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What is a digital twin?



Digital Twin

A copy of the same person, under different choices

Scenario A
If screened every year...

C o
Real Person é Digital Twin
Scenario B
Age copy An identical copy e If screened every two years...
Habits :

placed in different

Health condition

scenarios

Scenario C
If never screened...

The core question: what would happen to the same person under
different choices?
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Why we need
a digital twin?



Randomized Controlled Trial:

Gold standard — built for the average

Strong THE BL'ND SPOT
RCT . Evidence
it targets the AvVerage.
Case-control stud. AI’] average hldeS WhO |t hElpS
Case reports & series and WhO It doesnlt'

Expert opinion, textbooks

| Strong Evidence But
pyramid Only for Average




IACCS THEME

4P Medicine

© O 6 O

Predictive Preventive Personalized  Participatory

The right intervention, for the right person, at the right time.
From what works on average - what works for “YOU”



Everyone - Some — !You,

RET

one answer for all a risk subgroup

Metaverse

a trial of one

Everyone Some

Digital Twin can
help you!!!



Complementary, not competing

Digital Twin
G gives us BREADTH
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Would you trust a
digital twin?

Validating the Digital Twin Through a RCT



A randomized controlled trial

This week :

in the BMJ 129 patients
Treat low back chronic low-back pain
pain with

acupressure

Randomization makes the
two arms comparable at baseline

GROUP B n=65

GROUP A n=64

Acupressure Physical therapy

Strong Evidence

0DQ=16.03 354  ODQ=19.57




How can we construct a digital twin?

Acupressure Physical therapy P_value
Freq % Freq %
Gender Female 43 67% 48 74% 0.41
Male 21 32% 17 26%
. Single 10 16% 11 17% 0.84
Marital status 1. rried 54 84% 54 83%
Education Low 27 42% 35 54% 0.19
High 37 58% 30 46%
. Heaver labour 9 14% 8 12% 0.77
Occupation
Others 55 86% 57 88%
Mean Std Mean Std
Age 50.5 13.8 52.9 17.2 0.30
Length of latest pain period 579 753 49 1 28 7 0.84
(month)
Time since onset of pain (year) 6.1 7.3 5.2 7.4 0.55
Pain visual scale (0-100) 58.8 17.9 57.0 17.8 0.56




How can we construct a digital twin?

Acupressure Physical therapy P_value
Freq % Freq %

Gend Female 43 67% 48 74% 0.41
enaer Male 21 32% 17 26%

. Single 10 16% 11 17% 0.84
Marital status 1. rried 54 84% 54 83%

Educati Low 27 42% 35 54% 0.19
HEAton Hioh 37 58% 30 46%

. Heaver labour 9 14% 8 12% 0.77

Occupation

Others 55 86%

Mean Std

57 88%
Mean Std

Age 13.8 17.2 0.30

0.84

Construct the control group algorithm %
sne : 0.56




Digital Twin Algorithm: Machine Leaning

l
GROUP A n=64 : GROUP B n=65
Acupressure ! Physical therapy
:
l

I
: o Digital Twin

|<. Algorithm

I

\4

I

l

1 g

| Digital Twin for
| Control Group

Digital Twin for Group A with Physical Therapy "m m m = = o o= o= o o= o o o o o o o o= o o= = =

National Taiwan Universit

wd



Digital Twin Algorithm: Random Forest

GROUP A n= 64

Digital Twin

Algorithm

Digital Twin for Group A with Physical Therapy

Random Forest

‘ Dataset ’

Bootstrap Bootstrap
Sample 2 = Sample N

Bootstrap
Sample 1

ko ), &y \_/ o, o ', \__/ \_J
Prediction 1 Prediction 2 Prediction N

I v |
Aggregate (Voting or Averaging)

Classification: Majority Vote
Regression: Average

!

‘ Final Prediction ]

wd



Digital Twin Algorithm: ANN

Digital Twin for Group A with Physical Therapy

GROUP B n=65

Physical therapy

Digital Twin for
Control Group




Unlock Algorithm: ANN

Randomization makes the

i RANDOMIZED
F |

two arms comparable at baseline

/ GROUP A n:64 GROUP B n=65 \
Randomized . Acupressure . Physical therapy
Controlled Trial ~ 0D0-16.03 J3.54  0D0=19.57

- J

/

L. . Acupressure
Digital Twin
(ANN) op0-=16.03 §3.53  0DQ=19.56
- J




The digital twin unlocks the RCT

WHAT THE RCT GIVES

the average effect

—3-94

Unlocks

Every patient has their
own effect

-3.54

& more benefit no effect / worse >




Unlock RCT: From Average to Personal
Digital twin returns each individual’s effect, not the trial average.

o0 Patient A o0 Patient B o0 Patient C
! m a 41-year'-old guy, marrle.d, office 38F. I've lived with this pa.ln for . 565, inel e [P e EL SR T 51
job. My back's only been acting up SEVENTEEN years now. Tried everything, "y . .
, it's bad — 87/100. | don't have time for
about 5 months — scale maybe a 70. A scale's around 80 on bad days. Please . \ .
. . . things that don't work. Straight answer:
friend swears by acupressure. Honestly, just tell me — will acupressure actually .
.. . . . should | bother with acupressure?
is it even worth my time? do anything for someone like me?
Good news for you — if untreated I'd Yes — and more than most. if untreated Straight answer: probably not. if
expect your ODQ near 15.5; you actually I'd expect your ODQ near 21.7; you untreated I'd expect your ODQ near 8.0;
scored 11 on acupressure. actually scored 13 on acupressure. you actually scored 10 on acupressure.

