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Working Group Scope

The Real-World Evidence Working Group aims to support, address and answer o
pertinent questions around real-world evidence. The Working Group is dedicated to P T WL
sharing across the PHUSE Communlt% (through Community Forums) and aligning on

the best industry practices. Some of the questions we intend to address are:

What are the requirements, technologies and processes/best practices needed to
use real-world data as a source for data analysis?

incorporate real-world data into clinical trials -

to support the use of real-world evidence as part of regulatory submissions?

Several Projects

Blog Articles & White Papers

Community forums
- Using OMOP and Other Real World Data Standards to Support Regulatory Submissions Conference activities

- Applying Advanced Data Privacy Methods to Real World Data (RWD)

- Estimands For RWD/RWE
- Quality & Reusability of RWD

- RWD Guideline for Programming & Analysis Processes
_ Submitting RWD If you would like to get involved,

email
- Missing Data Imputation in RWD Exploration of Multiple Techniques on Open-Source Data


mailto:workinggroups@phuse.global
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 White Paper development (subteam 1)
o Co-leads: Ksenia Titorenko (ICON) and Paramita Chakraborty (IQVIA/ Gilead)
o Establishing Robust Estimands in Real-World Evidence
= Literature review
= Gap analysis
= Combining frameworks
= Example use cases
= Regulatory submission aspects
" etc
o Preparing for internal PHUSE project team review
o Future public review before published
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 Webinar series (subteam 2)

o Lead: Matt Baldwin (Amgen)
At the Intersection of Estimands and Target Trial Emulation (TTE) for RWE
22Apr2025 — Webinar 1 recording / slides:

" An Introduction to the Estimands and Tarqget Trial Emulation Frameworks

o 03Jun2025 — Webinar 2 recording / slides:

m  FEstimands in Real-World Evidence Studies

o 21Jul2025 — PHUSE Blog: What’s the Hype About? PHUSE’s Record-
Breaking Webinars Explore Estimands and Target Trial Emulation for RWE

o 24Feb2026 — Webinar 3 registration:

" |mplementing Estimands & Target Trial Emulation (T TE): Case Studies and Perspectives

O
O



https://www.phuse-events.org/attend/frontend/reg/tOtherPage.csp?pageID=68719&eventID=106
https://www.phuse-events.org/attend/frontend/reg/tOtherPage.csp?pageID=68719&eventID=106
https://www.phuse-events.org/attend/frontend/reg/tOtherPage.csp?pageID=68747&eventID=106
https://www.phuse-events.org/attend/frontend/reg/tOtherPage.csp?pageID=68747&eventID=106
https://www.phuse-events.org/attend/frontend/reg/tOtherPage.csp?pageID=68747&eventID=106
https://www.phuse-events.org/attend/frontend/reg/tOtherPage.csp?pageID=68747&eventID=106
https://phuse.global/Communications/PHUSE_Blog/what-s-the-hype-about-phuse-s-record-breaking-webinars-explore-estimands-and-target-trial-emulation-for-rwe
https://phuse.global/Communications/PHUSE_Blog/what-s-the-hype-about-phuse-s-record-breaking-webinars-explore-estimands-and-target-trial-emulation-for-rwe
https://phuse.global/Communications/PHUSE_Blog/what-s-the-hype-about-phuse-s-record-breaking-webinars-explore-estimands-and-target-trial-emulation-for-rwe
https://us06web.zoom.us/webinar/register/9217689161337/WN_uQOH4tjSTzaDqI_zZyyqVw#/registration
https://us06web.zoom.us/webinar/register/9217689161337/WN_uQOH4tjSTzaDqI_zZyyqVw#/registration

Targeted
Machine
Learning,
Highly
Adaptive
Lasso, and
Causal
Inference for
Generating

RWE in Drug
Development

Mark van der
Laan

Targeted Machine Learning, Highly
Adaptive Lasso, and Causal Inference for
Generating RWE in Drug Development

Mark van der Laan

Jiann-Ping Hsu/Karl E. Peace Professor in Biostatistics & Statistics
University of California, Berkeley

January 29, 2026, RWE Forum




Targeted
Machine
Learning,
Highly
Adaptive
Lasso, and
Causal
Inference for
Generating
RWE in Drug

Development

Mark van der
Laan

Traditional
Statistics

Traditional toolbox for statistics: Recipe oriented,
enforces false constraints, not made for Big Data

Type of Data
Goal Measurement Rank, Score, or Measurement | Binomial Survival Time
(from Gaussian (from Non- Gaussian (Two Possible
Population) Population) Outcomes)
Describe one group Mean, S0 Median, interquartile range Proportion Kaplan Meier survival
curve
Compare one group to a One-sample ttest Wilcoxon test Chi-square
hypothetical value or
Binomial test
**
Compare two Unpaired t test Mann-Whitney test Fisher's test Log-rank test or
unpaired groups (chi-square Mantel-Haenszel*
for large
samples)
Compare two paired groups | Paired f test Wilcoxon test McNemar's Conditional
test proportional hazards
regression®
Compare three or more One-way ANOVA Kruskal-Wallis test Chi-square Cox proportional
unmatched groups test hazard regression**

Compare three or more
matched groups

Repeated-
measures ANOVA

Friedman test

Cochrane (**

Conditional
proportional hazards
regression**

Quantify association
between two variables

Pearson correlation

Spearman correlation

Contingency
coefficients**

Multiple nonlinear

regression**

Predict value fromanother | Simple linear Nonparametric regression** Simple Cox proportional
measured variable regression logistic hazard regression*
or regression®
Nonlinear
regression
Predict value from several Multiple linear Multiple Cox proportional
measured or binomial regression® logistic hazard regression®
variables or regression”




Performance of traditional tools: Coverage of
Confidence Intervals deteriorates with sample size

Ergﬁ'.wd Coverage of Targeted v. Traditional Estimators
e (aggregated across 1000 simulation experiments)
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Performance of traditional tools
deteriorates with sample size

. Type | error

E‘ﬁﬁfﬁ: Type-I Error of Targeted v. Traditional Estimators
Learning (aggregated across 1000 simulation experiments)
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Traditional
Statistics

Traditional tools invite/encourage post-hoc model
manipulation

THIS 1S YOUR MACHINE (EARNING SYSTEM?

YOP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT
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Traditional
Statistics

Why care about statistical inference?

