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INTRODUCTION

Computing trends
1970s 1990s 2010s- 2022-
Functional Usable Ubiquitous Symbiotic

Mainframe Personal computers Mobile, wearable, loT GenAl and agents
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INTRODUCTION

From tools to partners

_——\ — \
b
)
mainframe )

minicomput
@) @ i " terminal S
o0 0 | ol CI/HEOOO 0%
= AN

3 4 S

Interface as Hardware Software Terminal Dialogue  Social & Ubiquitous

Grudin, From Tool to Partner: The Evolution of Human-Computer Interaction, 2017
Meaningful Human Control over Autonomous Systems, 2018

/) perplexity

. ChatGPT

Gemlnl

/\ Anthropic /

/ \ ClaudeAi~

.5 Copilot

Large Language
Models (LLMS)

Tools

People specify a task.
Systems execute it.

l

Assistants

Systems infer context
and suggest actions.

l

Partners

People negotiate goals,
interpret evidence and

retain meaningful control.

(Man-Computer Symbiosis
J.C.R. Licklider 1960)
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INTRODUCTION

Human-centered Al for mental healthcare

Mobile phones, wearables and loT extend observation into everyday life.

Observation

Behavior, physiology,
social interaction
and daily context.

—

Shneiderman, IJHCI 2020. doi:10.1080/10447318.2020.1741118

Analyzing

Repeated observations
reveal patterns and
changes over time.

—

Support

Feedback, coaching
and just-in-time adaptive
Interventions (JITAISs).

04



INTRODUCTION

Human-centered Al for mental healthcare

Mobile phones, wearables and loT extend observation into everyday life.

O +;
~— Control Al Auto |A||

e =g

Human control Reliable automation

People define goals and inspect evidence. Al reduces avoidable effort and supports

They can question an inference, change demanding tasks.

preferences and seek human expert support. It communicates its capabilities, limitations
and uncertainty.

Shneiderman, IJHCI 2020. doi:10.1080/10447318.2020.1741118
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PRIOR WORK

Digital mental health foundations: 2007-2020

Infrastructure, everyday symptom models and intervention studies

2007-2014 2015-2017 2018-2019 2020

Data & platforms Data & platforms Data & platforms Data & platforms
MyExperience AWARE RADAR-base CARP / CAMS
StudentLife (2014) mCerebrum / MD2K mindLAMP

State & future risk State & future risk State & future risk State & future risk
StudentLife cStress (2015) Depression COVID-19
Behavior & mood CrossCheck (2016) Dynamics (2018) Anxiety / mood
Intervention evidence Intervention evidence Intervention evidence Intervention evidence
MONARCA (2012) MONARCA | MONARCA [l IntelliCare RCT
Self-monitoring Woebot RCT Adaptive trials CRM app pilot

Sensing created new opportunities for observation and support

MyExperience 2007; StudentLife 2014; cStress 2015; CrossCheck 2016; Depression Dynamics 2018
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PRIOR WORK

Reliable and responsible Al: 2021-2026

Longitudinal evidence, transfer across settings and user agency

2021-2023 2024 2025 2026

Data & platforms Data & platforms Data & platforms Data & platforms
GLOBEM / RADAR-MDD College Experience DiversityOne EmoPhone
K-EmoPhone PriviAware DataSentry EnPULSE

State & future risk State & future risk State & future risk State & future risk
Multisite evaluation Stress Pipeline Mood trajectories CrossShift

Bias in personal informatics MoodCapture Early-warning limits Dual-indicator stress
Intervention evidence Intervention evidence Intervention evidence Intervention evidence
AirHeart RCT Minder RCT Therabot RCT CRM RCT
Customization limits Student support Stress JITAI trials DYMOND field probe

The research agenda now includes reliability in use and human agency

GLOBEM 2022; RADAR-MDD 2022; DiversityOne 2025; Therabot 2025; DYMOND 2026
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THREE PARTS

Three perspectives on digital mental-health Al

Model-centric Al Data-centric Al
Prediction Characterization

How can models predict How are data generated?
mental states better? What do they represent?

