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Positive Computing From Productivity to Flourishing
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Data, Data, Data

Because everyone matters.

Exponential Growth in New Forms of Data Will Play an Increasing
Important Role in Enabling Better Outcomes

Exogenous data
(Behavior, Socio-economic, Environmental, ...)

600/0 of determinants of health

-.1100 Terabytes

Volume, Variety, Velocity, Veracity ... Generated per lifetime

Genomics data 6 TB

30% i

O of determinants of health Per lifetime
Volume
Clinical data
s . 0.4 TB

10% of determinants of health _ Per lifetime

Variety :
Source: “The Relatve Contrbution of Multiple Determenants 1o Heath
Outcomes”, Lauren McGover et al., Health Affairs, 33, no.2 (2014)

IBM Health and Sccial Programs Summit | #IBMHSPS14 | #smartercare | #socialprograms ‘

The relative contribution of multiple determinants to health outcomes, Health Affairs 2002
https://www.slideshare.net/curamroundtable/day-1-gs1-2-steve-mills-ibm-sr-vice-pres-group-exec-software-systems



https://www.slideshare.net/curamroundtable/day-1-gs1-2-steve-mills-ibm-sr-vice-pres-group-exec-software-systems

—

The Office of the National Coordinator for
Health Information Technology
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Health-related data created and recorded
by or from patients outside of the clinical
setting to help address a health concern

ACTIVITY
LEVEL

MOBILE
APPLICATIONS

[/ twitter.

PGHD?

PATIENT-GENERATED HEALTH DATA

SYMPTOMS

WEARABLE
DEVICES

‘0.0 0 ©

cod D5 86 &t B DHALRL18 hlY s at us/ https:

. Y'Eq®

WHAT ARE

\!} Microphone
m Touch Screen
B Camera
‘ Altimeter
m Barometer

&P rro

"Af" ElectroCardioGraph
jf' MU
@ Geo-Positioning
o
T Light Sensor

a Thermomelar

,...6.. ElectroMyoGraph
. ElectroDermoGraph
ﬁ Logic

% Wireless Interactions

.?f]f. Social Network

MEDICATION
EFFECTS

BIOMETRIC

REGISTERED
MEDICAL
DEVICES

SURVEYS AND
QUESTIONNAIRES

erl
Sensor Patch
Eh o
Smart Watch Band _—
) HAHSHIQmAnDIVe

“~___ Smart Phone / Tablet

FEFGHIDIm A DR

“~._Smart Ring

“~___ Sensorsin Clothes

FoeanHh &

[/ www. natdr06&®0mM82Art i cl es/ s2https:

Wellness Quantified

[/ www.

/ \ -
Disease Demystified

sciencedir edt7.16dmB/4d 0O /7



https://twitter.com/DigitalDHealth/status/1425861928648282116
https://www.nature.com/articles/s41746-019-0084-2
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https://peartherapeutics.com/science/prescription-digital-therapeutics
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DTx

(Receptivity/Engagement)
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Disengagement IFohbhfnfou
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n 50%

Project Initial Uptake (%) Final Week (%) Completers (%)
EVO 42% 20% 14%
Apvate ! 100% 82% 50%
Moodivate 100% 50% 50%
IntelliCare: self-guided 100% 83% 83%
CBT-PPT 17T% - 33%
Get Happy Program Mobile App 68% - 45%

Rate of uptake: number of participants randomized to the intervention who used it at least once
Final week: duration of use based on what fraction of users used in the final week
Completer: participants who completed the intervention as intended per intervention instructions or per specified adherence criteria

Digital Mental Health Interventions for Depression: Scoping Review of User Engagement,
Lipschitz JM, Van Boxtel R, Torous J, Firth J, Lebovitz JG, Burdick KE, Hogan TP J Med Internet Res 2022;24(10):e39204 doi: 10.2196/39204
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( ) - (Stand Up & Walk)
- SC: Self- Control . BD: Boredom Proneness
3 1.0
0 | High-SC & Low-BD High-SC & Low-BD
0 | Mid-SC & Mid-8D Mid-SC & Mid-BD
4 Low-5C & High-BD 0.8 - Low-SC & High-BD
=
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E 2 - 854 !
; 2
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(DTx Engagement) (Behavior Adherence)

