time (β = 0.002, 
p<0.01). 

Austin, et al. 2017 (under review)

Start

End



The “Social Engagement Study” (H. Dodge, PI)

Active, Frequent Assessments & Interventions Can be 
Delivered Everyday - an RCT to Increase Social Interaction in 
MCI Using Home-based Technologies 

• 6 week RCT of daily 30 min video chats using 
Internet connected personal computers with a 
webcam vs. weekly brief phone interview

• N = 86; 80.5 ± 6.8 years; MCI & Normal Cognition
• 89% of all possible sessions completed; 

Exceptional adherence – no drop-out
• MCI participants spoke 2985 words on average; 

cognitively intact spoke 2423 words during 
sessions (controlling for age, gender, interviewer 
and time of assessment, p=0.03)

Dodge et al. Alzheimer's & Dementia: Translational Research & 
Clinical Interventions, 2015
Dodge et al., Current Alzheimer’s Disease, 2015



Social Engagement Study
Social markers of cognitive function

MCI?
#$!@$

Dodge et al. Current Alzheimer Res. 2015
Asgari et al. Alzheimer’s & Dementia: Translational Research & Clinical Interventions, 2017



I-CONECT:  Internet-based 
Conversational Engagement 
Clinical Trials 

MCI
n=90

Healthy
n=90

MCI
n=90 

Healthy
n=90

TX
n=45

Control
n=45 

TX
n=45

Control
n=45

TX
n=45

Control
n=45

TX
n=45

Control
n=45

TX: Video Chat, 4 times/week: 6 months, 2 times/ week: 6 months 
Control: 1/wk phone check. Novel Outcome Measures: MedTracker memory,
Conversational Speech & Language Quantification; vMRI, DTI, fMRI 

Isolated 80+ yrs, 50% African American 

PI: H. Dodge
NIA R01AG051628; R56AG056102) 



ADCS PEACE-AD: RCT of Prazocin for Agitation in AD 
Biometric Monitoring Devices (BMDs) Assessing Agitation  

Digital Agitation Assessment -
Wrist-worn devices with long battery life, H2O-proof and 
pulse measurement. Activity levels monitored 
continuously during entire 12-week titration study using 
wrist actigraphy. Continuous monitoring critical as study 
employs a flexible dose titration schedule, and the use 
of rescue medication for agitation (lorazepam). 

Outcome measures -
Motor activity (total activity counts/steps  over a 24 
hour period (MA24), and the 12 hour period from 6 PM 
to 6 AM for each wk (MA12), for the 12 wk study.  
Percent change in total activity counts at wk 1 (pre-TX) 
compared to wk 12 (post-TX) will be calculated (DMA24

and DMA12). 

Exploratory analyses -
Value of heart rate with movement metrics, activity 
counts in subjects receiving lorazepam and in those 
discontinuing prazosin. Sleep disruption/continuity.



EVALUATE - AD
Ecologically Valid, Ambient, 
Longitudinal and Unbiased 
Assessment of Treatment 
Efficacy in Alzheimer’s Disease

• Longitudinal naturalistic 

observational cohort study 

spanning up to 18 months

• Goal: Establish Digital 

Biomarkers that are sensitive to 

clinical change associated with 

conventional AD TXs 

• ORCATECH platform

• Sixty subjects: 30 patients/30 

care partners (30 households)

• NIA / Merck Funding



EVALUATE – AD: Dyad Analysis 

J. Austin, 2016, unpublished



Thank you!

Harry Huskey (1916 – 2017)

kaye@ohsu.edu





Identifying Prodromal Markers: 

http://infowetrust.com/2014/03/26/creative-routines/

The Everyday Cognition and Functional Activity Life Cycle



Behavioral Signature 
(Geometric Interpretation)
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Putting it all together: High dimensional data fusion 
model predicting analgesic class

Model Analgesic 
Class

Outcome

66,172,380 observations

Austin et al. 2015

24/7 Behavioral -
Activity Data:

Computer use, time out of 
home, etc.

Research 
Assessments:

Cognition, Physical 
Function, Genetics, 

Biomarkers, etc.

Weekly Self-Report:
Mood, Pain, Falls, ER Visits, 

Visitors, etc…

Context:
Weather, Consumer 

Confidence Index, etc.

Health Records:
EHR, Pharmacy, Home 

Care, etc.

Intervention



Predicting Drug Class Effects: Case of analgesics

Observation period: July 2011 – March of 2014; 66,172,380 observations

NSAID Opioi
d

Bot
h

Sensitivity (%) 94.9 65.9 67.4

Specificity (%) 99.9 98.6 99.6

Positive 
Predictive 
Value (%)

99.7 82.6 86.1

Negative 
Predictive 
Value (%)

99.7 96.6 98.9

Correctly
Classified (%)

99.6 95.6 98.6

Logistic regression models treated as 
classifiers (and model fit statistics)



Challenge of Detecting Change: Self Report Inaccuracy
Are you sure?: Lapses in Self-Reported Activities Among Healthy 

Older Adults Reporting Online. Wild et al., 2015

• 26% No Match Between Sensors & Report

• 49% Partial Agreement

• 25% Full Match

Area Firings Time

“What were you doing during the past 2 
hours?”

n=95; Mean age 84 yrs