How does their meaning vary?

Jarrahi, Memariani & Guha, Communications of the ACM 2023

User-centric Al

Agency

Can people understand,
influence and benefit
from Al?
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PART 1

Model-centric Al

Prediction
How can models predict mental states better?
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MODEL-CENTRIC Al

Prediction targets and time horizons

Phone, wearable and loT signals become features for a defined prediction target.

Now Across weeks Before an event

Momentary affect Symptoms over time Relapse or
deterioration

EMA mood, stress or Repeated symptom Clinical or adjudicated
arousal guestionnaires event
What is the state now? How does it change Can we identify risk
across weeks? before an event?
(e.g., depression (e.g., bipolar, depression,

dynamics) schizophrenia-spectrum)

At intervention
Receptivity

Availability and prompt
response

When is support
welcome?
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MODEL-CENTRIC Al / KAIST RESEARCH

Reproducibility is a pipeline property

Results depend on choices throughout the pipeline

ML

Feature-based
learning

LLM

Language-model
approaches

Gap

The complete record makes a result reproducible

Preprocessing &
Labels

Sample/user
exclusion
Label encoding

A\ 4

Data Splits

Separate users/time
Personalization
scope

\ 4

Features

Extract, prepare, select
Scale, handle
missingness

A\ 4

Model Training

Resampling
Model selection &
tuning

\ 4

Model Evaluation

Performance
metrics
Aggregation rules

Preparation & Setup

LLM selection
Data preprocessing

\ 4

Prompt
structure

representation

Context Engineering

Sensor

Example
selection

\ 4

Reasoning
strategy

Evaluation

Predictive performance
Execution efficiency

Arises when records omit the design choices and execution settings needed to reproduce results

Zhang et al., PACM IMWUT 2024; Kim et al., COMPass, In prepration 2026
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PART 2

Data-centric Al

Characterization
How are data generated, represented and interpreted?

13



DATA-CENTRIC Al

Data cascades and the limits of model improvement

Missing context and weak measurement can persist through model optimization

Interacting with physical world brittleness

\

I

1

1

1

: @ Inadequate application-domain expertise
1

1

: » Conflicting reward systems

1

1

pd ® e d . " = @ Poor cross-organizational documentation
> .o ¥ .o & & > >
¢ & &8 & s $ &
¥ WP RNES ¥ <&@ » & =» Impacts of cascades
o D @ D > & & K
& @ R & > & 3 X
& i \ NS R ¥ » Abandon / re-start process
*60 - V‘\ £NO
] A

Data Cascades: compounding events causing negative, downstream effects
from data issues, resulting in technical debt over time

Sambasivan et al., CHI 2021; RADAR-MDD; DataSentry 14



DATA-CENTRIC Al

Data cascades begin with measurement

Missing context and weak measurement can persist through model optimization

Technical failure Non-wear / non-use  User choice Life or health change
Permission, battery or Device absent from daily A person pauses or Routine, capacity or
upload problem activity limits sharing context changes

How to handle? How to handle? How to handle? How to handle?

Diagnose and restore Check observation Respect and record Interpret with personal
collection opportunities the choice context

Retention, availability, signal validity and usable labels differ

Sambasivan et al., CHI 2021; RADAR-MDD; DataSentry 14



DATA-CENTRIC Al / KAIST RESEARCH

Quality data collection: DataSentry

Researchers need support to detect gaps, diagnose causes and act

o oerve

Detect

Coverage gaps

Sensor Type . .
P SURVEY BLUETOOTH BATTERY INSTALLED APP CALLLOG LOCATION and unusual variation
N COUNT TIMELINE COUNT TIMELINE COUNTE TIMELINE COUNT TIMELINE COUNT TIMELINE COUNT TIM
“'“ S L] | N . L] .
o s W | CCININE N CINE R BN N E Diagnose
2023-01-01 pereipente - ‘ III - I - IIII II
—— W i B N Compare people, days
- TR T B B Ounaa I and sensor streams
eericpone [ ONNDD | HE Il .
SOV BN I B 1 | Act
eericiantte [N NINDD | 1 HE 1 . na
oicvons | CCCNNND - | B o - Follow up and record
paricoane [ | 00O HEN ] I 1 I = [ | what happened