Understanding Disengagement in Just - in- Time Mobile Health Interventions, Joonyoung Park and Uichin Lee, PACM IMWUT 2023 (Best Paper Award)
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DataDriven Strategies for Engagement Empowerment

Coll ect Anal yze & rn Inform & Act
Sensor + Log Dljat a Data Processing & a ¢ h|i nData-tlrigea Just-inttirge Intervention
- _— ‘Fou reached your daily goal!'H
6‘]’ 5 --—0 @ L'\ i‘ﬂ ilf you dondot feel good ow, pleas
& o \ LL do this exercisebo

O/
H H
Analyzing Asituations requiring engagemento: \
'H H
Of fering ANninterventions enabling el

Intelligent Positive Computing with Mobile, Wearable, and 10T Devidgagerature Review and Research Directions, Lee et al., 2019



Digital PhenotypHfgndinituations Requiring Engagement

Spider Human

genetic selection + cultural
selection

differential + differential
reproduction reproduction
of genes of beliefs,

behaviors,

I and norms I
extended extended o -
phenotype phenotype .° o

The Digital Phenotype: a Philosophical and Ethical Exploration, 2019

https://www.researchgate.net/figure/Analogies-between-the-extended-phenotypes-of-spiders-and-humans-Built-with-Apple-Keynote figl 325704224
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https://www.researchgate.net/figure/Analogies-between-the-extended-phenotypes-of-spiders-and-humans-Built-with-Apple-Keynote_fig1_325704224

N Ly = 1(x)
Digital PhenotypHuigappingy = f(x)
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Accelerometer Location
Call Logs _’ S
SMS / Email Activity
Screen Time \ j ——
Microphone
Social Activity Loneliness

Lock/Unlock Events

. ™

Light Sensor ‘

& e :
App Usage Sleep DEprSSIOn
Bluetooth

Browser History

Phone Use

Toward clinical digital phenotyping: a time2lDpportunity to con:
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Mobile Phone Sensor Correlates of Depressive Symptom Severity in Daily-Life Behavior: An Exploratory Study,
Sohrab Saeb et al., 2015 https://www.jmir.org/2015/7/e175/
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Digital Phenotypiig GNjz n GPbn ©dGA5 DGNj zn

Correlated, but significant individual variations exist
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Harnessing Home 10T for Self-tracking Emotional Wellbeing: Behavioral Patterns, Self-Reflection, and Privacy Concerns,
Youngji Koh, Chanhee Lee, Eunki Joung, Hyunsoo Lee, and Uichin Lee, PACM IMWUT Vol. 9, No. 3, Article 96. 2025



Digital Phenotypuigour Phone Knows Cognitive Function

Detecting Blood Alcohol Concentration Levels Using Smartphone ADL Data
- ADLs (Activities of Daily Living) are widely used for functional assessment

Non Moderate Heavy S-ADL Communication Camera Finance Internet Searching
Drmkmg Drlnklng Drlnkmgj ADL ADL ADL (Traveling case)ADL

1 | |

Phone Message Camera Banking v;eathﬁr Lgcatic;‘n
0. 00% 0 04% 0' 08% earc| earc
App & (£ - =Y R,

=G e 6 ® & @&

| | | | |

Phone Number Register & Call UH HH Hl I 1 HH Hl
VTUVTVTIUT LwwnITT TO T 4= wnrr -2

D)y | Ly Q s232 §432 282 38 EREf gi:
| § sass 2288 828 332 w2z 208

ZZXO 00 << <@ s X 03521 S 3
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. Tasks o2 =zzo08 ©36 £23& 3383 ITITY

Phone Receive & Reply 288 powe J8L 885 @Fde Fod
o m won 33 2<D Q n 22 oz

g3> &&33 833 F F 3 2% 33

. 228 ©833 "83 § % 3z "2 &
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S-ADL: Exploring Smartphone-based Activities of Daily Living to Detect Blood Alcohol Concentration in a Controlled Environment,
Hansoo Lee, Auk Kim, Sangwon Bae, Uichin Lee ACM CHI 2024
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Detecting Blood Alcohol Concentration Levels using Smartphone Data

S-ADL ExpBmarnpihased

Hanslooe ,

ML Model's Performance (%)