0ODQ effect 0ODQ effect 0ODQ effect

— 4 . 5 You benefit — 8 o 7 Large benefit +2.0 Nonet benefit

4 Message digital twin... ° 4 Message digital twin... ° 4 Message digital twin... °

The trial average hides this — the twin recovers each patient's own effect



Global Effect 8§ Personal Effect

eve Patient A eve Patient C
This week 9 e
in the BMJ
“Treat low back ' B . A i
Lo L !on; ah: 1 g::kr, So(l)c:‘lgug,e:\na ;::c:‘ O:flce 55, male. Pain started about a year ago,
TR L i . S v - it's bad — 87/100. | don't have time for
two arms comparable at baseline about 5 months — scale maybe a 70. A X \ . )
. things that don't work. Straight answer:
RANDQMIZED friend swears by acupressure. Honestly, X
i | .. - should I bother with acupressure?
= ~ is it even worth my time?
GROUP A n=64 GROUP B n=65
. Acupressure Physical therapy
Randomized
Controlled Trial ODQ=16.03 ‘ 3.54 ODQ=19.57 Good news for you — if untreated I'd Straight answer: probably not. if
o J expect your ODQ near 15.5; you actually untreated I'd expect your ODQ near 8.0;
7 2 e N scored 11 on acupressure. you actually scored 10 on acupressure.
Grour A n=64 ' . GROUP A n:64 o
. . . Acupressure . .
Digital Twin — SRR ODQ effect ODQ effect
(ANN) ODQ=16.03 ‘ 3_53 0DQ=19.56 —4 .5 Youbenefit + 2.0 Nonet benefit
-

== Message digital twin... o == Message digital twin... o



In the future, when we move into another setting —
a factory with no RCT

Acupressure
Freq %
Gender Female 83 32%
Male 169 68% Different populations:
. Single 180 71% .
Marital status Married 7 29, th S;CT SkIEWSb female
0 7/ early 50s
Education L(.)W 14l 560% ( O.)' Y :
High 111 44% married:
. Heaver labour 213 85% :
Occupation Others 39 15% the factory skews
Mean Std male, ~45, single —
: 1 ~
Age o -2 o1 though both are ~50%
Length of latest pain period (month) 52.3 101 oh
Time since onset of pain (year) 6.1 0.2 h IS er-educated.

Pain visual scale (0-100) 594 17.4




Without a new RCT, we still can evaluate

Global Effect

Personal

GROUP A

Acupressure

Observed : 16.7

4.55

Dlgltal Twin for Physical Therapy . 21.3

ece Worker 1

53, male, single. Been on the line for years
— lower back's at about 43/100, started
roughly 3—4 years back. Does this
acupressure thing actually do anything for
me?

For you, yes. if untreated I'd expect your
0DQ near 18.0; you actually scored 13.5 on
acupressure.

0DQ effect

— 4 . 5 Benefits

4+ Message digital twin... o

(2]

ece Worker 2

2]

I'm 42, female, married, desk-side supervisor
here. Pain's a 50, on and off for a few years.
Honestly wondering if acupressure is worth
fitting into my shifts?

For you, not really. if untreated I'd expect
your ODQ near 12.5; you actually scored 13
on acupressure.

0DQ effect

+ O ° 5 No net benefit

4+ Message digital twin... o



An RCT tells us acupressure lowers ODQ by 3.54
QR Code on average. What does the digital twin add?

(A) It proves the RCT's average is wrong
(B) It replaces the RCT — we no longer need trials

(C) It shows the effect for each individual — the

average and the individual together

(D) It makes the average more precise
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Stochastic Process for
Personalized Multi-State
Disease Natural History



Session lll. Digital Twin Al for Precision Screening

Bayesian Network and

Deep Learning Approaches for
Personalized Multi-State Disease
Natural History Modeling



Personalized Multi-State Disease Model

Multistate

Model

—
b7

2 Small
Normal —>
adenoma

8 NP small b8 O NP advanced
adenoma adenoma

3Advanced
adenoma

4 PCDP S PCDP
early late

6 Clinical
early

7 Clinical

late

Personal features

FIT (f-Hb) Betel - Alcohol
Age - Sex Diet
Smoking Comorbidity

~\

Each person's own trajectory through time
p

High-risk person — fast
A I e

Low-risk person — slow

same states, different speed




Data Collection for Machine Learning Classifier

Changhua
community-based
cancer screening
program

Demographic
Age, Gender, Education,
Family History V-

2 Small
_— =
Life Style adenoma

Smoking/

Dietary Habits

leeat/ \éegetable Betel quid chewing/

e.an g8 ) Alcohol Screening/
/Milk/ Coffee/ Fruit

Metabolic

syndrome factors Biomarkers

Waist/ TG/ HDL/ Fecal hemoglobin

Blood Pressure/ concentration (FIT)/ Uric

Glucose Acid/ Creatinine




Dynamic Data using in Our Model

, Dynamic Visit 1 Age 58 Visit 2 (+2y) Age 60
FIT 12 ug/g FIT 48 ug/g 1
o O Features and FIT _ ,
- . Smoking current Smoking current
Concentration > o6 A —_—
Re-computed P(SA) - Re-computed P(SA)