John P.A.loannidis
False-Positive Psychology: Undisclosed
Flexibility in Data Collection and Analysis
Allows Presenting Anything as Significant

Joseph P. Simmons', Leif D. Nelson?, and Uri Simonsohn'

'"The Wharton School, University of Pennsylvania, and 2Haas School of Business, University of California, Berkeley

The Statistical Crisis in Science

7

Data-dependent analysis—a “garden of forking paths’
statistically significant comparisons don’t hold up.

explains why many

Andrew Gelman and Eric Loken
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Overview TL

Targeted Learning for answering statistical and
causal questions with confidence intervals

Causal frameworks
minimize causal gap

Machine + Targeted Learning
minimize statistical gap

Best Statistical
Estimate

Closest to truth

Accurately quantify
uncertanty

(Causal QuestionJ

¢ Causal Frameworks

(Closest Statistical Target]

¢ Machine Learning

Untargeted Estimate

Closer to truth
(but still too far)

Uncertainly still not
accurately quantified

~

-

Targeted Learning




Targeted Learning is a subfield of statistics

Targeted
Machine
Learning,

Highly

Mark J. van der Laan Mark J. van der Laan

Adaptive Sherri Rose Sherri Rose

. Targeted Learning I Taréletteg Learning
in Data Science

Lasso, and
Causal
Inference for
Generating
RWE in Drug

Development

Mark van der

Laan
Traditional
Statistics
Overview TL

van der Laan & Rose, Targeted van der Laan & Rose, Targeted

Roadmap TL
TMLE/HPAL Learning: Causal Inference for Learning in Data Science: Causal
e Observational and Experimental Inference for Complex Longitudinal
TMLE Data. New York: Springer, 2011. Studies. New York: Springer, 2018.
Case Studies
Tl . . ] =
—— The Hitchhiker's Guide to the tlverse
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Overview TL

Better clinical decisions from observational data

Statistics

Research Article

Received 24 May 2013, Accepted 5 January 2014 Published online 17 February 2014 in Wiley Online Library

(wileyonlinelibrary.com) DOL: 10.1002/sim.6099

Targeted learning in real-world

comparative effectiveness research with

time-varying interventions

Romain I\Ieugebauer,"‘*‘r Julie A. Schmittdiel® and
Mark J. van der Laan®
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Targeted Learning: More aggressive intensification
protocols result in better outcomes
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Statistical challenges with RWD

Targeted
Machine
Learning,
Highly
Adaptive ) ) ) Non-randomized/  Non-randomized/
Lasso, and Randomized/interventional interventional non-interventional
Causal — F
Inference for Traditional randomized trial, Trials in clinical practice settings Observational
Generating using elements of RWD (with pragmatic elements) studies
- —'\ =
RWE in Drug
Development RWD to assess Selected outcomes RCT using electronic case Single-arm study Observational cohort
enroliment criteria identified using fi?gport forms or EHR or claims with external study
Mark van der & trial feasibility EHR/claims data, etc. data (or combination) control arm
Laan
RWD to support Mobile technology Case-control study
Traditional site selection used to capture
Gratictics supportive endpoints
Overview TL
Roadmap TL e Increasing reliance on RWD
TMLE/HAL

Specification
TMLE

Case Studies

fiL
Conclusion Courtesy of "FDA Real-World Evidence Program" Webinar by John Concato on 4 August 2021
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Traditional
Statistics
Overview TL

Roadmap TL

TMLE/HAL
Specification
TMLE

Case Studies

T

Conclusion

Statistical challenges with RWD

Randomized/interventional interventional

=,

Traditional randomized trial, ’hlals in clinical practice settings

using elements of RWD J pragmatic elements)

e ———
RWD to assess Selected outcomes ERCT using electronic case Single-arm study
enrollment criteria identified using report forms or EHR or claims with external

& trial feasibility EHR/claims data, etc. dala {or combination) control arm

RWD to support Mobile technology
site selection used to capture

supportive endpoints
RWD Challenges

Targeted Learning

path supports regulator,
decision making

EI Informatlve missingness

QO Treatment by indication

Q High dimensional covariates

QO Outcome measurement error

0O Statistical model misspecification

O Differences between external
controls and single trial arm RCT

Non-randomized/  Non-randomized/
non-interventional

Observational

Observational cohort

Case-control study



The roadmap for targeted learning from data

Targeted :
Machine ( STEP 1: \
Learning, DESCRIBE
Highly EXPERIMENT
Adaptive
Lasso, and
Causal STEP 2:
Inference for SPECIFY STATISTICAL
Generating MODEL
RWE in Drug
Development
STEP 3:
Mark van der DEFINE STATISTICAL
e QUERY
STEP 4:
CONSTRUCT
ESTIMATOR
Roadmap TL
STEP 5:
OBTAIN
INFERENCE
STEP 6:
MAKE SUBSTANTIVE

\ CONCLUSION j
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Roadmap TL

DESCRIBE
EXPERIMENT

/ STEP1: )

STEP 2:
SPECIFY
STATISTICAL MODEL

STEP 3.
DEFINE STATISTICAL
QUERY

STEP 4:
CONSTRUCT
ESTIMATOR

STEP 5.
OBTAIN
INFERENCE

STEP 6:
MAKE SUBSTANTIVE

\_ CONCLUSION /

What is the experiment that generated the data?

Three multi-national RCTs assessing
impact of corticosteroids on mortality

among septic shock patients

Previous study results using traditional methods

Previous Meta
32 RCT

Previous Meta | |
3 RCT I |

0.8 0.9 1.0 1:1
Relative Risk for Mortality
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Roadmap TL

STEP 1:
DESCRIBE
EXPERIMENT

\_ CONCLUSION /

SIEP 2:
SPECIFY
STATISTICAL MODEL

STEP 3:
DEFINE STATISTICAL
QUERY

STEP 4:
CONSTRUCT
ESTIMATOR

STEP 5:
OBTAIN
INFERENCE

SI1EPB:

MAKE SUBSTANTIVE

What is the experiment that generated the data?

Three multi-national RCTs assessing
impact of corticosteroids on mortality
among septic shock patients

Pooled sample of n = 1,300 adults in septic shock

4

pre-treatment covariates
(e.g. biomarkers)

/ \

A Y
steroid treatment (A=1) ————

; 1-month mortality
orno steriods (A=0)
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Traditional
Statistics
Overview TL
Roadmap TL
TMLE/HAL

Specification

TMLE

Case Studies
1

Conclusion

What is known about stochastic relations of the

observed variables?