B Accuracy [ AUCROC

S-ADL : Smartphone

A2GsduaD

100.0
Activities of Daily Living
75.0
Vs.
50.0 ]
CNT : Computerized
Neurocognitive Test (e.g.,
25.0 .
n-back, working memory test)
0.0 S-ADL CNT S-ADL+CNT Go trial espons No-go trial
Combination of metrics
ﬂ Non Moderate Heavy
4 Drinking Drinking Drinking
BAC BAC BAC
0.00% VS " 0.04% 0.08% ®
ActivitiesoobebDaectyBLbodndél cohol Concentr at
A uSka nKgi wBoane |, UichiGHR@24 ACM



Digital Phenotypu\yorkplacklentalWWellbeing /

" Display Rule
— !
3
— —
A
1 I !
(Emotion Regulation)
ANEmoti onal W Emokonhab LaaltboContexts
O _
wiemees o [ G el G ] G e o
-------------------------------- e S e B

D EEEET
- _._j' Call Customer with Shouting or Swearing Shouting or Swearing
Polar H10 ' Condition Neutral voice tone customer customer
0 > EEECELEE * - I Collected Voice Voice Voice Self-report on
Data Physiological Physiological Emotional Workload

Empatica E4 Physiological

Gopher, D., & Braune, R. (1984). On the psychophysics of workload: Why bother with subjective measures?. Human factors, 26(5), 519-532.
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AEmoti onal MW&mokidnal laaldooContexts
Accuracy  Fl-macro  AUC score
Decision Tree 0.76 (0.14) 0.75 (0.15) 0.83 (0.10)
o Situational Cue Required Not Required Random Forest 0.87 (0]1) 0.87 (012) 0.96 (006)
<
g (_) () 0 Pl | AdaBoost 0.85(0.14)  0.85(0.14)  0.95(0.08)
w
% Headset Headset E4 Muse S Polar H10 XGBoost 0.85 (017) 0.84 (018) 0.94 (010)
¥ Vo || Voe || ncc ea mwe e o LDA 0.87(0.15)  0.87(0.16)  0.95(0.09)
p v Y Buttormorth low-oass fitey _ Buttenworth high-pass fiter kNN 0.80 (0.06)  0.80 (0.06)  0.93 (0.04)
% Pre-emphasis filter utterworth low-pass filter "o Lo low-pass filter
@ ¥ ¥ I SVM 0.88 (0.12) 0.87 (0.13) 0.95 (0.07)
§ Hamming Window Dgfgfgit;g;g Fourier transform
E B _tJ/ | V2 | . d\l/ . | Random Forest
ow-level descriptors : : ana power features . . .
(Acoustic feature?s) T A S (theta, al;?ha, beta, gamma) Data Combination (LOW stlmulus VS. ngh stunulus)
M M t 1*3 i’ 2 M Accuracy  Fl-score AUC score
features features features features features  features features W.voice 0.65 (0.04) 0.78 (0.02) 0.60 (0.10)
TOTAL 228 FEATURES EXTRACTED C.voice 0.88 (0.18)  0.91 (0.12) 0.92 (0.16)
: : 1sec Sliding Window (Voice, ACC:SsecIOthers:-‘IOsec) : C.V()ice + WVOice 088 (017) 091 (012) 0-92 (015)
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Type {Shouting) (Sirsaring) a® C.voice + Physiological + W.voice 0.87 (0.13)  0.90 (0.10) 0.93 (0.11)
Physiological (Convenient to obtain - EDA, ACC, TEMP) _ 0.64 (0.15) _ 0.73 (0.12) __ 0.63 (0.23)
C.voice + W.voice + Physiological (EDA, ACC, TEMP) 0.85(0.19)  0.89(0.14) 0.90 (0.17)
Hi eaen-deek: Det ecoEimpg iWamralerwor kl oad i n Emoti onal Labor Contexts Usi

Eunj i

DRdarekunian,

Jineefsendamnd f Ui

c hilnMWWO 2RIACM

n



I

DataDriven Strategies for Engagement Empowerment

Collect Analyze & Learn Inform & Act
Sensor + Log Data Data Processing & Machine Learning Data-driven Just-in-time Intervention

_ o /O\ ‘ .
?ﬁf %T{o ‘EO\ @ L'[:L \Dﬂ gfufrja%hsduyouzjdj”r{%O?II_Hf egl good ow, pleas
\k{ O/ [0} I'S exercilseo
H H
Anal yasiintguati ons requiori Wgaefdgagement
A Digital p hiesn ottoy pfiinngd a mapping function from
A Examp:!l esepression, cognitive function, alcoho
probl entaltaiscs ipnhone usage behavior‘|s_| H

Of f enMimtger venti ons enaadl iWwhge nemkgage
How?