Demographic (D

Age, Gender, Education,

twin
Family History
Visit 3 (+4 y) Age62
) : Life Style '

Dietary Habits Smoking/ FIT past threshold 1

%eat/\éegetable Betel quid chewing/ Smoking quit J

/IV(IE'?I?/ X ﬁg / Fruit Alcohol Screening/

! otree/ Frul Awareness/ Health check » BMI 27

Metabolic
syndrome factors Biomarkers Re-computed P(SA)
Blood Pressure/ concentration (FIT)/ Uric

Glucose Acid/ Creatinine



Personalized features incorporated into the

multistate model

Classical: exponential / log-linear form

AX) =24, exp([31X1+BZX2+ )

feature

2 Small
Normal
adenoma

log rate

log rate

A

ML relaxes the form

< Random Forest
( SVM
< Neural Network

SU, Chiu-Wen

8 NP small 9 NP advanced
adenoma adenoma

feature

3Advanced 3 |
adenoma

» o
CBayes lan N etwo r k National Taiwan University|

(Taiwan)

788 5 PCDP
late

b6

6 Clinical 7 Clinical
early late




Personalized features incorporated into

Bayesian
Network

NNNNNNNNN

Smoking.

moking

ccccccccccccccccccccc

nnnnnnnn
Le

R 2 Small L 3 Advanced <R 4 PcDP P8 5 PCDP
adenoma adenoma early late
b5 "

8 NP small = 9 NP advanced 6 clinical "7 Clinical
- adenoma adenoma early late




Bayesian Network Classifier

adenoma

T ek <>/

-

BN learns how all factors relate at once — revealing both how
factors connect to each other and how changing one
propagates along a path to the outcome.

—




Bayesian Network Classifier
M

1Normal

2 Small
adenoma

Triglycerides




Bayesian Network Classifier — Model Performance

True

Train

TRAIN ROC Curve

1.0 1

o o o
~ =)} o
1 | |

True Positive Rate (Sensitivity)

o
o

thr=0.05
(FPR=0.04, TPR=0.70)

—— TRAIN (AUC = 0.889)

0.0 Random
0:0 0.I2 0.I4 0:6 O.IB 1:0
False Positive Rate (1 - Specificity)
TRAIN Confusion Matrix (thr = 0.05)
Precision=0.179, Recall=0.704, F1=0.285

True Neg 2035

True Pos - 186 443
Preleeg Predl Pos

Predicted

True

Test

ROC Curve

1.0 1

o o o
» =)} @
1 | |

True Positive Rate (Sensitivity)

o
]

0.0 A

thr=0.05
(FPR=0.04, TPR=0.72)

—— BN1 v2 (AUC = 0.887)
-~ Random

Metric
AUC

Train
0.89

Test
0.89

Accuracy

0.96

0.96

True Neg

True Pos -

0.0

0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - Specificity)

Confusion Matrix (threshold = 0.05)
Precision=0.181, Recall=0.717, F1=0.289

Precision

0.18

0.18

Recall

0.70

0.72

F1

0.29

0.29

872
76 193
Predl Neg Predl Pos

Predicted




Bayesian Network Classifier-SHAP (Global)

BN1 TAN (28 feat) SHAP importance [TRAIN] BN1 TAN (28 feat) SHAP importance [TEST]

FIT concentration

Betel nut

Smoking

ht ht
dm dm
tea_g3 tea_g3
seafood_g3 seafood_g3
meat_m meat_m
DL _gp LDL_gp
coffee_m coffee_m
education education
fruit_g3 fruit_g3
tc_gp tc_gp
drink_g3 drink_g3
peans_g3 FIT concentration dominates prediction of small-adenoma risk, then betel
veg_g3 ) " veg_g3
hereditary_risk CheW| ng’ SmOkl ng' a nd age, hereditary_risk -

bmi_gp brgi_gp

e The remaining signal spreads across alcohol, sex, diet and metabolic
hdl_gp markers. hdl_gp 1

ast_gp ast_gp

0.000 0002 0004 0006 0008 0010 0012 0014 0016 0.0000 0.0025 0.0050  0.0075 0.0100 0.0125 0.0150 0.0175
mean(|SHAP value|) (average impact on model output magnitude) mean(|SHAP value|) (average impact on model output magnitude)




Bayesian Network Classifier-SHAP (Personalized)

