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We are Developing an Intelligent Mobile Health LB
Intervention for Upper Limb Rehab. Post-Stroke *
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Statisticians : .
Neurologist “Aging is the most robust non-

modifiable risk factor for incident -
stroke, which doubles every 10
years after age 55 years.”

M. Yousufuddin and N. Young, Aging (Albany, NY), 2019
R. W. Teasell, R. Viana, “Evidence-based benefit of rehabilitation after stroke,” Textbook of Neural Repair and Rehabilitation, 2014



Our Goal is to Fill Some of the Gap in Support for
the 99% of a Survivor’s Life Spent on Their Own

(/#eekly CALENDAR

During the chronic phase,
most of a stroke survivor’s
time is spent without
synchronous support

OT: Occupational Therapist
B. M. Young, et al., Stroke, 2023
M. Ghahramanlou-Holloway, Psychiatry, 2022 3



Our Goal is to Fill Some of the Gap in Support for
the 99% of a Survivor’s Life Spent on Their Own

Implementation Intentions
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A Just-in-Time Adaptive Intervention Delivers
Support That Adapts to Biobehavioral Context

Mobile Health
Support

Just-in-Time Adaptive
Intervention (JITAI)
_
_
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User Queries Passive Sensing

P. Klasnja et al., Health Pscyhol, 2015
I. Nahum-Shani et al., Ann Behav Med, 2017



A Just-in-Time Adaptive Intervention Delivers
Support That Adapts to Biobehavioral Context

—
—
Mobile Health ) —
Support
Just-in-Time Adaptive [ If-Then ]
Intervention (JITAI)
Reminders during
— e mealtime tend to
—_ be effective...
—
x— (based on micro-randomized

User Queries Passive Sensing trial data, for example)

P. Klasnja et al., Health Pscyhol, 2015 Tlme
I. Nahum-Shani et al., Ann Behav Med, 2017 6



A Just-in-Time Adaptive Intervention Delivers B
Support That Adapts to Biobehavioral Context

Mobile Health
Support

g [Just-in-Time AdaptiveJ For Everyone [ If-Then ]

Intervention (JITAI)

1 Reminders during

e mealtime tend to
be effective...
on average.
User Queries Passive Sensing m (Still better than delivering
‘ support unaware of context)

| | N
| | -

P. Klasnja et al., Health Pscyhol, 2015 Tlme
|. Nahum-Shani et al., Ann Behav Med, 2017 7



With Al, We Aim to Personalize the JITAI's it
Decision Rules to Each Stroke Survivor

Mobile Health
Support é
9

Just-in-Time Adaptive
Intervention (JITAI)

T

Reminders during
mealtime are, in
fact, effective anc
appreciated

User Queries Passive Sensing

For Susan




With Al, We Aim to Personalize the JITAI’s
Decision Rules to Each Stroke Survivor

Mobile Health
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Reminders during
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Al is Exciting but Adds a New Layer of Complexity

to the JITAI Design Process

Which Al algorithm to choose?
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BUT WAIT, THERE'S MORE!
ALL OF THESE CHOICES
(NOW ALSO COME IN
PUMPKIN SPICE .
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Al is Exciting but Adds a New Layer of Complexity sas
to the JITAI Design Process *

Which Al algorithm to choose?

o

a ‘O ® What hyperparameters do we use?
o
Q
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A/B Testing With Real Users is Often Infeasible s
Due to Resource Constraints or Risks v
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Even in this simple, illustrative case, we have a 9-arm RCT on our hands...
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We Have Used Prior Deployment Data to Build num
High-Fidelity (As Possible) Simulation Testbeds *

(3)

Hyperparameters

What values to choose and stick with
for the entire next deployment?