Intelligent Positive Computing with Mobile, Wearable, and 10T Devidgagerature Review and Research Directions, Lee et al., 2019



JustinTime Health InterventiBrnoviding the Right Type of Support at the Right Time

EI ﬂ x For every one bad

thing you say, find
3 good points to
highlight.

do you want to
guit smcking?

Do you need to

' ? ((( ))) cool off?
/ Disengage, walk away,
? ﬁ take a 5 min break.

Appl e Watch/ FitbitQSense A-CHESS ParentGuardian
suggest-spsteaerdcitsree gger swhivan nc¢ o gis maivers support messages when reminds behavioral strategies
at prolonged sedefnteaquamedsdseyd | o c ad subjeat goes near pubs and bars when detecting negative valence

( NaugRrtOd s, (McTavish, 2012) (Pina, 2014)

Naughton et al. 2016. A Context-Sensing Mobile Phone App (Q Sense) for Smoking Cessation: A Mixed-Methods Study. JMIR mHealth and uHealth, 4(3), €106
McTavish et al. 2012. How Patients Recovering from Alcoholism Use a Smartphone Intervention. Journal of Dual Diagnosis, 8(4)
Pina et al. 2014. In Situ Cues for ADHD Parenting Strategies Using Mobile Technology. PervasiveHealth 6 1 4



When to Engage with Users in JIT Mobile Intervention?

—
(YY)
&)

\

JIT intervention signal

AVAILABLE
s determined to
adhere?

| (s

Multi - Stage Receptivity Model for Just - in- Time Mobile Intervention

Actual performance
of the target behavior

Is available?

Multi-Stage Receptivity Model for Mobile Just-In-Time Health Intervention Woohyeok Choi, Sangkeun Park, Duyeon Kim, Youn-kyung Lim, and Uichin Lee
Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies (IMWUT), Volume 3, Issue 2, Article 39, June 2019



When to Engage with Users in JIT Mobile Intervention?

£ ABC Pfom ewLn n28 # R 0] 432 %

il
W i vt € Answer to a Survey =  Received surveys
Please stand up and mave around for a minute
It's time to stand up! It's time to stand up! 420 AN (2 i ag)
Ploaso stand up and move around for a minute Please stand up and move around for a minute.
Fobwuary 16, 11:28 PM {20 3ec. ago)
Plegse recall contexts st the arrival of this notification and Il‘sllmelomndup! FeSumy 4| ety
answer questions below. [* means you shoukd answer it Please stand up and move around for 2 mirute. 3
B60-min STILL/IN_VEHICLE
+ WOULD YOU LIKE TO STAND UP AND MOVE ot o passes on ACTIVITY_TRANSITION_ENTER
ARQUND FOR A MINUTE? Plaase stand up and ¥
OVes 1S time 1o $1and up! ety <2 . ~
O Planse stand iip el irve around for & Mot Prolonged Intervention Intervention
pa sedentariness scheduled canceled
\) Cannot recall
It’s time 1o s1and up!
f d up and m N
* WHY DO (NOT) YOU STAND UP AND MOVE
AROUND FOR A MINUTE? Its time to stand up! Deliver STILL/IN_VEHICLE
Plese stand up and mave sround foc a minute a prompt on ACTIVITY_TRANSITION_EXIT
It's time to stand up!
T 18 W 17
* WHAT WOULD YOU DO AFTER STANDING UP?

Multi-Stage Receptivity Model for Mobile Just-In-Time Health Intervention Woohyeok Choi, Sangkeun Park, Duyeon Kim, Youn-kyung Lim, and Uichin Lee
Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies (IMWUT), Volume 3, Issue 2, Article 39, June 2019



When to Engage with Users in JIT Mobile Intervention?