BN1 TAN (28 feat) SHAP beeswarm [TRAIN] BN1 TAN (28 feat) SHAP beeswarm [TEST]
FIT concentration ot e e ot oofpr cem e o - |
smk_gp - - e betel -—I
Smoking/ Betel nut betel - smicgp =
agegp ° * agegp o
milk_g3 milk_g3 }
tg_gp —‘F"“' tg_gp ‘IF“"‘
egg_g3 "‘"'4}" °e egg_g3 ° "'""—'
It_gp --"- .. drk_gp -{F'-m
ht --"—- alt_gp -l)- .
drk_gp . -”---- ht -ﬁ—
am A T
seafood_g3 —"— . tea_g3 -“—- g
tea_g3 °-”—-“ seafood_g3 —'—' E
meat_m -—“— . meat_m -—||-- %
education . —"- . LDL_gp --“—- &
coffee_m oo -"— coffee_m o '—”—
tc_gp - education —')-- .
LDL_gp S fruit_g3 e
fruit_g3 -'"—- tc_gp —l}--
drink_g3 . drink_g3 st
beans_g3 --"--- . beans_g3 '-“—-
veg_g3 S veg_g3 -
exerl —|I—- . hereditary_risk F- »--8
— High FIT concentration, smoking, betel chewing, older age, and

alcohol all push risk in the expected positive direction




Bayesian Network

2 Small 8 3 Advanced
adenoma adenoma

Stat
Betel Nut
Red Meat Education ‘

Chewing Alcohol
Triglycerid Intake Level
riglycerides
- Tea Intake
~ Phy5|ca|

Drlnklng
Exercise

FIT

Body Mass
4 Inydex —\ Category
Sugary Drink
ALT (GPT) Intake Hereditary Coffee
CRC Risk Intake
Diabetes Bean Vegetable

Hypertension
- Total

Egg Intake
Cholesterol g8

Seafood
Intake



Bayesian Network Classifier-SHAP (Personalized)

ROC Curve ROC Curve
101 —— BN2 TAN (28 feat) (AUC=0.734) 101 —— BN2 TAN (28 feat) (AUC=0.575)
—==- Random B —==- Random
thr=0[10 thr=D.

0.8 0.8
2 2
S o6 206
2 2
g 2
$ 04 $ 04
= =

L
0.2 0.2
Train Test
0.01 0.0
0.0 0.2 04 0.6 0.8 10 0.0 0.2 04 06 0.8 10
False Positive Rate False Positive Rate
Confusion Matrix (thr=0.10) Confusion Matrix (thr=0.10)
Acc=0.406 Prec=0.378 Rec=0.989 F1=0.547 Acc=0.386 Prec=0.368 Rec=0.974 F1=0.535
True SA 47 True SA 14
True LA+CRC 4 True LA+CRC 4
Pred SA Pred LA+CRC Pred SA Pred LA+CRC

Metric

AUC 0.73

0.57

Accuracy 0.41 0.39
Precision 0.38 0.37
Recall 0.99 0.97

F1 0.55

0.53

fit_cat
education
tea_g3

ht
beans_g3
drink_g3
milk_g3
LDL_gp
veg_g3
bmi_gp
tcgp
agegp
eg99._g3
drk_gp
fruit_g3
smk_gp
coffee_m
seafood_g3
betel
exerl

sex

tg_gp
hereditary_risk
hdl_gp
meat_m
alt_gp
ast_gp

dm

ey

BN2 TAN (28 feat) SHAP beeswarm [TRAIN] High
g

- coaecoguocam oo

!

:
,f

lLLlliJ SN
1

'J_L_L

L

-02

-01 0.0 0.1 0.2 03
SHAP value (impact on model output)

Feature value

fit_cat
education
tea_g3

ht
drink_g3
beans_g3
veg_g3
milk_g3
LDL_gp
bmi_gp
tcgp
agegp
fruit_g3
smk_gp
€gg_g3
drk_gp
coffee_m
seafood_g3
sex

betel
exerl
tg_gp
hereditary_risk
hdl_gp
meat_m
alt_gp

ast_gp
dm

BN2 TAN (28 feat) SHAP beeswarm [TEST]

P ..M.-—’-—- ot oo @Poo om0

o s

—t

——
N I
- —
- -

-
-

1idtll

]
i S NG NN SO

l....
l..
-

-

-0.2 -0.1 0.0 01 0.2 03
SHAP value (impact on model output)

High

Low

Feature value




Personalized features incorporated into

Bayesian

Smoking.

lllllll

Smoking
SSSSSS "y e t W o r
Red Meat Education
i Tea i
Fruit ea e

Seafood
e

20l 2 Small 2 3 Advanced &l 4 PCDP Za 5 PCDP
adenoma adenoma early late
b5 b6
S s " "
NP small . O NP advanced 6 Clinical "7 Clinical
b7 adenoma adenoma early late




Every Patient Gets Their Own Disease
Progression Risk

(D Personal factors @ Bayesian Network @ Individualized Disease Progression Risk
Age 68 convert factors into personalized risk
Sex Male }::__ i +2. 4X +1. 3X +1. 1X
. : = ; adenoma adenoma early late
Smoking current o 2= 3 '
Betel chewing No =% |
= i = 8 B 9 van 6 Clini ini
HDL Elevated e
(D Personal factors @ Bayesian Network @ Individualized Disease Progression Risk
A convert factors into personalized risk
ge 55 e — e —
Sex Female 'T:E' %E: -1. 5X -0. 1X
. 3 = F H adenoma adenoma early late
Smoking No £ =
Betel chewing No & “% : T
= t = = t G e 8 b8 9 advance 6 Clini inica
o e * bein : cncs 7 o
Tea intake High R ———




What does incorporating a Bayesian Network
QR Code . .
into the multistate model allow?

