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Digital twins for disease
modelng and drug development

Applications for smarter, faster clinical trials
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HOW DO THEY KNOW THE
LOAD LIMIT ON BRIDGFS
DAD 4

THEY DRINE BIGGER AND
BIGGER TRUCKS QNER THE
BRIDGE UNTIL 1T BREAKS.

THEN THEY WEIGH THE
LAST TRUCK. AND
REBUILD THE BRIDGE
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Calvin and Hobbes, Bill Watterson



In high energy physics,
simulations are a tool to make
experiments more sensitive

The complexity of the experiment requires modeling
to understand it

—  Backgrounds are enormous
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—  The measurement instruments are msanely complex
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Clinical trials are a vastly more
complex and expensive set of
exXperiments

Treatment group Control group
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Clinical trials establish the safety and efficacy of
drugs through experiments on people

— Phase 1 trials test safety and mechanism ofaction for
drug

—  Phase 2 trials trials establish safety and early efficacy
signals

— Phase 3 trials demonstrate regulatory-grade safety
and efficacy
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Total clinical trial mdustry expenditures are

~$80B / year



Why run randomized
controlled trials (RCTs)?

Treatment group Control group
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RCTs are the gold standard for evidence
from a single experiment

—  Well-run experiments let sponsors make
statistically robust statements about drug
safety and effectiveness

— Requires participants to receive standard of
care; acceptable with equipoise

— The community has developed decades of
expertise in designing and running high
quality single experiments
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Why does the field run
so many RCTs?
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Many different treatments,very similar controls.
For many diseases, collectively we know so much about

the indication from all the trials and studies we have run.
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Why do we need to keep running RCTs? Why do we
treat each trial like it’s the first time we’re evaluating

a treatment in the indication?
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It’s so inefficient. This should make you mad.
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One approach is to maximize the
utility of data m RCTs. Digital twins are
a great toolto do this.

Treatment group Control group

Digital twins arenof new participants

They are more information about the participants
i the study. They make every participant’s data
more useful

We can use digital twins to bring the learnings from
past clinical trials and observational studies nto a
new clinical trial.

The trick is to do this safely, so that we don’t
compromise the integrity of the RCT.



Example of digital twins
for disease modelng: ALS

Ways disease is measured in ALS patients

L A

Demographics and disease history
Assessments of ALS symptoms
Respiratory function (vital capacity)
Muscle strength

Quality of life measures

Biomarkers

Lab tests and vitals

Disease milestones

We model disease at the level of clinical data,
not mechanistically or biologically.

Time (months)

Alanine Aminotransferase
Albumin

Alkaline Phosphatase
ALSFRS Climbing
ALSFRS Cutting

ALSFRS Dyspnea
ALSFRS Handwriting
ALSFRS Hygiene
ALSFRS Insufficiency
ALSFRS Orthopnea
ALSFRS Salivation
ALSFRS Speech
ALSFRS Swallowing
ALSFRS Turning
ALSFRS Walking
Aspartate Aminotransferase
Basophils

T e all B B BB o

Participant’s

Age (years): 55
Sex: Male
Race: Caucasian

Baseline

4
4
3
4
4
4
4
3
2
3
4
4

)
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418=+123
422 +£16
77.8+£11.0
39zx04
3.9x02
2907
39+03
39zx03
4.0+ 0.1
4.0+0.2
2807
1.9+0.6
2.9+0.6
39x03
39zx03
24052
0.0+ 0.0

. G

Digital Twin in ALS

Diagnosis: ALS Possible
Site of Onset: Bulbar
Symtom Onset: 623 days

423 +13.9
421241
77.6x13.7
3.7x05
39x04
29x08
3804
3.8x05
39x02
3.9+03
28x08
1.9x08
28+08
3.8+04
38x04
243 7.0
0.0+ 0.0
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41.7+16.5
42124
785175
3.6+06
3.8+0.5
290
3.7+05
3.7+ 0.6
3.9+03
3.8+04
2709
1.8x0.9
28+09
3.8+04
3.8+05
252+ 84
0.0+ 0.0
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Think of this setup as abasic modeling problem
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A probabilistic model of Comprehensive,
Data about a longitudinal health data for probabilistic predictions of

patient’s health patients with the disease future outcomes



writ large over many variables

Think of this setup as a
basic modeling problem

Variable Value

observed data probabilistic predictions

Time

Prediction time



We want to learn thejoint
distribution over a dataset

p(Xstatic ) Xlongitudinal (t) ) Xevents (t) )