/ STEP 1:

DESCRIBE
EXPERIMENT

STEP 2:
SPECIFY
STATISTICAL MODEL

STEP 3:
DEFINE STATISTICAL
QUERY

STEP 4:
CONSTRUCT
ESTIMATOR

STEP &:
OBTAIN
INFERENCE

STEP 6:
MAKE SUBSTANTIVE
\_ CONCLUSION /

True data-generating
process (DGP)



Step 3a: What is the target causal estimand that
we aim to identify from the data?

T ted
i (" STEPI.
Learning, DESCRIBE
Highly EXPERIMENT
Adaptive
Fa STEP 2: What is the causal risk difference in
Inference for SPECIFY mortality between treatment groups?
Generating STATISTICAL MODEL
RWE in Drug
Development
STEP 3:
MarkLvan der DEFINE STATISTICAL
ol QUERY
STEP 4: Yeausar = E[Y1 — Yol
CONSTRUCT
ESTIMATOR
Roadmap TL
STEP 5:
OBTAIN
INFERENCE
STEP 6:

MAKE SUBSTANTIVE
\_ CONCLUSION /




Step 3b: What is the target statistical estimand
that we will learn from the data?

T. ted
Mactiine ( STEPT )

Learning, DESCRIBE
Highly EXPERIMENT
e What is the average difference in
e sSPT gg | r-?i( mortality between treatment groups
Generating STATISTICAL MODEL when adjusting for covariates?
RWE in Drug
Development
STEP 3:
Mark van der DEFINE STATISTICAL
Laan QUERY
STEP 4: Ystar = E(E[Y|[A=1,W]—-E[Y|A=0,W])
CONSTRUCT
ESTIMATOR
Roadmap TL
STEP 5:
OBTAIN
INFERENCE
STEP 6:
MAKE SUBSTANTIVE

\_ CONCLUSION /




How should we estimate the target estimand?

T. ted
vemwe | (( STEPT )

Learning, DESCRIBE
Highly EXPERIMENT
Adaptive
ol i Statistical rties t id
lufetencs for SPECIFY atisiicai properties 1o consiaer
Bl STATISTICAL MODEL o _
Developmen% ¢ SUbStItUtIOn / p|Ug-|n
STEP 3:
HlarEaeass DEFINE STATISTICAL e Valid inference
aan QUERY o
- Efficiency
STEP 4:
CONSTRUCT o ili imi iNi
skl ADbility to optimize finite sample
o performance
STEP 5:
OBTAIN
INFERENCE
STEP 6:
MAKE SUBSTANTIVE

\_ CONCLUSION /




Targeted Maximum Likelihood Estimation (TMLE)

T. ted
e /7 STEP1: )

Learning, DESCRIBE
Highly EXPERIMENT
I-Adaptived
e STEP 2 TMLE
Inference for SPECGIEY
Generating STATISTICAL MODEL @ Initial estimation of E[Y|A4, W]
RWE in Drug
Developmen i i [
pment STEP 3: with super (machine) learning
M ranss DEFINE STATISTICAL
QUERY @ Updating initial estimate to acheive
STEP 4: optimal bias-variance trade-off for Y¥star
CONSTRUCT
ESTIMATOR
Roadmap TL
STEP 5: : :
OBTAIN TMLE estimates are optimal:
INFERENCE plug-in, efficient, unbiased, finite sample robust
STEP 6:
MAKE SUBSTANTIVE

\_ CONCLUSION /




TMLE Step 1: Super learner

Targeted
Machine

Lﬁ"i;‘,::‘yg' LIBRARY COMPETITION WINNER

Adaptive

Lasso, and Cross-validated
Causal

Inference for performa nce of

Generating learners + ensembles
RWE in Drug

Development Linear model K K

Mark van der BART =

Laan Random Forest

— Neural Lasso

5 Traini
Network kea e s et

HAL &

Overviey il Regression splines 7

TMLE/HAL - A validation
v Y Set

e Studies Hugely advantageous when coupled with NLP-derived covariates with EHR



Highly Adaptive Lasso (HAL)

Targeted ] ] ] ] ] .
DEsis ® Any d-dimensional cadlag function (i.e. right-continuous)
earning, - . . .
Highly can be represented as an nfinite linear combination of
aptive . . .
Lasso, and spline basis functions.
Causal
Inference for ® The variation norm / complexity of a function is the
enerating o . ] ]
RWE in Drug [1-norm of the vector of coefficients in this representation.
Development
Mark van der ® HAL minimizes the empirical risk, such as MSE for least
L . . . . .
- squares regression, over all cadlag functions with variation
norm bounded by a constant.
® This Li-norm is chosen with cross-validation.
TMLE/HAL

Zero-order HAL converges to true function at rate
n~1/3(log n)?/? (only assuming finite variation norm!)



TMLE Step 2: Targeting follows a path of maximal
change in target estimand per unit likelihood

Targeted
Machine TMLE with Universal Least Favorable Submodel (n=400)

Learning,
Highly
Adaptive
Lasso, and
Causal
Inference for
Generating WP
RWE in Drug
Development

Y(Po)

Mark van der

L | Estimate
aan

== |nitial
== Truth
== Update (correct)
== Update (wrong)

Average Treatment Effect

T | 0.3101
[ | L

TMLE/HAL
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TMLE/HAL

Arriving at the substantive conclusion

4 )

SIEP1:
DESCRIBE
EXPERIMENT

SIEP 2:
SPECIFY
STATISTICAL MODEL

SIEP 3
DEFINE STATISTICAL
QUERY

STEP 4:

CONSTRUCT
ESTIMATOR

STEP 5:
OBTAIN
INFERENCE

STEP 6:
MAKE SUBSTANTIVE

\_ CONCLUSION /

Investigate causal bias with sensitivity analysis

Causal bias: Gap between estimate and truth due to violations
of any of the causal assumptions (e.g., unmeasured confounding)*
True causal quantity, ¥ qusa

4 True statistical quantity in Study 1,
Ystar 1,01
: stat

/"

Random variation

Estimated statistical quantity in Study 1,

RWD |
Study 1 !