(A) Models progression over time, but treats everyone
the same.

(B) Personalizes risk, but loses the progression dynamics.

(C) Keeps the progression dynamics and personalizes
each patient's rates.

(D) Guarantees each person has exactly one twin
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Reinforcement Learning—Enabled
Digital Twins for Risk-Adaptive
Screening Strategies with LLM
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The role of digital twins
in cancer screening.

Validating the Digital Twin Through a RCT



Stochastic Process: Multistate Model

Normal

adenoma adenoma

8 NP small O NP advanced
adenoma adenoma

PROGRESSIVE PATHWAY

2 Small 3 Advanced

6 clinical

E

NON-PROGRESSIVE PATHWAY

- Normal B PCDP — late

NP small adenoma

a Small adenoma a Clinical cancer — early u NP advanced adenoma

Advanced adenoma Clinical cancer — late
u PCDP — early

b4

b6

7 Clinical

late

';‘Jﬂ S ‘Mf-

YEN, Ming-Fang
Taipei Medical University
(Taiwan)




Stochastic Process: Multistate Model

Multi-state Disease Prediction System

States Intensity Matrix (Q)

3 J
[ State Normal | OPMD | Oral Cancer
At least 2 States

Normal

Path
hi: s[1]-s[2] OPHD
h2: s[2]-s[3] Oral Cancer

State Transition Diagram

Normal h1 ‘® h2 Oral Cancer
(s[11) o (s[2]) (s[3])




PROGRESSIVE PATHWAY NON-PROGRESSIVE PATHWAY

1 Normal B PCDP — late NP small adenoma

StO ChaStlc TWln a Small adenoma n Clinical cancer — early u NP advanced adenoma

Advanced adenoma 74" Clinical cancer — late

u PCDP — early

Real screening visits

50 52 57 63

e g0 2 B 2 B2

Stochastic llllllllﬂlmlﬂllllllllll

Twin

(not only one)
le ra

age



Stochastic Twin: Unlock the natural history,
address the biases in screening evaluation

Stochastic Twin

MEASURABLE

COUNTABLE

PARTLY CONTROLLED

Lead-time bias Overdiagnosis Selection bias
The twin knows when the cancer would Because the model separates progressive Matching withi
have surfaced clinically — so lead time from non-progressive lesions, the twin controls the se U
stops being a bias and becomes a number can count the cancers that never would though unmea ‘ -
we cah measure. have harmed. remains. g o '.
Individual Lead-time HSU,Chen-Yang | | CHEN, Li-Sheng
\_ J \ J National Taiwan University | | Taipei Medical University

(Taiwan) (Taiwan)




From incomplete data to your digital twin

Stochastic Metaverse-
Twins driven Twin

y EEEEEmER

R [T
ENEEEEER
simulates complete ........ your SynthESIS

natural histories each = age x state, tWi n
a random trajectory

Screening . Multistate
data model

real, but sparse and full
of gaps

i:i:

a few visits - most years
unknown

8

Control

Digital twin cohort o
) ) Blennlal
< Annual Biennial Triennialz Control >

Fo IIow up (a

Cumulative CRC incid (%)

o - N w S w o




Evaluating Cancer Screening with a
Digital Twin Approach

Outcome Annual Biennial (Current) Triennial

CRC incidence reduction 31.3% 22.5%

Advam’:ed-stage CRC £0.2% 40.7%
reduction

Adenoma overdiagnosis +20% — ref
FIT testing frequency higher — ref

Colonoscopy demand higher — ref



Digital Twin in Cancer Screening
— which is correct?

(A) The digital twin uncovers the hidden disease process,
enabling personalized lead-time estimation.

(B) The digital twin uncovers the hidden disease process,
distinguishing progressive from indolent cancer per
individual (Overdiagnosis).

(C) More individualized data sharpens twin identification
and reduces selection bias.

(D) All of the above
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Al-Empowered Digital Twin Frameworks for Precision Screening

FIT-driven precision
screening through a digital
twin framework



Multistate Model with FIT Concentration

Higher FHbC, sharply higher risk.