DAIMON extends researcher support with Al-augmented dashboards (IMWUT’26 by Varun & Vendat’s group)

Jung et al., CHI 2025. do0i:10.1145/3706598.3713314 15



DATA-CENTRIC Al

Generalizability: datasets and study contexts

Different populations, contexts and times create different transfer tests

StudentLife
48 10 weeks

people
Phone + EMA

Daily behavior and symptoms

CES
215 ~4 years / cohort

people
Phone + weekly EMA

Transitions and pandemic

Primary dataset papers and repositories

CrossCheck

61 12 months
people
Phone + EMA

Symptoms and relapse
K-EmoPhone

77 7 days
people
Phone + wearable + EMA

Momentary affect

RADAR-MDD

623 Up to 24 months

people
Phone, Fitbit, PHQ-8

Long-term MDD monitoring

EmoPhone

297 ~4 weeks / wave

people
Phone + Fitbit + EMA

User, time and wave transfer

GLOBEM
497 10 weeks / year

people
Phone + wearable

Cross-study transfer

DiversityOne

782 4 weeks / 8 countr

people =
Phone + EMA

Cross-country transfer

16



DATA-CENTRIC Al / KAIST RESEARCH

EmoPhone: generalization across collection waves

297 participants across three annual waves

D-1: 92 Users (2020) D-2: 99 Users (2021) D-3: 106 Users (2022)

SMARTPHONE SMARTPHONE SMARTPHONE
D % 9 «f & @™ « 9 @ % 9 <% &

e @ [J e « O e (9 [ EBH
WEARABLE WEARABLE WEARABLE
Fitbit Inspire HR Fitbit Inspire HR Fitbit Inspire HR

ESM LABELS (~100 per user) ESM LABELS (~200 per user) ESM LABELS (~200 per user)

Mg \@ (@» @ M \*@‘ ((@» Mg \@‘ ((@»

— Hi . = i . e High .
Valence Arousal Stress Disturbance Valence Arousal Stress Disturbance Valence Arousal Stress Disturbance

L € £ < PR

Attention Workload Duration Change PANAS-Style Affect Items

r Shared Participant Information
Demographics @ Big Five Personality Psych. Scales

Zhang et al., EmoPhone (NeurlPS 2026)

Within user

Future observations
from the same person

Across users

An unseen person
in a known wave

Across waves

A new wave with
changed conditions

17



DATA-CENTRIC Al / KAIST RESEARCH

Generalizability: interpersonal differences

Example: Predicting stress (Y) from physical activity (X)

Covariate Shift Label Shift

The distribution of activity P(X) differs across users The distribution of stress P(Y) differs across
« users

¢ 0o -
k 5 3 2

User A User B User A User B
P_A(X: activity) # P_B(X: activity) P_A(Y: stress) #+ P_B(Y: stress)

Conditional Shift

Activity differs even at similar stress levels

I Concept Shift

Stress differs even at similar activity levels

s ¢
2.4 @~ &

User A User B User A User B
P_A(X: activity | Y: stress = high) # P_A(Y: stress | X: activity = high) #
P_B(X: activity | Y: stress = high) P_B(Y: stress | X: activity = high)

Zhang et al., CrossShift, PACM IMWUT 2026

Correlations Between Stress and Features

el 1}

Time at home

Total distance 0.2

Phone use count 0.0

Typing speed o4

Phone call count -- - Ioe
A B C D

Users A-D show different
activity patterns and stress responses

Phone use time

18



DATA-CENTRIC Al / KAIST RESEARCH

CrossShift: personal mappings matter for transfer

Differences remain after normalization and correlate with performance decline (stress prediction)

8 696

datasets participants

297 in-house + 399 public
Analysis samples across eight datasets

Within-user and cross-user models
Regression of decline on four shifts (from
within-user to cross-user prediction)

Concept shift shows the largest mean coefficient

Zhang et al., CrossShift, PACM IMWUT 2026. doi:10.1145/3831954

Covariate _0.158
conditional [N 0.134
Label -0.070
0.00 0.10 0.20 0.30

Mean regression coefficient magnitude

19



PART 3

User-centric Al

Agency: can people understand, influence, and benefit from Al?