72
ltbSCat wgtat

RWD ’_\._._{

Study 2 | ;

Random variation Y

Causal bias

Sensitivity Analysis: Model-free assessment of how
reasonable departures from causal assumptions would impact
study findings

* Sensitivity analysis can be extended to incorporate statistical bias



TL-based non-parametric sensitivity analysis RCT
with 25% LTFU example

Targeted
Machine
Learning,
Highly N Estimates and 95% confidence intervals under assumed levels of causal bias
Adaptive
Lasso, and o o NO B OO e
Causal
Inference for o -
Generating © ¢ 1
RWE in Drug s T It i
Development & Tergeted Estimate - [ L || 1L Ll e e 0 T LT -5.42, TMLE+SL
© -|. Unadjustec T -6.10, unadjusted

Mark van der Difference after adjusting

Laan i
® ; for bias due to measured
S - N Estimate and 95% Cl confounders = 0.68
from main analysis
N —
I [ T I T T I I T T T T I T T T T I I T T |
-5x -45x -4x -35x -3x -25x -2x -1.5x -1x -05x Ox 05x 1x 15x 2x 25x 3x 35x 4x 45x 5x
Assumed causal bias relative to difference between adjusted and unadjusted estimates
TMLE/HAL

Courtesy of "Targeted-Learning Based Statistical Analysis Plan" Webinar by Susan Gruber on 28 April 2021



Targeted Learning with RWD

Targeted . .
Machine : : ) Non-randomized/  Non-randomized/
. Randomized/interventional interventional non-interventional
Learning,
Atll |gh!y Traditional randomized trial, Trials in clinical practice settings Observational
aptwe using elements of RWD (with pragmatic elements) studies
Lasso, and — o
Causal
Inference for RWD to assess Selected outcomes RCT using electronic case Single-arm study Observational cohort
G ti enrollment criteria identified using port forms or EHR or claims with external study
ene.ra e & trial feasibility EHR/claims data, etc. data (or combination) control arm
RWE in Drug
Development
RWD to support Mobile technology Case-control study
Mark van der site selection used to capture
o supportive endpoints
Traditional
Statistics : "
RWD Challenges T soeiE _ Targeted Learning
Jverview Tl , P /q rnin -—
el U Selection bias argeicd tee g v' Roadmap for causal and statistical
Roadmap T1 Q Intercurrent events path supports regulatory inference
- : O Informative missingness decision making v Realistic statistical model
TMLE/HAL U Treatment by indication v' Statistical estimand approximates
‘ ” Q High dimensional covariates answer to causal question
Specification U Outcome measurement error v" Flexible estimation and dimension
TMLE U Statistical model misspecification reduction with Super Learner
U Differences between external v' Model-free sensitivity analysis

Case Studies

controls and single trial arm RCT v' Generate RWE with confidence
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Specification
TMLE

Outcome blind simulations to define specification
of TMLE: Wyss et al., 2023

Step 4. Estimation and Inference using
TMLE + SL

TMLE software default settings are robust across many
situations, but not optimized for your analysis

Recommendation
Compare coverage, type | error, power for different
specifications using outcome blind simulations,
or plasmode simulations based on external data
(pilot, Phase 1) sharing key features with your data

R. Wyss et al. (2023). Targeted Learning with the Collaborative
Controlled Lasso for Large-Scale Covariate Adjustment in Healthcare
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Specification

TMLE

Step 4. Estimation and Inference using
TMLE + SL

Case study 1: Evaluating safety and efficacy with high
dimensional RWD

M =EEXY|A=1,W)] — E[E(Y |A=0,W)]
Challenges
* Lack of baseline randomization
* How to model propensity score and outcome regression?
» Thousands of covariates in linked EHR + claims
» Traditional parametric model too high dimensional, unknown
functional form
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Specification
TMLE

Step 4. Estimation and Inference using
TMLE + SL

Wyss investigated multiple specificiations
(only 4 discussed today)

* Qutcome regression used Lasso

* 91 expert-selected covariates forced into the model, all others were
main term candidates

* PS estimation: considered four variants of lasso

+ Investigate to find settings that minimize mean squared error (MSE) in
plasmode simulation studies

\ synthetically generate datasets to combine study data
with simulated causal effects
» Dootstrap covariates from dataset
* simulate treatment & outcome with desired prevalence



Targeted
Machine
Learning,
Highly
Adaptive
Lasso, and
Causal Lasso for estimating PS (four variants)
Inference for
Generating
RWE in Drug Considerations
Development

* Lasso or Outcome-adaptive Lasso (OAL)*
* OAL favors variables associated with outcome by assigning covariate-specific
lasso penalties.
* covariates strongly associated with outcome are less penalized

« Wyss forced covariates previously selected for outcome regression into PS model, and
all others were candidates for inclusion

Mark van der
Laan

* Choose L1 norm based on goodness-of-fit for treatment or goodness-of-fit for
outcome (“collaborative control” using C-TMLE)

+ “Collaborative control” (CC) chooses L1-norm based on increase in likelihood for Q after
TMLE update

Specification
TMLE *Shortreed SM, Ertefaie A. Outcome-adaptive lasso: Variable selection
for causal inference. Biometrics. 2017 Dec;73(4):1111-1122.

5



Targeted
Machine
Learning,
Highly
Adaptive
Lasso, and
Causal
Inference for
Generating

RWE in Drug
Development

Mark van der
Laan
Traditional
Statistics
Overview TL
Roadmap TL
TMLE/HAL

Specification

TMLE

Case Studies
il

Conclusion

Step 4. Estimation and Inference using

TMLE + SL
Four Lasso variants OAL
for estimating PS force in covariates
predictive of Y
NO yes
C-TMLE C-TMLE

to select L1 Norm

S M
Traditional
Lasso
6

to select L1 Norm




Targeted

Machine
Learning,
Highly
Adaptive
Lasso, and : : :
Cangil Step 4. Estimation and Inference using
Inference for TMLE + SL
Generating
RWE in Drug Plasmode study results
Development
crude crude
Mark van der 0254 | a
Laan 0.20 1 =R
= 015 Lasso ; 0003-
l T'::;%’I'tflfi)n;kl ; 0.10 ° — % i -
Statistics m© ) OAL
5 005 cC CC-OAL = 0.001- o CC U SC-0AL
Overview TL 0.00 - . .. PS d |o
PS model mode

Roadmap TL
Collaborative control greatly reduced bias and improved MSE

TMLE/HAL
» Less regularization captured more relevant confounder information in PS

Specification
TMLE

Case Studies

TL

Conclusion
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Conclusion

Step 4. Estimation and Inference using
TMLE + SL

Case study 1: Data analysis

* Analyze study data

* Outcome regression: Lasso with expert-selected covariates forced in
* PS: Collaborative control Outcome-adaptive lasso (CC-OAL)
« force in covariates selected in the outcome, others as candidates