<10 > . h 44.1x

20.3x

13.8x
. e 4.8x 8.3x

<10 10-14 45-49 20-49 50=99 100-149 2150

3Advanced {4 PCDP 5 PcDP
adenoma early late

b6
S s " ”
NP small . O NP advanced 6 Clinical 7 Clinical
b7 adenoma adenoma early late

| 2N 2 small
Normal >
adenoma




Your FIT concentration guides the twin

FHbC tier (ng/g)

Quantitative FIT i
concentration o0o1a

l 15-19

Enter multistate model | spam
50-99
100-149

FIT guided stochastic twin

2150

Stochastic twin pool

— ®
Lo0e
©
_ ®
® o
_,oe o 0
> o
00000000 e
o0 o e

—

_,00.000 000

( shapshot at age = 60 )

. . . . . . . + more



Your FIT concentration guides your screening interval

y N
FHbC tier (ng/g) Stochastic twin pool ( snapshot at age = 60 ) What-if A What-if B o What-if C
placeholder selected placeholder
( E . FHbC interval (yr) FHbC interval (yr) FHbC interval (yr)
<10 — o
L J ) <10 2 <10 6 <10
' By
10-14 —> ® @ .
. J 10-14 2 10-14 3 10-14 3
a N
15-19 —* e ® ®
L J B 15-19 2 15-19 2 15-19 2
( ) Normal after Colonosco
L J 20-49 2 20-49 10 20-49 8
i 3
50-99 —P.... : ..
- J ' 50-99 2 50-99 5 50-99 <
f ] . 0000000
100-149 — ® © 0 O © .
L J 100-149 2 100-149 1 100-149 1
f i 1,00 000 000 .
L j 000 00 .00 >150 2 >150 0.5 >150 0.5
@ atrisk twin lower-risk twin /e, not exact)




Your FIT concentration guides your screening interval

y N
FHbC tier (ug/g) Stochastic twin pool ( snapshot at age = 60 ) What-if A What-if B o What lf C
placeholder selected placeholde
(" E . FHbC interval (yr) FHbC interval (yr) FHbC interval (yr)
<10 — .
L J ' <10 2 <10 6 <10
o '
o
- —

k 10-14 I @
23 I .

15-19 —>
L i o o
' E

20-49 —> ® ® ® ® ®
9 J 20-49 2 20-49 10 20-49

20-99 — 0660008006 -
L J 50-99 2 50-99 5 50-99
! 100-149 |0 00 0 00
L JTece 000 @ 100-149 100-149 1 100-149
f i |00 000 000
L ! 000 00 .00 >150 >150 0.5 >150
@ atrisk twin lower-risk twin




Personalized Screening Matches Biennial
Benefit at Lower Cost

Constraint: Bioequivalence design

Biennial Triennial
(Current)

CRC incidence reduction 31.3% 22.5% 17.8% =~ Biennial
Advanced-stage CRC 50.2% 40.7% 34.3% = Biennial
reduction

Adenoma overdiagnosis +20% — ref -16% -20%
FIT testing frequency higher — ref lower -39%

Colonoscopy demand higher — ref lower -35%
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Reinforcement Learning—Enabled Digital Twins for Risk-Adaptive
Screening Strategies with LLM

Personalized screening
through a digital twin
framework



Bayesian Network Classifier with FIT
concentration information for generating
Stochastic t-win HigherFHb?,.sharply high(erfisk.

% he r 44.1x
20.3x%
13.8%
8.3x
<10 10-14 15-19 20-49 50-99 100-149 2150
i higher risk
Q1 low ’
m . Stochastic l
T [ J

= . wWin l
Q5 high

10-14 15=19 20-49 H0=99 100-149 2150

FHbC tier (ng/g)

<10 each cell =a

twin pool



Your risk and FIT concentration guide your
screening interval

Higher FHbC, sharply higher risk.

1 <10 — x he r 44.1x

Adaptive Screening R I -

<10 10-14 15-19 20-49 50-99 100-149
FHbLC Tiers
<10 10-14 15-19 20-49 50-99 100-149 =150
‘ ° FIT-Negative 6 3 ‘ 2 N/A N/A N/A N/A
e P ONA | NA | NA 10 o | 1 6
an o A N/A N/A 10 10 6 2
) e NA  NA  NA 3 3 3

@ ‘r:;n-Advanced N/A N/A N/A 10 9 7 6

eeeee

e T NA  NA  NA 3 3 3

Adenoma
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Reinforcement Learning—Enabled Digital Twins for Risk-Adaptive
Screening Strategies with LLM

A person is not static —
how about our digital twin?



A person is not static —
how about our digital twin?

Everything we used to personalize the twin drifts over time.

o O

o

FIT concentration Personal features So the right interval
[ ]

drifts change changes too

A person's f-Hb today is not their f-Hb in The BN factors — lifestyle, comorbidity, If risk rises, the schedule should tighten; if

five years. Baseline FIT was a lifetime label habits — evolve. The risk profile we fixed it falls, it can relax. A one-time plan cannot

— reality keeps moving. at entry slowly goes stale. follow the person.

We need a twin that does not just hold one schedule —

but re-decides every time new information arrives.



Screening is a sequence of decisions,

not one plan

Each year, the twin observes, decides, and sees the consequence — then does it again.

Observe

the person's current
state this year

repeat

Update age 50 — 84

disease evolves,
record the outcome

Decide

screen? prevent?
what interval?