20



PART 3 / USER-CENTRIC Al

User-centric Al: People, interfaces, data, and models

Sensemaking (user-model-data)

User goals Mental Models
) Interpretation
& interaction
Outcomes Feedback & Control

Privacy & Bias

User
Centric
User-centric Al tools to support user goals

Personal informatics and human—Al interaction research

21



PART 3 / USER-CENTRIC Al

Explainable Al, causability and sensemaking

Explainable Al

Why did the model produce
this prediction?

Inspect influential inputs,
model behavior and
uncertainty.

Causability

Does the explanation help
me understand and
evaluate the result?

Judge whether the explanation
is understandable and useful.

Understanding the model and understanding oneself are related goals

Choe, Lee & schraefel, IEEE CG&A 2015; Shin, IJHCS 2021

Personal sensemaking

What does the pattern mean
in my life?

Compare experiences, add
context and reflect on
alternatives.

22



PART 3 / USER-CENTRIC Al

Conversational access to sensing data

People can ask questions that go beyond a fixed prediction dashboard.

PHIA GLOSS

“ls my resting heart rate improving?” Daplay

Thought
“Let's compare resting heart rate between the last two
eks”

“What's my average heart rate in the past
30 days?”

“What is my max sleep
duration in this month?”

GLOSS: Sensemaking System &

Health Insights Question

we
T o p - Enteryour quemy: &) Status: Campleted
“How many minutes have | exercise: Action: Code Generation
in the past 10 days? Tatal duration of phone use dene by test004 an 07/12/247 — R
A) Curating Objective Personal Health Insights Questions Think ntar pesantation istructins:
for Auto Evaluation PR, CETE R SRS Obs: e 67.3, 65 claar with ressans. FNsH
w can | improve my sleep?” Thoughl . . Stare Samse-Aaking
“Now llet's laok for ways toimprove even more:
“Are there any anomalies in Action: S h
y health? ction: Searc
iheet Action Plan - nfcrmation Suests ~ Memary - Undesstanding ~ Function Calls -
Observe
Process new information To determine the total duration of phone use. « ['lack unleck database’]: Please provide all _ To determine the total duration of phone use « [name’ et _lnck_unlock_blachs),
Observation: by 24, jones R S IR T by user test004' on 2024-07-12,the lock and

B) Curating Open Personal Health Insights Questions

Brisk walks, aerobics, swimming

be taken using the lock unlack databiase:

user testobd’ on 203447-12. Calculate the.

Iock and unlock times for user 'test04" on
20240712, Caleulate the duration between

‘params’s [uid' testand) ‘siart_time's

‘end_time': 202407

i o ach pait of i dt to be analyzed. Based an the query to the '
for Human Evaluation 1 ey the ok el st duration between each pair of unlock and A i e e need to be analyzed. Based on the query: 122359581
Answer ebbese ok e o
i subsequent lock times Lo detesmine o ! database, the total phone use duration for user . fromet
records of phone lack and unlock times for A T L B 'est004' 6N 2004-07-12 is 4 howrs, 50 minutes, v -
g “Your average resting heart rates for the last two user estDOd’ on 20240712, e e B i P e ot 2t et ‘Bet_results_through_data_computation’,
(s [sexF C 2 [sexM Answer weeks are 67.3and 65.7. It is trending down. Good s the durations of st hane use sessions esions g et curaion ! phore e b : M " query: “Calculatethe
oy | Age: 68 g Age: 25 work! You can do more exercises like aerobics and 2. Calculats the duration betwesn sach palr o get the total duration af phone use for r—— e el ‘Guration between esch pair of unlock and
el brisk walking to improve your resting heart rate even of unlock and subsequent lock tmesto this date. the i

C) Curating Synthetic Wearable Users from

30000 Real Users

D) The Framework of Personal Health

Insights Agent (PHIA)

Wearable health questions
Code and web search tools

Merrill et al., PHIA; Choube et al., GLOSS, IMWUT 2025

more!"