* C-TMLE to choose L1 norm

* Result: RD =0.005 (95% Cl: -0.027, 0.038)
crude RD = 0.024 (95% ClI: 0.018, 0.030)

Crude estimate indicates
NSAIDS increase risk for AKI

Adjustment moves point
estimate towards the null
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The Roadmap in Action:
Case Studies & Ongoing Projects
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Case Studies
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FDA Sentinel Innovation Center

Plasmode study results

crude

Safety evaluation with high dimensional data: |a

Wyss et al. (2024), AJE, Targeted Learning with an Undersmoothed o ) 0%

Lasso Propensity Score Model for Large Scale Covariate Adjustmenti 3 X 0.003 1

Healthcare Database Studies. @ 7] Lasso

@ 2 0001{ o <« % ccoAL
© 0 g
PS model

PS model

Subset callbrat'°n/two-Stage de5|gns. Collaborative control greatly reduced bias and improved MSE

-Ongoing project evaluating methods such as the two-stage design * Less regularization captured more relevant confounder information in PS
TMLE for study designs that involve a subset of subjects with
carefully curated confounders and or outcomes, and a remaining

set of subjects.

-This is a common type of design to obtain desired causal Ticsd projeces Invole mut-Sithoswarking grope with

identification from RWD while still gaining efficiency from the less FDA/Pharma/Academics/Kaiser Permanente.

curated data set. The Sentinel Innovation Center is funded by the FDA
through the Department of Health and Human Services

(HHS) Task order 75F40119D10037.

Berkeley

UNIVERSITY OF CALIFORNIA



Deep LTMLE: Toru Shirakawa, Yi Li, Sky Qiu, vdL

Targeted

g:::i:«; e LTMLE (Bang, Robins, 2005, Petersen et al., Gruber, vdL,
Azll.flliﬁe etc, relies on sequential regression.

tasso, and ® Targeted maximum likelihood requires estimation of all
I conditional densities (vdL 2010a,b; Stitelman etal (2011)).
Dol * Rijtgaard, Gerds, vdL (2023) combines TM-likelihood

Mark van der based estimation of intensities with estimation of a

Laan

conditional mean function integrating over time
dependent covariates.

® Toru et al. Deep LTMLE utilize transformer architecture
for temporal difference learning, simultaneously
modeling and estimating the sequential regressions:
1) Computationally superior; 2) continuous time
e monitoring; 3) large histories; 4) TMLE update step uses
L transformer gradient descent algorithm.
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Comparative Effectiveness:
Targeted Learning FDA
Demonstration Project

Resulted in various
collaborative relations with
FDA statisticians

Berkeley

UNIVERSITY OF CALIFORNIA

TL for RWE

multi-year FDA-funded project

TL on YouTube

Publications with
FDA co-authors

Targeted learning: Towards a future informed
by real-world evidence

Susan Gruber, Rachael V. Phillips, Hana Lee, Martin Ho, John Concato,
Mark ).

Evaluating and improving real-world evidence
with Targeted Learning

iy
[ ]

Developing a Targeted Learning-Based
Statistical Analysis Plan
Seton Crober T8 Movs Lo, St Paln, M & U

Over 250 FDA short course attendees

SHORT COURSE ANNOUNCEMENT

@ A Targeted Learning Framework for Causal Effect Estimation

Funded by FDABAA-19-00123-A3

using Real-World Data
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Conclusion

Comparative Effectiveness: GLP1-RA and Dementia @
in the Danish National Registry

Population: Insulin-naive T2-DM initating 2nd-
line therapy (N=104,928)

Causal Estimand: Difference in 5 year incident

dementia under hypothetical protocols:
- continuous GLP1-RA vs. no- GLP1-RA use

- nocensoring

Identification: Baseline & post-baseline
confoudner adjustment

Estimation & Inference: Longitudinal TMLE w/
machine learning; simulation-based
specification

Nance et al, 2023, arXiv:2310.03235

Risk of dementia

5-yr RD (95% CI): -0.005(-0.009,-0.001)

o
o
r

0.008

o
o
=1
&

A

1 2 3
Year of follow up

-~ No GLP1-RA use

4

Sustained GLP1-RA use




Targeted
Machine
Learning,
AZ';gp';'ize Causal Effect of SLGT2/SU on MACE, controlling for >100 baseline @

Lasso, and confounders, and time-dependent confounders of drop-out

Causal
Inference for
Generating
RWE in Drug i L r
Development ITT £ E ose:
Teawmont ou7-  Treatmont - = S,
o

MarkL van der ‘ P<0.00005 ool P=0.35 4 P=0.12
aan

; i
ears . ;
> Years Years

Crude/Unadjusted IPW + SL (truncated 99th) TMLE + SL (truncated 99th)

NNT at 2.5 years = 119

P=0.0001 < P=0.10 P=0.01

Years Yoars Years

Berkeley

UNIVERSITY OF CALIFORNIA

Preliminary results from the ON TARGET DM Study (PCORI #DB-2020C2-20318, Neugebauer & O’Connor)

Case Studies
7 Il
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RCT analysis: Improved Precision @

SEARCH Study (NCT:0186460: 22-22 I ]
Pragmatic Cluster RCT wsgu’?‘ngmH _ .
- TN=320,000, 16 communities e HIV Testing and Treatment with the Use of a
- TMLE & “Ad aptwe pre- Community Health Approach in Rural Africa
specification OV, Hali, LB, Blzer, E.D, Chareboss,T.D, Clark, . Kvarisima, ). Ayieko
- Flexible pre-specified adjustment
- Prim_ary pre-specified analysis|Focusing Stage 2 estimation: Effect 95%Cl  Efficiency*
E}ft”_al . Three-year cumulative HIV Incidence
= ICIS?er‘sCth%gll ?OSF some outcomes UnadjusFed . U8 050199 )
= Never harmful TMLE with Adaptive Prespec. 0.96 (0.80, 1.17) 4.6
Similar findi ngs across many Incidence of HIV-associated TB or death
trial S Unadjusted 0.79 (0.64, 0.98) -
TMLE with Adaptive Prespec. 0.80 (0.69, 0.91) 2.6
Population-level Viral Suppression
Unadjusted 1.15 (1.11,1.20) -
Berkeley P PP PSSR VIR | T\ILE with Adaptive Prespec. 115 (1.1, 1.20) 1.0