ENVIRONMENT - the digital twin

68y - Normal
twin updates decide action
state, re-decide from 'state

REWARD

+ Early detection - Interval CRC

\_/

action = environment returns reward

ACTION

Prevention + Screening

Agent - RL policy



Reinforcement Learning - State

ENVIRONMENT - the digital twin

STATE

68 y - Normal

Lin Mia Coco
twin u) Age/ Sex Age / Sex 58 - F Age / Sex 54-F
Baseline FIT Baseline FIT 12 pgig Baseline FIT 17 palg

State r Screening events Screening events 4 Screening events 3

Coco is classified as Mediu

FIT level (fit_cat) F3 - 17 pglg
+ Eal'|y d 1 Betel chewing (betel) yes

Smoking (smk_gp current

Family history (hereditary_risk high

)
)

Age (agegp) y ) 50 yr
)

Sex (sex E




Reinforcement Learning - Enviroment

ENVIRONMENT - the digital twin

State of 1000 matched twins at a given age (one dot = one person)

96.7%

0.3%

@ Normal @ Small adenoma @ Advanced adenoma (@ Preclinical CRC - early

Preclinical CRC - late Clinical CRC - early Clinical CRC - late @ Non-progressive SA
Non-progressive AA

action = environment returns reward



Reinforcement Learning - Action

ENVIRONMENT - the digital twin

Decide for this person (prevention + screening together):

® PRIMARY PREVENTION

decide action
from istate

twin updates
state, re-decide

Quit smoking Quit betel Regular exercise

Healthy diet

| 4
ACTION

REW @ SECONDARY SCREENING (click ¢

+ Early detection 6mo 1yr | 2yr % \ 3yr 6yr

Prevention + Screening

action = environment returns reward



Two kinds of action — Primary & Secondary
Prevention

.. Screening - secondary prevention

\’ Primary prevention - permanent

Screen or not — and at what interval. A lifestyle intervention.
Does not change whether cancer develops —
only when we see it.

Permanently rewrites the person's BN factors
—> they become a lower-risk type.

acts on - detection (FIT sensitivity)

acts on -» transition rates (the trajectory itself)

Screening changes when we know.

Prevention changes




Reinforcement Learning - Rewards

ENVIRONMENT - the digit

Before you start, set your REWARD weights

Find early cancer (PCDP-E)

twin updates
state, re-decide

Cost per screen

REWARD

. Cost per prevention
+ Early detection - Interval CRC

Finish healthy




Screening is a sequence of decisions,
not one plan

Each year, the twin observes, decides, and sees the consequence — then does it again.

Reinforcement Learning

Observe _
S —— State Features; FIT level; Disease Status
state this year
repeat Action Primary Prevention;
age 50 — 84 Secondary Screening

Update

disease evolves,
record the outcome

(+) Cancer prevented or early detection,
(-) Cost/ Overdiagnosis

: | Reward
Decide

screen? prevent?
what interval?

| Policy The rule it learns



Reinforcement Learning for Adaptive Screening

Individuals with personal features & Digital Twin: personalized risk (eg. Inter-screening Interval & Emerging
longitudinal FIT history modelling (Dynamic FIT + Features) detection modality) . Individual A
Individual A (" : . B f \ Recommended
@ Age:se Dynamlc f-Hb trajectory Dynamic f-Hb concentration (ug/g) = = % interval:
m & Smoker Diabetes: No ” mf;Hb (ug/e) <10 10-14  15-19 20-49  50-99 100-149 2150 '
oGy @) obesy @ Alcohol: Occasional /.—J < 6-year lal
W L 19 Extremely | gilance
_ &% Famiyhistory:Ne @ PPIuse: No » / High Risk e lyear | 1lyear | 1year | 1year Interval . E ; u
T history (b, ug/g) s — :
2016 2016 2020 2022 2024 1 * Next screening: 2030
- *————@ . - 2016 2018 2020 2022 2024 = High Risk | 2 2 1-2 1-2 1
4 5 8 15 2 - < E ’ yoars | SYS | vears | years | CY
(Disease progression H R A
IndividualB o M g o o &= Individual B
- L @ — & Moderate Risk  3years 3 years 2years >
PRy e ; Sy, z L b L Recommended
5 ,::__. f Metabolic syndrome & Akohol: Regular § ‘ | ‘(‘)e@’ interval:
L L L @
& Family history: Yes & PPluse: Yos 4 [ " 3 I L _
=4 I o..o. ‘ LowRisk | 6years = 6 years e 3 years L 2 years 5 3 year
o o . ‘ years years years ] Int | !
FIT history (f-Hb, ug/g) o@ eg ; o == ‘ | nterva A=
2016 2018 2020 2022 202 . . T
: ; \_Deep Learning Bayesian Network ) . @
Extremely 6years G6Gyears G6years 6 years 36 3 years A
12 18 25 55 80 ~ Low Risk years years Next screening: 2026
(" Personal features
Individual C  cnaes = ' e —— "
. —— Wk % g a . ivi
_ & rormersmoker () oiabetes: ves i < = 3 Longer interval Shorter interval Individual C
o — oo * - - -
OO G wyperenson @ Acohot Rare : - (lower risk) €@ I (higher risk) L= =) Recommended
“ & Family history: Yes @ PPiuse: No ) R ‘ _,f\i,\ interval:
R o g Notes: 2-year
FIT history (f-Hb, bg/g) o7 4 - Risk score is derived from the Bayesian Network (personal features). “ y U0
016 2018 2020 dnzz 2054 b + f-Hb trajectory is dynamically updated over time. Interval Jine
o o SHA * Map is learned from the Digital Twin (multistate model). mm
6 9 14 28 45 e S e * Interval recommendations balance benefit, harm, and resource use.
\_ T ey, ) Next screening: 2027
. g

- -

A | s ALY J
. Reinforcement 5. Intervention Layer 2

bl - Tt Primary Prevention and Surveillance
Learning & Early awareness of CRC




You are the RL agent: find Coco's best screening plan

Each plan runs one episode and scores a reward.