E) An Example of PHIA's
Reasoning and Response

datermina individual phone use sessions

Qpenin New Tab

Final Ancwer

Openin New Tab

The total duratian of phane use by user test00" an 2024.07-12 s 4 hours, 50 minutes, and 28 seconds.

Completed SenseMaking

Database: [lock unlock database']

Open in Hew Tab.

Multimodal data inquiry
Visible analysis steps with multi-agent processing

time, and summing these durations to get the

Open in New Tab

d ther
‘sum the durations of all phone use

Tpen in New Tab

23



PART 3 / USER-CENTRIC Al

Collaborative reflect

2 user008 F] Dashboard

“ DYMOND Insights 2/15/2025

Self-Reported Risk: Hiaf Digital Phenotyping Model:

Hello user008, Based on the observations, your potential risk of
depression is low. Please keep in mind that this assessment may not be
accurate to how you actually feel, and is simply an observation of your
activities. Here are some insights from DYMOND:

Activity Insights

9 Moving around a lot during the afternoon

It seems like you might have been quite active during this period.
Ph metimes be a sign of engagement and
energy, which might be a positive indicator.

cal activity can

jom Waking up early

me not specified

This might suggest that you h n or that

ve a regular sleep pattei
you were motivated to start your day early. Co

istent sleep
patterns can sometimes be associated with better mood
regulation.

& Not being on your phone as much during the morning

12:00 AM - 8:00 AM

This might indicate that you were less engaged with your phone
and possibly more focused on other activities. Reduced screen
time can sometimes be linked to better mental well-being

@ Resources [ Log Out
Feb 9, 2025 - Feb 15,2025 v
Key
A Depression level estimate Data tracking turned off
@ Late Night/Early Morning @ Daytime
Evening Discrepancy between model and self-report
® No self-reported risk (EMA not completed)
Depression Level @
Sun (02/09) Mon (02/10) Tue (02/11) Wed (02/12) Thu (02/13) Fri (02/14) Sat (02/15)
v N v v N\ v
View Journal View Journal View Journal View Journal View Journal View Journal View Journal
Q Distance Traveled (meters) @
o o [ o o [ o o —*
& Unlock Duration (hours) €@
oo o—o *—o *—o [ o [
& Unlock Count @
2 4 .
e o ° *—° [ °o—* o« °
@ Vehicle Duration (hours) @
[ S 4 *—o oo oo [ S @

# Running Duration (hours) @

Das Swain et al., IMWUT 2026. DOI 10.1145/3832021

ion with DYMOND

22 people
6-week technology probe

Data
Does this trace represent my day?

Model
Does the mapping fit my experience?

Output
Why does the estimate disagree with me?

25



PART 3 / USER-CENTRIC Al / KAIST RESEARCH

Contextual sensemaking with DeepStress

Analysis View Analysis View Analysis View
[
Icon description (&) Icon description () Icon description () Qu e St I O n
bbb bLL HLL bOL b ¢ bbb bbLH bOLL HOS b ¢ bbb bbLH HH6H HOS b ¢ . . .
(won ) (soame) (o) (oma) (T (o (o) (Suomg) (S50 ) (ome) (fmoe) (m (wox) (Suawg) (530 (o) (Tmee) (e ICN contexts mignt Intiuence
@5 W N @ W o ) @ O _
my stress?
Class Btk () Rasna (D) Analysis procedure Interpretation of the result
R —— FO'G - [1st] Creating groups for comparison Class is evaluated as a stressful context, and it recorded
m when activity is class vs. not class . . . higher stress than average. (3.7)
omp amples when social settings, places, and To investigate whether class is stressful context,
times are simila :e ﬁ_rst need t:;ree_ne twlo groups, composed of records Here, the high stress of class could be affected by other
aving vs:notHiaving Gass: co-occuring contexts having high stress. et o

Contexts affecting stress when class activity o . However, class still has a causal relationship with stress,
Activity: class Activity: not class even if the effects of other contexts are minimized.