(+) Ongoing task (+) Ongoing task (+) On_going task .
Working/Studying, Resting/Relaxing, Working/Studying, Resting/Relaxing, Conversing, Right after waking up
Video watching, Getting ready for bed Video watching

(+) Location
Home, Work, Cafe/Restaurant

s determined to
adhere?

Actual performance

ilable?
Is available? of the target behavior

Is perceived?

©

(-) Ongoing task
(-) Ongoing task Getting ready for bed
Class/Meeting, Eating, \ () Level of focus
Getting ready for bed, Drivin & i
(-) Ongoing task 9 y g\(-) Location () Level of fatigue >
Eating, Gaming, Sleeping Vehicle () s"g(;:i:fm“g () Level of focus
(-) Social setting
Social (-) Level of focus

Mul-StiaBeceptModdlgMo biJluesstsiTi me Heat ehv@&oohyge€b&SangkRapmkuy ekinifouknyubgm and Ui chin
Proceedings of the ACM on Interactive, Mobile, WVWealrasdAr3d@ncd @®O9qui tous Techn



Proactive Intervention via Multimodal Sensing

hallway

Multimodal Context
Sensory Data Sensing

's proactive T |. m =y
Conversation
Management

nnnnn

\ e w7

Personal Factors Movement Factors Social Factors

Speaking Thinking

iHel l o There! | s NowOpmortBmedMdments foreProaativeT al k?6: il n That Small Space UsertEhperkencsestwith Guempal wo o f
Interactions with Smart Speakers, Narae Cha, Auk Kim, Cheul Young Park, Soowon in a Robotic Counseling Center, Chanhee Lee, Eunki Joung, Youngji Koh, Esther Kim,

Kang, Mingyu Park, Jae-Gil Lee, Sangsu Lee, and Uichin Lee, PACM IMWUT 2020 Sohwi Son, Sunjung Kwon, and Uichin Lee, PACM HCI / ACM CSCW 2025



LLM

LLMbasedContexaware Personalized Intervention
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MindShift- Simple:

Intent report Intent report
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Acceptance Rate (Session-Based)
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Baseline  MindShift-Simple  MindShift
Intervention Type

Exploring Large Language-i Moidned sAdfaoprt ilvses u MimdShift: leseraging large language models for mental-states-based problematic
| nt er vemotsitoenrsi ng Physical Activity in a Psmarsppaneuse intervetiaom, BuolancWuRCaun &y Xidole Paa,tYujia Liu, Ningning Zhang,
SettingnalByagg25 Yue Fu, Yuhan Wang, Zhi Zheng, Li Chen, Qiaolei Jiang, Xuhai Xu, Yuanchun Shi, CHI 2024
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DataDriven Strategies for Engagement Empowerment

Collect Analyze & Learn |l nform & ct
Sensor + Log Data Data Processing & Machine Learning Datdar i vemnttdJunet | ntervention

- -5
- -— Wou reached Hur dai l oal !
ﬁyéﬁrﬁ) _:O @ Lh\\th :,f y odu fdeoenl _gyoldod ow,_y °
*;f‘{ '\O/ pl ease do ®his exercise
H 'H
Anal yzing fisituations requiring engagemento: W

A Digital phenotyping is to find a mapping function from data: y=f(x)
A Examples: depression, cognitive function, alcohol levels,

problematic in-class phone usage behaviors H H

Of fering Ainterventions enabling enc
A Multi-stage receptivity model: perceived A available A adhering
A Availability: context-aware interaction support



TowardBersonal, Dense, Dynbamgitudin&lata Clouds

PlOBtu'dStanford

T T T T T T T T T
Month 1 Month 2 Month Month 4 Month 5 Month 6 Month 7 Month 8 Month 9
-U ﬁﬁ& s ﬁ‘ﬁﬂ PRy Q=
Intro Round 1 Coaching sessions Round 2 Coaching sessions Round 3 Coaching sessions

Whole Genome (bloo d saliva)