=]

Round 1 — try three plans

10

Which plan scores highest?
(A) Screen every 2 years
[=],

(B) Screen every 6 years

(C) Quit smoking, then screen every 3 years



Round 2 — can you beat the best?

A real agent doesn't stop — it tweaks the winner to try

for more.

Which of these beats?
(A) Keep every 2 years

(B) Add quit-smoking on top of A

(C) Screen even more often, every 1 year



DIGITAL TWIN PIPELINE

Follow one person
through the whole

pipeline

Pick a person
Screening History
Stochastic twin
Metaverse-driven Twin

Precision Screening
Evaluation

Updated Twin

STEP 6 / 6
Chang 58 F 12 |

[ ]
Ilpda‘ted thIl TW-48347 START AGE SEX FIT MG/G RISK TIER

REINFORCEMENT LEARNING LOOP

STATE
58yr - Normal

twin updates decide action

state, decide again from state
REWARD ACTION
+early detect —interval cancer prevention + screening

action — environment gives reward



4P Medicine

© O 6|06

Predictive Preventive Personalized | Participatory

From risk-adaptive to participatory — LLMs bridge model and person
(1) LLMs integrate multimodal inputs
(2) LLMs return personalized, plain-language responses



Multimodal Data in LILM

Unstructured text

Imaging

Continuous signals

Personal information enters by conversation -
multimodal data is absorbed into the prompt -
the result returns as dialogue.



I LLM-Guided Precision Screening Intervals

using dynamic f-Hb

My previous FIT was 5 pg/g, and my current result is 2 pg/g.
What screening interval would you recommend now?

Read the contents ... - LangChain workflow
g e Structured ) 9 LangChain calls ) 9 Risk score ) ﬁatural-language
I D feature extraction ML prediction model returned explanation
( )

\ns: Based on your FIT decreasing from 5 - 2 ug/g, we suggest

extending your screening interval to 6 years.

g J




I LLILM for Personalized Precision Intervals

personal features feed the same workflow

| am a smoker with metabolic syndrome. My previous FIT was
5 ug/g, current is 15 pg/g. What interval would you recommend?

Read the contents ... - LangChain workflow
g o Structured ) eLangChain calls ) @ Risk score ) @ Natural-language
I D feature extraction ML prediction model returned explanation
4 )

Ace Based on your personal features and FIT rising from 5 - 15

ug/g, we suggest changing the interval from 6-year to 2-year.

. J




LLILM for Personalized Precision Intervals

the LLM absorbs text, imaging, and signals into the same prompt

Here are my clinic notes, my colonoscopy image, and my

wearable activity data. Please update my screening plan.

e Structured ) e LangChain calls ) 9 Risk score ) a\latural-language
I I feature extraction ML prediction model returned explanation

( )

Combining your notes, imaging, and activity trend, we refine your risk

Ans: and set a personalized 3-year interval — revised automatically as new

| data arrives.




Session lll. Digital Twin Al for Precision Screening

Digital Twin Al Demonstration for
Precision Screening Applications



Risk-adaptive Screening Navigator +
Unlock your risk-adaptive, personalized screening journey

SCREENING JOURNEY
Your Screening Map

Start Let's begin!

Profile

History

o

FIT Signal

o

Colonoscopy

Results

Lo

Recommendation

I'm Aiden!
Follow me through a few simple questions to unlock
your personalized screening journey!

PERSONALIZED SCREENING JOURNEY

Answer a few questions,
find your next step

Al derives your personalized recommendation from your screening

history and test values.

Risk-adaptive
FIT Precision Screening
By f-Hb + Profile

FIT Precision Screening
By f-Hb range

Chat with Al directly

Alison Lin




Screening Navigator +
Personalized screening journey

SCREENING JOURNEY
Your Screening Map

o
2.0

Start

(/]
= O

History

FIT Signal You're on step 3!

Colonoscopy

Results

Recommendation

o o o 2

Start History FIT Signal Colonoscopy

I'm Aiden!

direction.

Step 3 - FIT Signal

[

Recommendation
ecommendatiorn

I'll use your FIT signal to help determine the next routing

What was your most recent FIT result?

¢ Understanding your situation helps us give more precise advice

Negative
Normal value, no referral

| Positive
Referred for colonoscopy

# | have a value to enter

OC-Sensor

ug Hb/g

f-Hb value input

8 g Hb/g

HM-Jack

v

Alison Lin




Session lll. Digital Twin Al for Precision Screening

Thank you for your
attention!
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