N\ D

— Simulation Test Beds | —

/U y

A. L. Trella et al., Proc Innov Appl Artif Intell Conf, 2023 13



We Have Used Prior Deployment Data to Build LET
High-Fidelity (As Possible) Simulation Testbeds

(3)
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We Have Used Prior Deployment Data to Build LET
High-Fidelity (As Possible) Simulation Testbeds *

(3)

Hyperparameters

What values to choose and stick with
for the entire next deployment?
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A. L. Trella et al.,, Proc Innov Appl Artif Intell Conf, 2023 15




Simulation-Informed Decision Making is Key to
Making Thoughtful Design Decisions for JITAIs
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A. H. Gazi et al., under review (link to preprint in program book) 16



Simulation-Informed Decision Making is Key to
Making Thoughtful Design Decisions for JITAIs *

S e
f Sampleg >
\§ ﬁ (No)  pata Collection

Smartphone

A. H. Gazi et al., under review (link to preprint in program book)
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Testbed variants can be built to test
the robustness of algorithms to
assumptions made during
computational modeling (e.g.,
simulated effect size of intervention)
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Data-Deployment Mismatches Make Simulation
Testbed Design a Bit More Difficult
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S o (N1)
f Sampleg > Time o ollon
A\ ﬁ (No)  pata Collection ¢ T, mm\
D JITAI D
P
Deployment, -
Smartphone DataO New Biomarker
A
'bED g S [{4
[ o O Data-deployment
o S 0 . ”
o S @ mismatches” make
E w 01 . .
= simulation testbed
v VS. @ design a bit more difficult
. . VP,
t=1,2,...,Ty Design, Design, !?
. >
r=12.,Ny Simulation Design,

A. H. Gazi et al., under review (link to preprint in program book)
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Data-Deployment Mismatches Make Simulation
Testbed Design a Bit More Difficult

Sample; = Sampleg
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D JITAI D
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are detailed in the preprint 9 € 9 D.ata-deplo'\’/ment
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A. H. Gazi et al., under review (link to preprint in program book)
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But Al Optimization and JITAI Design Does Not ]
Stop There —the Cycle Continues *
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The HeartSteps JITAl is a Great Example of the 2oz
Need for Continual Improvement

» Proc ACM Interact Mob Wearable Ubiquitous Technol. Author manuscript; available in PMC:

» Ann Behav Med. 2018 Sep 5;53(6):573-582. doi: 10.1093/abm/kay067 4 2021 Sep 14.

Published in final edited form as: Proc ACM Interact Mob Wearable Ubiquitous Technol. 2020

Efficacy of Contextually Tailored Suggestions for Physical Mar;4(1):18. doi: 10.1145/3381007 5 V2

Activity: A Micro-randomized Optimization Trial of HeartSteps

Personalized HeartSteps: A Reinforcement Learning
Algorithm for Optimizing Physical Activity

Predrag Klasnja *1'*™, Shawna Smith **, Nicholas J Seewald , Andy Lee 2, Kelly Hall ®, Brook

V1

Luers >, Eric B Hekler ®, Susan A Murphy *

PENG LIAO !, KRISTJAN GREENEWALD 2, PREDRAG KLASNJA 3, SUSAN MURPHY *

= (1\/ > cs > arXiv:2410.14659

Computer Science > Machine Learning

[Submitted on 18 Oct 2024 (1), last revised 6 May 2025 (this version, v3)]

Harnessing Causality in Reinforcement Learning -
With Bagged Decision Times va e

Daiqi Gao, Hsin-Yu Lai, Predrag Klasnja, Susan A. Murphy Pedja Klasnja
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Deployment and Al Optimization is Not a One- T
and-Done — It is a Continual Improvement Process
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Exciting Opportunities to Improve JITAl-Twin zam
Design via Continual Learning and Generative Al *
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‘he Stroke Rehab. Project is in the First Phase of
"his Continual Improvement Process
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Pilot Data on Activities of Daily Living is Exciting! oz
100-Hz IMU Data is Collected Throughout
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Mobile Health
Support 6

[ 4

Questions? MW
o=

Just-in-Time Adaptive
Intervention (JITAI)

User Queries Passive Sensing

Asim H. Gazi
https://asimgazi.github.io
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Simulation-Informed Decision Making is Key to oz
Making Thoughtful Design Decisions for JITAIs

(Hybrid Modeling
Multiple Imputation)

;Veriﬁcation and Validation

~ - ) ) N e N - ) N L ~N
Graphically Compile Prior Address Design or Update g Construct
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Uncertainty Quantification

(Concrete examples for each of these steps are provided in the paper)

A. H. Gazi et al., under review (link to preprint in program book) 27



Verification, Validation, and Uncertainty Sus
Quantitication is a Subcycle Within a Larger Cycle *

on- J\nformed DeC,S,On

\((\\)\a ak//')g
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A. H. Gazi et al., under review (link to preprint in program book) 28
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