Contexts that decreases stress (causal) [2rid] Balancing Gitier contexts Go to the Context View and check other contexts that CO m p a re e p I S O d e S m atc h e d O n

are frequently co-occurred with class activity!

Places If we simpl! m
ply compare stress levels between two groups, d t t
we may make a wrong conclusion. e a S u re CO n eX S .
@ Cafe This is because of different compositions in social Retumn to previous page
Stress 0.2 ¥ settings, places, and times between two groups.

The distribution of social settings are as below. Since
the stress levels vary by social setting, we cannot see
the effect of class when comparing two groups directly.

Social settings

@ Colleague

i Personal interpretation

Activity: class Activity: not class
Afternoon Alone: 84% Alone: 98% H 3
@ Stress 0.1 ¥ Cc::\eeague: 12% Cc?I:::ague: 1% CO n fl rm ) q U eSt| 0 n a n d
O &) 9, Q o @ 2 Q o @) 9 Q

s e ‘ \ reinterpret patterns.

Jung, Park & Lee, CHI 2024. DOI 10.1145/3613904.3642766 26



PART 3 / USER-CENTRIC Al / KAIST RESEARCH

Counterfactual plans with CounterStress

What-If

Moderate or higher stress: 93% 40 records

-‘f Studying s Library 2& Alone . Afternoon

The results in the What-If list show cases where the stress level
is "below moderate” (<50%)

What-If list
Constraints Filtering Sorting
Moderate or higher stress: 46% 1 25

-f Studying Q Home 45 Alone o Afternoon

Moderate or higher stress: 7% 2 20
-

X swdying @ cafe 38 cirlfriend @ Afternoon

Moderate or higher stress: 27% T2 21
—

A Exercising @ Gym 28 Alone @ 2fternoon

Maoderate or higher stress: 22% ol 2 21

«j;

Q a

Anal What-If

Jung & Lee, CHI 2025

What-If

& Select the target situation

((swayng | (arvocation] [ ansocit | [ arime |

Select a situation (gray box) from the list below to perform
What-If analysis

Target situation list

Moderate or higher stress: 93% 40 records

& swdying @ Library 38, Alone @ Afternoon

Moderate or higher stress: 99% 26 records

F swdying @ Library 28, Alone @ night

Moderate or higher stress: 46% 13 records

A swdying @ Home &8 Alone () Afternoon

Moderate or higher stress: 98% 10 records

«j;

Q a

Anal What-If

What-If

& Details

Moderate or higher stress: 93% 40 records

A swdying @ Library 28 Alone @ ~fternoon

Probability of moderate or higher stress
decreases by 90%p with context change

Moderate or higher stress: 3% 2 26

& Eating @ Restaurant 38 Alone @ ~fternoon

Contribution by context type

» Decrease in probability: Activity, Location
» Greatest impact on probability change: Location

Activity ] 0% ¥
Location | ] 50%p ¥
Social |
Time I

4
: o
]

Personal model

Generate alternatives with
lower predicted stress.

User constraints

Lock contexts and compare
feasible changes.

Everyday planning

Choose a plan using personal
knowledge.

27



PART 3 / USER-CENTRIC Al

Feedback & Control

Give people clear ways to questiion, configure, correct, and pause Al.

L EEEE g
: N

Challenge an Set the error Correct the Pause and

inference trade-off learner recover

Add context or Choose the balance Show what feedback Pause prompts and

dispute an estimate. between false alarms changes. Support undo revise preferences.
and missed detections. and unlearning.

User control should change system behavior.