[ ves  JE— ¢ ’
LA st i [ ¥
L :w,, e o s lT‘J peey A
Dt\dlbtl?, g / —— m
¥V s —

e B e— A Data driven
i O {o health insights &
SELF-TRACKING mcRoslouE e P — © u . .
e B = \ / JIT intervention
Ehliyfsei;’t‘;zymonitoring species 3 "JW - i @ s ::;S‘-;m* { }
Health data collection: Coachiinlg festyle change

Genome, Labs, Self-Tracking, Microbiome based on personal health dat

A wellness study of 108 individuals using personal, dense, dynamic data clouds, Nature Biotechnology volume 35, pp 7471 756 (2017)
Nathan D Price, Andrew T Magis, John C Earls, Gustavo Glusman, Roie Levy, Christopher Lausted, Daniel T McDonald, Ulrike Kusebauch, Christopher L Moss,
Yong Zhou, Shizhen Qin, Robert L Moritz, Kristin Brogaard, Gilbert S Omenn, Jennifer C Lovejoy & Leroy Hood https://www.nature.com/articles/nbt.3870



https://www.nature.com/articles/nbt.3870

Towards Empowering Users for Health Data Engagement

Data collection: Burden b Quality B Analytics: Deeper actionable insights B
= prpr— é% ---------------------- ; - < —Z:f;\_f;'
& Causal relationships
i \d | K4 Q L] i (e.g., DeepStress)
[} II.- . .
| D/ \T/ \ i What-if exploration
o N e . l ;_Q “  (e.g.,CounterStress)
Mental health Wearable & D " ff;- .
self-tracking |l oT Tracking O =

b odsye n snert wesrmap ¢ r t-dbvVecesa you-may-encounter-sharma-ssjdf

DataSentry: Building Missing Data Management System for In-the-Wild Mobile Sensor Data Collection through Multi-Year Iterative Design Approach, CHI 2025
DeepStress: Supporting Stressful Context Sensemaking in Personal Informatics Systems Using a Quasi-experimental Approach, CHI 2024
CounterStress: Enhancing Stress Coping Planning through Counterfactual Explanations in Personal Informatics, Gyuwon Jung and Uichin Lee, ACM CHI 2025
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N

N N . N B Poor sleep,
(A) Coaching Recommendations Running Teaching Intense Cardio Working on Project . P
Q. "You are a sieep medicine Key They are having trouble falling tired and stressed
HR expert. You are given the Insights a. . Otherwise, good
@ e following sleep data. The user e oot v ] . E-E"ncy Lty et _ -
is male, 50 years old. List the Sensor Grounding recommended range of
HRY B mast important insights... Recommendation m’; ﬁ,,dﬁgﬁsﬂf,ﬁfﬁz, @ How can | prepare for my research presentation scheduled next Monday?
Sleep  ZZF oMy recovar;; Consistent sleep
schedule and no naps. B
steps O mery Make sure your bedroom is Based on your recent activity level, poor sleep, and high stress, you should focus on
cool and dark. Continue to strategies that optimize your productivity while minimizing additional stress. Here's the plan: ChatGPT
e;t:‘vsds::p: a;: ke:ﬁ ed 5 1.Prioritize Quality Over Quantity: A
Professional Examinations e —— A Focus on Key Points: Identify the most cfitical elements of your presenta
A Simplify: Streamline your content to make it clear and concise...
2.Active Review and Practice:...

Q. “What typs of museular ) ( P S e e d e

contraction occurs in the Personal (:) Concentric  Stress Management Technigues:...

pectoralis major during the Health [C; ieometric 4.Sleep and Rest:...

slow, controlled, downward LLM @ EV w

phase of a bench press?” Eccentric By following these steps, you can maximize your productivity while effectively managing

\— stress, even with the constraints of low sleep and a high-stress environment.

data, would the user report ;
thaving difficulty falling that they experience difficulty

4 o
s Repaned\ \ROL; :.;"\\ Q. "Based on this wearable \ 0\‘ (" This person is likely to report We I I M aX 1 AC M S e n SyS 2 0 2 5

falling asleep several times

Information Database
(Future Potential: EHR Database)