2016; Biometrics 2024

*relative to unadjusted
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Machine
Learning,
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L ]
Lasso, and RCT analysis: Intercurrent Events/Drop-in
Causal
Inference for 1. LEADER Cardiovascular outcomes trial: RCT comparing (8) Fracton of patients using dug against vst in LEADER
Generating Liraglutide vs. SoC for treating diabetes patients at L R R T e (T
. high cardiovascular risk T e
RWE in Drug 2. The study showed a significant Cox-PH RH with CI bt
Development [0.78-0.97] on MACE time to event outcome - ‘5::*_4_,/4—_—-—4’;__——‘_,_*_* 7%
3. TMLE reproduced similar effect, with more precision; & Am
robust across many subgroups (Chen et al., 2023) 0z et
Mark van der 4. There was significant additional drop-in insulin use o
Laan in the control arm. el = e e e e i i e
5. An L-TMLE stochastic intervention direct effect ) vt )
analysis controlling for the differential post-treatment ® 95% Gy & Somande for LEADER
Traditional use of insulin was carried out m [ : : |
. - N H ’ Intervi n
Sta Results: H ' : ' | S Bamis
i -Significant stochastically controlled additive direct g ‘ i : ‘ | o ::;_
Overview TL treatment effect _til ¢ - " ‘ I o s
B - -Non-significant statically controlled additive direct [g| | |
Roadmap I G

treatment effect ATE G% 01

FIGURE 4 (1) Fraction of those at risk using main/drop-in treatment in cach arm for LEADER and (b) LTMLE estimates with
TANMI FE /H / o Z
I *-’] L E } l."\\ L 95% confidence intervals.

Hypothetical treatment interventions to handie
treatment drop-in in randomized controlled trials

Berkeley

UNIVERSITY OF CALIFORNIA HELENE C. W. RYTGAARD", EDWIN FONG, JENS M. TARP,

THOMAS A. GERDS, SOREN RASMUSSEN, MARK J. VAN DER LAAN. HENRIK RAVN

Case Studies
7 L

(,(f:rH:'!H;iUH



Targeted

Machine
Learning,
Highly
Adaptive
Laéso. alnd RCTs Augmented with External Controls
S Ex. Semaglutide and Major Adverse Cardiovascular Event (MACE)
Inference for
Generating
RWE in Drug ® Objective: Potentially augment | |
Development control arm while controlling Type 1 R
ra E‘l:n'dg, l:itén(:.g&l\l:,ir ar lgvasct{lazreg
Mark Nan der error Outcomes in Pa < h Tﬁzsa?nle)t;lbaoig)
Loris - Pioneer 6 RCT .
- Optum observational data Estimated Causal Risk Difference (%) of MACE within 1 Year
: 5 % of RCT
Iraditiona ® Experiment-Selector CV-TMLE cRo(%)  ZTestcl
Istics - Select experiment (RCT only or RCT with AT 2Tt s0l260000  100%
RWD) that optimizes bias-variance tradeoff : - '
- Separate experiment-selection from effect game e TRz e
Roadmap Tl estimation using cross-validation Il“m“w"c"'““ : 5 ‘ T - "
ILE /HA - Integrates negative control outcomes RBesT - 130(-261,-001  997%
Berkeley pang, et al, 2022; arxiv:2210.05802 —

| ] o2y UNIVERSITY OF CALIFORNIA

Dang, et al, 2023, ). Clin & Trans. Science

Case Studies
Tl
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External Controls: Adaptive-TMLE

MSE comparisons @

ESTIMATOR: A-TMLE ES-CVTMLE TMLE

Dang et al (2023): ES-CV-TMLE that data adaptively No biss
decides to accept or reject external data based on

evaluating bias relative to gain in variance.

Adaptive-TMLE is an advance in TMLE.

It yields a new method for integrating external controls

that estimates the bias from external data and
corrects the pooled TMLE of ATE.
The method is shown to be asymptotically valid

coverage and type-l error without any assumptions Large bias
beyond RCT. \
Advantage is that it yields a way forward with biased N\
external control data while preserving valid inference.
A
Adaptive debiased machine learning -

Berkeley

using data-driven model selection techniques

Lars van der Laan, Marco Carone, Alex Luedtke, Mark van der Laan

July 25, 2023

arXiv:2307.12544
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Conclusion

Concluding Remarks

® Roadmap for causal inference and Targeted Learning
provides scientific approach for generating RWE.

® |ntegrates all advances in machine learning, statistical
theory and causal identification.

® SL and TMLE can be tailored towards particular
estimation problem in pre-specified manner using outcome
blind simulations.
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Enhancing Validity of Externally Controlled Trials:
A TMLE Application in Pediatric ALL

Ela Talpes, Junyi Zhou, Spencer Woody
Center for Design & Analysis, Amgen

January 29, 2026, RWE Forum
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Overview

The Problem

Background

» Causal inference in clinical development

* Risks and mitigation strategies

Solution: novel study design

» Sources of data
» Implementation

AMGEN
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Explorations in Pediatric ALL

Objective: Achieving superior complete remission /________.,’;'
for experimental arm versus control arm | ~oos Hyprols

Rare Disease:
Pediatric Relapsed/ Refractory B-cell/ T-cell ALL

B-cell

Newly Diagnosed ALL

10,000 » Original study design (2014) included BLRM phase 1

B-cell followed by controlled randomized phase 2

0
85% 8500

Stem cells from a donor that go
on to produce healthy blood cells

15%

Bone Marrow (BM) Relapsed ALL

* Phase 1 Results (2019): Induction with CFZ-VXLD,
1,700*

increased the chances to reach Complete Remission

By 2019, planned phase 2 no longer feasible due
to lack of appropriate active control

« Limited Real World Data (RWD) for evidence in

unmet need due to scarce data
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Causal Inference:
Estimate Clinically Interpretable Treatment Effects

Core assumptions across treatment arms for validity

v' Exchangeability: no unmeasured confounding
v' Positivity: overlap in inclusion/ exclusion criteria
v' Consistency: similar endpoint definitions

‘Experimental Patients
» Randomized Trial - Causal Direct Stratified Comparison—W Estimated Treatment Effect

Control Patients

» Single-Arm Trial mpExperimental Patients

- Causal Indirect Covariate Adjustment — W Estimated Treatment Effect

» Separate Study mmpExternal Control Patients

AMGEN



Externally Controlled Trial:
Addressing Bias in a Pre-specified and Transparent Way