PART 3 / USER-CENTRIC Al / KAIST RESEARCH

Visible data and granular privacy control

Raw traces Contextual filters
| PriviAware
& App usage event setting [ {
’ People inspect raw sensor traces.
Contextual Filtering . . . . .
° Time and location filters limit shared data.
©
T « R 1
Ay ‘ Cont.rols sgpport agency while adding
© configuration work.
°
Q
— Control consequences need to be understandable.

Lee et al., CHI 2024 29



PART 3 / USER-CENTRIC Al

Bias across the machine-learning lifecycle

Data and measurement Model and deployment

sample

@ Measursment

Whose lives are absent or poorly measured? Whose differences disappear in a model or test?

Bias in personal informatics: subgroup and intersectional evaluation exposes hidden disparities

Suresh & Guttag, EAAMO 2021; Yfantidou et al., IMWUT 2023

30



DISCUSSION

Next steps

 Foundation models
e Deeper understanding

Closed-loop adaptation
Human agency in coaching

31



DISCUSSION

Foundation models and context-aware systems

Foundation-model families Context + interaction
Wearable models Pulse-PPG, NormWear DAIMON

Across sensors and people Data: longitudinal study support
Time-series models Sequence foundation models TRACE

Across contexts and time Model: activity recognition
Tabular models TabFM, TabPFN DYMOND

Small personal datasets People: reflection and control

Efficiency, personalization and validity require empirical comparison.

Pulse-PPG; NormWear; TabPFN; DAIMON; TRACE; DYMOND

32



DISCUSSION / KAIST RESEARCH

Deeper understanding of data, models, and people

Data Models

What do signals and labels What do models learn, and
actually represent? when do they fail?
Measurement validity Learned relationships

Quality and missingness Uncertainty and failure modes
Context and time Personalization and transfer

Standardized benchmarks and longitudinal studies support this agenda

Zhang et al., IMWUT 2024; EmoPhone 2026; CrossShift 2026

People

Why does the same behavior
mean different things?

Personal baselines
Lived experience
Situational constraints



DISCUSSION

Closed-loop adaptation

Health state
+ receptivity

Sensing + EMA
Consent, correction
and missingness Response, burden
and unintended effects

Timing +
content policy

\ 4

Person + context

Actions change the future data distribution

Proposed synthesis of sensing, JITAl and human—Al interaction research

Intervention

34



DISCUSSION

Coaching that strengthens human agency

How can a coach strengthen independent sensemaking and coping over time?

Proactive people

Notice patterns and reflect on experience.

Practice coping skills and choose when to
seek support.

Success may include needing the tool less.

Rogers, UbiComp 2006; Anvari et al., CHI 2026

Cognitive offloading

Ready-made answers may reduce personal
understanding.

Test whether assistance builds skills or
increases dependence.

The effect depends on design, task and
person.
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Q&A

Beyond prediction

Model-centric Al Data-centric Al
Prediction Characterization
How can we build better models to How data are generated, what they
predict mental states? represent, and how their meaning varies?
Next Steps
Leveraging Deep learning of Towards closed-
Foundation Models data, model, people loop adaptation

Uichin Lee, KAIST

User-centric Al

Agency

Can people understand, influence,
and benefit from Al?

Preserving human-
agency in Al
coaching

36



	슬라이드 1
	슬라이드 2
	슬라이드 3
	슬라이드 4
	슬라이드 5
	슬라이드 6
	슬라이드 7
	슬라이드 8
	슬라이드 9
	슬라이드 10
	슬라이드 11
	슬라이드 12
	슬라이드 13
	슬라이드 14
	슬라이드 15
	슬라이드 16
	슬라이드 17
	슬라이드 18
	슬라이드 19
	슬라이드 20
	슬라이드 21
	슬라이드 22
	슬라이드 23
	슬라이드 25
	슬라이드 26
	슬라이드 27
	슬라이드 28
	슬라이드 29
	슬라이드 30
	슬라이드 31
	슬라이드 32
	슬라이드 33
	슬라이드 34
	슬라이드 35
	슬라이드 36