Conditioning on a set of data from a patient yields a
model of therr future health — ther digital twin

p(Xlongitudina.l (t > 0)7 Xevents (t) | Xbaseline)



Processes for building
models: data

1. Data Curation

ﬁ @ @Q E - ¢ )
. . g . . Clinical trial Pati Ob: ional H iz
Data curation is critical to build high priy rogitios dos il formate
quality resources for modeling
e % ®
— Harmonization across datasets (trials, o .
. . . . Unified patient “ s Ensure Convert to Harmonize
observational studies, re gistries ) trajectories consistent scoring common units variable names

—  Quality control to curate data suitable
for creating models of disease

—  This step tends to be the most
resource intensive



Processes forbuilding
models: traning

Architectures are designed to handle
the realities of clinical data

—  Models are Markovian, training divides
trajectories into shingles

—  Optimization is for sample quality, with
the goalthat model generated data
matches observed data

—  Validation along many dimensions of
performance

2. Training

i

Unified patients
trajectories

®

Compute
gradient

a

Transformed &
filtered patients
trajectories

baseline
current
future

Patient shingles

Update model

00O 000

Compare predicted TTE
to observed

Compare predicted future
to observed future

Model

by

Imputer

Event network

Imputed
patient shingles




Processes forbuilding
models: nference

3. Inference

80 2H 00 gr =N I=N ISR |
. . Trained e
Prediction follows a Markov process model
—  Sample-level trajectories are created o
Patient trajectory samples Patient trajectory
from the model reduction, eg. mean, STD
— Mean and variance moments give the [ ADAS Cog 13
expectation and uncertainty for - - . i
mndividual patient predictions it U Q ]
(New) (New) (New) -
g g g s Patient Clinical trials Patient registries Observational studies
—  Generalization to new studies is a key baseline .
udy day

dimension of performance



We haveinvested a fair amount of effort in
the core machme learnng problem

7 /1 A /1 /
Generative models Tabular time Multimodal Missingness Not large (~1000
for joint distribution series datasets is common patients, ~10 visits)

l

Architectures for this
class of problem

Alam et al, “Djgital Twin
Generators for Disease
Modeling”, arXiv:2405.01488




Digital twins can be incorporated in clinical trialsia
covariate adjustment

Example:

—

—

An endpoimt is the change in a cognitive test score over the trial duration

The predicted endpoint value is extracted from the digital twin for each participant,
to be used in covariate adjustment

This is the expected standard ofcare outcome and does not require modeling the novel
treatment

~

/"Co variate adjustment leads to efficiency gains when the covariates are prognostic for
the outcome of inferest in the trial. Therefore, FDA recommends that sponsors adjust
for covariates that are anticipated to be most strongly associated with the oufcome of
interest.”

\_ — FDA guidance on covariate adjustment )




Covariate adjustment is commonly used to increase
power and reduce variability m clnical trial analyses.

outcome = intercept + slope x (baseline covariate) + (treatment effect) x (treatment indicator)

Forecast control outcomes from participants’ digital twins are a “super
covariate” that provides the maximum increase in powet.

outcome = intercept + slope x (forecast control outcome) + (treatnent effect) x (treatnent indicator)

U.S. Patents: Systems and Methods for Supplementing Data with Generative Models (US20210057108A1) 2023 StaResding

!'Schuler, Alejandro, et al. "Increasing the efficiency of randomized trial estimates via linearadjustment for a prognostic score."” The International Journal of Biostatistics 18.2 (2021): 329-356
2Reference to Bayesian PROCOVA 2.0 arXiv paper to go here



EMA and FDAsupport the use of digital twins to
run smaller, faster and highly powered RCTs*

— EMA qualified our methodologies
— FDA concurred with EMA’s qualification
— Proven successful Type C meetings in Neuroscience