/\ Risk Mitigation

£ Non-randomized populations Eligibility alignment + causal adjustment

? Unmeasured confounding Sensitivity analyses

™| Poor overlap Q, Overlap diagnostics for matching or weighting

Ty Endpoint differences R Harmonized collection and definition

Q) Subsequent therapy ['] Estimand strategies

m RWE data limitations ¢ Quality checks + robustness checks

8B Regulatory uncertainty = Supportive evidence within the totality of the data

AMGEN
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Novel Study Design
Phase 2: Externally Controlled Single Arm Trial

2021 2024
105 patients (61B-cell & 44 T-cell from 105 sites) ' Mai&"RE“dPOi“ts
bEn E ASSESS . CR|+
§ E Experimental Arm [ Disease | Experimental Arm Sssess - EFS
@5 i — : 5 e isease
ﬁ E K + VXLD Induction Response Optional K + modified BFM Response . OS
5 3 A
= o External Control Arm D.SSESS
DEDE ) Real World Regimens . 1SEasE
5 = Bsponse
2 B
140 patients (80 B-cell & 60 T-cell from 486 &126 from TACL registries) N
[ )2
2000 Comparative analyses* adjusted via weighting (59.3 B-cell & 44.6 T-cell ) 2023

Sample size considerations- analyses done separately per ALL phenotype (B-cell/ T-cell):
At least 100 subjects: (min of 50 B-cell ALL / 30 T-cell ALL) for more than 70% power for at least one phenotype at 5% alpha

AMGEN



Efficient Trial Execution
Pre-specified Statistical Analysis Plan

FDA’s expectations (guidelines/ RTQs)

 SAP will be submitted to FDA for review

and agreement prior to study analysis
« Comparability of enrolled pts to the external
control
» Sensitivity of the results to key model
assumptions, including unmeasured confounding

 Validation of key study design elements:
* Population
* Treatment
* Qutcomes

Amgen’s steps to minimize bias

* Robust measures for Data Quality
» Objective imputation and derivation rules

* Rigorous methodology for analyses

* IPTW models and diagnostic checks
« Validity of modeling assumptions
» Concordance analyses

* Trial Integrity measures

* Fire walls between experimental and control arm (outcomes)
* Independent external DMC

AMGEN



death

Anti-ALL Tx

Relapse PI

Dems, labs

CFZ-VXLD

Dems, labs

Prior Anti-ALL Tx

transplant

Dems, labs

Prior Anti-ALL Tx

PT #1

Subsequent Tx

Outcome
derivation for PAS

TimeO for PAS

Baseline Info

Start Date for
Medical History

Initial

in SAT Diagnosis

ECA=extemal control arm; I/E= inclusion/ exclusion; PAS=primary analysis set; PT=patient; SAT=

single amm trial; Tx= treatment

Mapping Data into C-DISC Standards

SAT

Prior Response
(labs/procedures)

ConMeds

(any medication

in MedDRA)

\/7
Line of Therapy
(anti-ALL therapy w.
flags for I/E)

N
Flags for ECA used
in PA and SA

ECA

death

ALLTx4
Relapse PI
Dems, labs .Ou.tcome
derivation for PAS
ALLTx3 TimeO for PAS
Outcome
Dems, labs derivation for CAS
ALLTx2 TimeO for CAS
transplant
Dems, labs
ALLTx1 Qualifying Prior Tx
Dems, labs
Start Date with 1stdata capture
TACL
PT #2 Initial
" Diagnosis
in ECA ¢



Analysis Plan for Inference

* Analysis sets
Pre-specify * Prognostic factors
* Derivation rules

IPTW models adjust the outcomes via independent weights
TMLE models both covariates and outcome relationships

Hi¥pglele[sI[5 « Covariates
for « Outcomes

Get « Main analysis
estimators » Sensitivity analyses

June2017 / Amgen Proprietary - Confidential 64 AMN



Propensity Score Balance Diagnoses

Overall balance is sufficient if = 25 % of control PS overlaps with the inner 95" % of experimental PS

Distribution of propensity score by arm - B cell

The UNIVARIATE Procedure

Distribution of ps
40 -

30+

Percent

a2

Y.
//

I

N

N

N\

N

AN

0 ] : \N--\‘--___ﬂ
0.05 0.15 0.25 035 0.45 0.55 0.65 0.75

Estimated Probability
Mormal(Mu=0.3858 Sigma=0.1475)
arm [ 0-0065 O 1-0106

Curve

Mormal{Mu=0.4877 Sigma=0.1455)

Percent

Distribution of propensity score by arm - T cell

The UNIVARIATE Procedure

Distribution of ps
60 |

50 -

40

30+

-
2] / \
o= N >

-

'H-L___\_H

0 T ]
012 0.24 0.36 0.48 0.60 0.72 0.84
Estimated Probability
Curve Mormal{Mu=0.3729 Sigma=0.1465) MormaliMu=0.4916 Sigma=0.1835)

arm O 0-0065 [ 1-0106

AMGEN



IPTW Balance of Baseline Prognostic Factors (C1)

Fefractory qualifing relapse - Yes o

B-cell (5)
Balance is
sufficient if
ASD<0.25

T-cell (5)

C1 = set of covariates used for main analyses

Number of priorrelapses - 14
Mumber of prior relapses - 24

Mumber of prior relapses - > 24

Refractory qualifing relapse - No

Curation of mostimmediate |
prior remission {(maonths)

History of allogeneic HSCT - Yes -

History of allogeneic HSCT - Mo

Relapsetime from prior
allogeneic HSCT (maonths)

IPTY Adjusted
(External Control (20180065): N =59.3;
CFZ-ALD (20140106) N =61.0)

Unadjusted
(External Control (201 80085) N = 80
CFZLD [20140106) N = 61)

Mumber of pricrrelapses - 14
Number of priorrelapses - 24
rMumber of prior relapses - > 24
Refractory qualifing relapse - Yes

Refractory qualifying relapse - No
Duration of mostimmediate

prior remission (months)
Histony of allogeneic HSCT - Yes -

Histary of allogeneic HSCT - Mo
Relapsetime from prior

allogeneic HSCT (months)

| <001 | <001

| ooz J oo
| ooz B o

B - | <001

B - | <001

- 0.38 B oo
B o | ooz

B o | oo

- 018 J 0.06

| I Unadjusted | | | | IPTWMjusteld |

(External Control (20180065), N = &60;
CFZ-AALD (20140108) M = 44)