HRY BT \ asieep?” over the past month
I
Sieep 727wy Instructions
E from Researchers or Providers '
Steps G ety -
Human Experts —I ;- _____________________________ i _____________________________ b
B Personal Health LM (PH-LLMjemed | ) - |
(B) 5 * | Questions & Responses P Summary & Highlights '
L— - 2 60% i ~ ‘
52, 80% | 577 ! I
=3 QO P 1 1
kS g g w0, | DO Grade . 8 . " | Large Language Model |
= = ° o | 1
L] 3 3 [=3
EZ S 40% 5 7 : i 1 y
58, < T 20% ~ 4 \ Infurma_tmn 1 ¥
23 20% 2 [ l \ ¢ : 3 Extraction ; »
1 0% g 0% : Dashboard Interface : Il
Sleep Fitness Sleep Fitness Sleep N Patient Provider Notes | \
Coaching Recommendations Professional Examinations Patient-Reported Outcomes ! Conversation Log and Action ! .
Older Adults ! ! Healthcare Providers
at Home | | at Work
I 1
I 1

Google PH-LLM: Personal Health LLM (2024) Talk2Care, PACM IMWUT 2023



Agentic Al:

Agentic Al: Behavior Simulations aragehidtCollaboration

R

Human Participants

2-hr Audio Interview
(AVg. 6,491 words)

Interview script drawn from
the American Voices Project

Actual participant responses

General Social Survey (177 Items)
Big Five Personality Inventory (44 ltems)
Economic Games (5 Items)

Behavioral Experiments (5 ltems)

- -
goe

Simulations

Generative Agents

Interview transcript serves
as agent memory

simulated participant responses

General Social Survey (177 Items)
Big Five Personality Inventory (44 Items)
Economic Games (5 ltems)
Behavioral Experiments (5 Items)

\ Compare actual to simulated responses, /

adjusting for participant self-consistency

Generative Agent Simulations of
1,000 People Park et al., 2024

Medical Knowledge

A19-year-oid Caucasian male presents 1o your office with
hypopigmented skin. He undergoes a skin biopsy and is found to

have an absence of melanocytes in the epidermis. Which of the

fosowing is the most tkely disgnosis? A Tinaa versicolor B. Alinism ¥ Prompting

C. Vitiigo D. Solar lentigo E. Melanoma

Differential Diagnosis (DDx)
Sex: M, Age: 47 Geographcal region: North America
Pathology: PSVT
Symptoms:

- feel pain. The pain is: tugging, Burning
Differential diagnosss:
PSVT. 0.22, Anemia: 0,16, Panic attack: 0.14, Atria fibrillation
0.11, Anaghyiaxs: 0.11, Cluster headache: 0.09, Chagas: 0.07,
Scombroid food poisoning: 0.07, HIV (inital infoction}: 0.01

Multi-modal Reasoning
What does the circle in image D suround?

A: Abnormal mitotic figures
B: Central keratinzation

C: Frank atypia

0 Areas of necrosis

Medical Query

MDAgents: An adaptive collaboration
of lIms for medical decision - making,
Kim et al., NeurlPS 2024

Quter self-play Auto-evaluation
{ |
Patient agent Maderator Dostor agent © Medical ressoning Anclyse
® B ¥ ' e
o E : Long-form :
T l Inner self-play ] : medical QA : "
= : : Medical i — AMIE Generate
. " Primary Care Clinician (PCC) £} & B summarization | response
% Vignette Simulated Critic
generator dialogue :
@ m ] Real-world dialogue - +
& 9 & - : _
! : Rafine
@ @ : i i . response
Simulated dialogue ganerator T aa Fine-tuning Inference
y Multidisciplinary Team (MDT) reasoning chain
m &0, .
o \Q, ‘0 re AMIE system dasign
&5 \ ) o0 ) . y
A 7 Yoo MY Top-Bdiagnostic | Patient's confidence
h&—. (. f-,‘-‘.  —— W — ans accuracy H . incare
" LA . log L1 —
\ % =" Murns 2 H
\ N-rounds H
um A & : i )
ey 08 %%  colaborative Discussion RS - Management i . Perceived openness
‘ i : plan ! ) and hanesty
\ Integrated Care Team (ICT) } : H
: L Randomizad B H
QQ S ?* ' Patient-  Scenario : ! PGP
D;f : tor pack - i
al 9. acl : Escalation i
® rapart X Ans : Al AMIE recommendation | Empathy Bl AMIE
1 Team 1 s Tesm N Simulated patient Text conversation :
'4’ Q .p Report Generation Specialist physician Patient-actor
perspective H perspective
1. Complexity Check 2. Recruitment 3. Analysis and Synthesis 4. Final Decision
AMIE outperforms PCPs on
| Randomized study design for remote OSCE multiple evaluation axes for diagnostic dialogue