— Regulatory policy is a consistent area of focus as the field advances

in the use of Al

*Unlearn’s EMA Qualification Opinion; FDA’s Concurring Statements



https://www.ema.europa.eu/en/documents/regulatory-procedural-guideline/qualification-opinion-prognostic-covariate-adjustment-procovatm_en.pdf
https://unlearnai.substack.com/p/us-fda-comments-on-unlearns-procova

Operationally includingdigital twins is simple

ACTIVE ARM ‘

FIRST VISIT " FOLLOWUPVISITS [ gy s a
—>  PATIENTBASELINE —> N 2 R |
DATA COLLECTED PATIENT IS
RANDOMIZED L .
\I/ 8 _ PRE-SPECIFIED
CONTROL ARM ANAI:.YSB

e _________________________________________________________________________________________________________________

DIGITAL TWIN
MODEL IS CREATED




Retrospective analysis ofa phase 2 trial of

Cas C StUdyI Atheimer,S disease tlavonemab in early Alzheimer’s disease (AD)

o2 a9 I B

Specification Generation Reanalysis ofthe Planning for future
ofthe Almodel of digital twins tilavonemab study AD studies

Key content taken from a poster from the Alzheimer’s Association
International Conference (AAIC) 2024, jointly presented with Abb Vie



Summary tilavonemab
phase 2 trial

Patients who met the following
criteria were eligible for AWARE

v

i : d 55-85
— Phase 2 randomized trial Age years

4 Diagnosed with early AD (met NIA-AA
clnical criteria for mild cognitive

— 453 participants

— Conducted from 2017-2021 impairment or probable AD)
Vv
CDR globalscore of 0.5 at screening
Patients included in AWARE were randomized
to receive either placebo or one of three doses v MMSE score 0of 22 to 30 at screening
(300, 1000, and 2000 mgq) of tilavonemab in a
1:1:1:1 ratio, over a 96week treatment period v RBANS-DMI score <85
: v .. .

CDR-SB, ADAS-Cog_ 14, FAQ, and MMSE scores Positive amyloid PET scan
were key outcomes in the trial

v Modified HachinskiIschemic Scale

score <4



Specification of the

Alzheimer's DTG
Specifications

Unlearn’s Alzheimer’s disease Digital Twin
Generator (DTG) model:

Trained on data from more than 8500%*

participants, from the controlarms of29

clnical trials and data from 4 observational

studies from early MC to severe AD

Approximately 60 mput variables
(demographics, biomarkers, baseline disease

. o This document is a technical specification sheet that is
severity measures, labs and vitals) et s e e

performance of the DTG on the dataset described herein. All
performance measures are dependent on the exact data input
to the DTG and therefore past performance is not a guarantee
of future performance on a new dataset.

Outputs include tem-level predictions of
multiple composite scores, biomarkers,
labs and vitals

*Our model is regularly updated to include new
endpoints and new data (now over 25k patients)



Generation of digital twins

\V4

¥ -0 - D - & a

baseline processing formatted model digital
data and QC dataset nference twins
Baseline data provided in  Processing and QC steps Inference is done via Moments (mean, variance) are
a loose standard format ensure the baseline data is Monte Carlo sampling, to provided for analysis.
for trial data. formatted correctly for model produce digital twins.

mputs.



Results fromreanalysis

Variance reduction (%)
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Interpreting
reanalysis results

We can directly relate variance decrease
to future study design. The prognostic
value ofthe covariate can be used for:

Power add
—  Digital twins added at analysis time

—  This boosts the effective sample size,
keeping enrollment constant

Sample size reduction

—  Expected prognostic value
mcorporated in the sample size
calculation

— Can decrease the placebo arm or
both arms equally

95%

90% 1

85% 1

Power

80% 1

75% 1

sample size
decrease

power gain

—— standard

— digital twins

70‘,’1/?3

1400

1500 1600 1700 1800
Number of participants

1900



P I a n n I n g fO r fU t U re trl a I S “Assuming the variance reduction in the
o 5 o . primary will be 90% of observed (13%)
with digital twins

I N
# participants 1600 1600 (1787 ESS) 1433 (-167)

# per arm 800:800 800:800 800:633

Power 80% 84.6% (+4.6%) 80%

Enrollment time 21 months 21 months 19 months (-2 months)

Cost $560M $560M $501M (-$59M)
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Thank you
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