=1 BJNF

Towards conversational diagnostic
artificial intelligence, Tu et al.,
Nature 2025
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< ML>

1. Preprocessing

2. Feature Extraction

3. Feature Preparation

4. Feature Selection

4~
onal Information
a. Remave invalid ESM samples a. Feature type a. Feature normalization a. Feature Selection «
a.1 Remove expiratory a1 Sensor data a.1 Far all users (the statistics measure a1 Filter methods
a.2 Remove neutral a2 Survey data such as mean and std is calculated from .2 Wrapper methods 4 Role & Task

b. Remove invalid users

a2

“MMN ?

1 Participant information the training set)
a.2.2 EMA context data a.2 For each user
2223 Previous EMA labels b, Impute missing values
b. Time window
b.1 Current (last value before label)
b.2 Immediate past (fixed time

a.3 Embedded methads You are a mental health assistant that analyzes daily behavioral data and
classifies mental health conditions based on user behavior.

Given behavioral data collected via passive sensing, predict the presence of
depression, anxiety, and stress on a given day. Each condition should be
predicted as“Low Risk” or“High Risk”.

b.1 Remove users with too few
ESM samples
b.2 Remove users with extreme
label distribution

- Label encoding

How to reason

Chain-of-Thought
Self-Refinement | [ Advanced Reasoning,

Medical Knowledge User Database
(e.g. DSM-V)

.1 Theoretical threshold

€.2 Statistical threshold for all
users

.3 Statistical thieshold for each
user

window before ESM)

b.3 Extended past (daily)
b.3.1 Epoch window
b.3.2 Whole time window

5. Data Splitting

a. User-independent cross validation
a.1 Leave one subject out
2.2 Group-based k-fold cross-
validation

b. User-dependent cross validation
b.1 K-fold cross validation
b.2 Time series k-fold cross
validation

<. Partial persanalization
.1 Random
.2 Stratified
.3 Time series

6. Oversampling/Undersampling

a. Ove
undersample the majority class
a.1 Original Distribution
a.2 Randam oversampling
2.3 Random undersampling
.4 SMOTE/SMOTE-NC

ample the minority class or

7. Model Training

a. Persanalized vs generalized

1 Fully personalized (only using a single
user's data)
.2 Similar-user model (only using similar
user group’s data)
2.3 Multi-task learning
a.4 Generalized model
b. Model selection
b.1 Traditional machine learning models
(b.1.1 Gradient boosting, b.1.2
RandomForest, b.1.3 SYM, b.1.

Togistic

regression, b.1.5 KNN, b.1.6 decision tree,

and b.1.7 Naive Bayes classifier)
b.2 Neural network maodels (e.g. MLP)

8. Model Evaluation

Metric selection

a.1 Accuracy

a2 F1 score (positive)
a.3 macro F1 score
a4 AUC-ROC

a.5 precision (PPV)
a6 recall

A Reproducible Stress Prediction Pipeline with Mobile Sensor Data, Zhang et al., PACM IMWUT 2024
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(Common view) vs.
(Nomothetic) vs.

How can | design
LLMs for sensor data
to predict mental
health state?

Additional Information

{medical_knowledge}

{sensor_knowledge}

Examples

{examples}

Data

{transformed_data}

Constraints
Each example contains:
+ "Data’: behavioral patterns
+ *Output': [depression, anxiety, stress]

]
Output must be a single binary vector formatted as [depression, anxiety, stress].

How many examples to use

How to select example

Cross Rereval

How to extract

Statistical, Structural, Temporal

sted | Structured Summary

Model-grounded | Latent Representation

f=————

1 1
LLM ’ I Reasoning 1
1 1

| SRR |

v

Output

D Few-shot Baseline

COMPass: Context-Oriented Mental Health Modeling for Passive Sensing Using Large
Language Models, Kim et al., Under Review

(Population view)
(Idiographic, Personalized)
(Uncertainty - aware learning)