(External Control (201 80065): N =44.8;
CFZAHLD (201401060 N =44.0)

o.té:e [ <0.01

I 0.03
0.65 | 0.02
0.65 | 0.02
| <0.01
1 ] 1 I | | I
1 15 o 02 0.5 1 1.5

Ahsolute Standardized Difference



Variety of Sensitivity Analyses

Outcome assessment S , ,
Bias in clinical outcomes (sponsor derived using local lab)

* Investigator assessed using local laboratory
» Sponsor derived using central laboratory

Patient population

Dependence of treatment effect on control arm selection

» Chemotherapy Analysis Set
» Targeted Salvage Therapy Analysis Set

|( LYo LU T R o XS [ (=4 S Check modeling assumptions

* Tipping point analyses for outliers/ imputation thresholds
 Quantitative bias analysis

« Additional prognostic factors

 Selection method for prognostic factors

» G- Computation

» Target Maximum Likelihood Estimation (TMLE)

AMGEN
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Selected Results

CRrates
OR (95%CI)

CRi+ rates
OR (95%CI)

B-cell
hypothesized

50% vs 25%

T-cell
hypothesized
30% vs 15%

14.8% vs 7.8%
2.04 (0.54;7.66)

13.6% vs 9.1%
1.58(0.47;5.31)

42.6% vs 26.3%
2.08 (0.97;4.48)

27% vs 18.6%
1.65(0.64;4.25)

External Control CFZ-WALD
(20150065) (20140108)
(N =55.3) (N =610
Treatment falure/Relaps e/Death, h (%) 532 (B9.8%) S3.0 (B6.9%)
Median EFS, months 0.95[0.96, 0.55) 118 [0.95. 224)
HR (CFZ-VXLD vs. External Control (6% €y *  0.785 (0537, 1.150)

T T T T T T T T
24 o) 3% a2 a8 =4 &0 &%
Months from First Dose
External Control 20180065 — — —— CFZ-WXLD (20140106}
1.0 External Control CRZ-VHLD
7 (20180065) (20140108}
N=446) N =44.0)
0.8
T-cell
Treatnent falure/Relaps e/Death, n (%) 42.5 (95.4%) 36.0 31 .8%)
0.6 Median EFS, marths 0.95[0.965, 0.55) 120 [095, 1.48)
L HR. (CFZ-VXLD vs. External Controly (95% C * 0633 (0.411, 0.974)
0.4+
L
-t_lﬁ_
.
0.2 4 “\_\_‘_‘:\1_'( ________ ———
0 0 T T T T T T T 1 T T T T T T T
o & 12 18 24 30 * a4z a8 =4 80 86 72 78 84

Months from First Dose

External Control (20180065

T T T CREAVELD (20140106)

Consistency of the Sensitivity Analyses supported the validity of the trial

AMGEN




Selected Sensitivity Results for B-cell

Analysis

Adjustment methods

External Control
Remission Rate

Experimental

Remission Rate

Odds Ratio
(95% ClI)

Primary

Sensitivity

Consistent results enhance the validity of the design

IPTW —all C1

IPTW —all C1 & C2

IPTW- stepwise selection
G-computation—all C1
G-comp—-LASSO C1 (3)
G-comp-LASSO C1 & C2 (4)
TMLE -all C1

TMLE -LASSO C1 (3)

TMLE —-LASSO C1 & C2 (4)
TMLE- SL C1

(%) (95% Cl)
7.8 (1.0, 14.7)

6.5 (0.1, 12.9)
7.2 (0.7,13.8)
6.0 (1.6, 13.0)
5.9 (1.8, 13.2)
5.9 (1.7, 12.7)
6.7 (1.7, 14.5)
6.6 (1.9, 14.3)
6.3 (1.7, 13.6)
79 (2.7,17.9)

(%) (95% Cl)
14.8 (5.9, 23.7)

14.8 (5.9, 23.7)
14.8 (5.9, 23.7)
14.8 (6.6, 24.6)
14.8 (8.2, 23.0)
14.8 (6.6, 24.6)
16.4 (6.8, 26.5)
16.8 (7.5, 25.7)
16.2 (6.5, 26.1)
17.8 (8.6, 28.1)

2.04 (0.54, 7.66)

2.49 (0.53, 11.77)
2.22 (0.62, 7.97)
2.70 (0.86, 10.09)
2.75 (0.97, 8.96)
2.78 (0.90, 9.61)
2.72 (0.89, 10.17)
2.87 (0.99, 10.46)
2.85 (0.93, 10.09)
2.52 (0.79, 6.08)

AMGEN



Selected Sensitivity Results for T-cell

Analysis

Adjustment methods

External Control
Remission Rate
(%) (95% CI)

Experimental
Remission Rate

(%) (95% Cl)

Odds Ratio
(95% CI)

Primary

Sensitivity

Consistent results enhance the validity of the design

IPTW —all C1

IPTW —all C1 & C2

IPTW- stepwise selection

G-comp-all C1

G-comp—-LASSO C1 (all)
G-comp —LASSO C1 & C2 (6)

TMLE —all C1

TMLE —LASSO C1 (all)
TMLE —LASSO C1 & C2 (6)

TMLE- SL C1

9.1 (0.7, 17.5)
7.1 (0.0, 15.2)
8.0 (0.0, 16.0)
115 (4.7, 21.9)
115 (4.7, 21.9)
11.5 (4.3, 21.6)
11.6 (2.9, 21.3)
11.6 (2.9, 21.3)

116 (3.7, 21.5)

8.7 (4.3, 19.1)

13.6 (3.5, 23.8)
13.6 (3.5, 23.8)
13.6 (3.5, 23.8)
13.6 (4.5, 25.0)
13.6 (4.5, 25.0)
13.6 (4.5, 25.0)
14.2 (0.0, 25.5)
14.2 (0.0, 25.5)

14.3 (2.3, 25.5)

13. 4 (3.8, 26.5)

1.58 (0.47, 5.31)
2.06 (0.51, 8.24)
1.83 (0.55, 6.08)
1.22 (0.35, 3.41)
1.22 (0.35, 3.41)
1.22 (0.34, 3.77)
1.26 (0.37, 3.50)
1.26 (0.37, 3.50)

1.27 (0.36, 3.82)

1.63 (0.36, 4.54)
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N connect-share-advance
phuse
N
Join us in Austin, Texas o : *: —
* * %
o x x o+ I
Full Event: Sunday 22 - Thursday 26 March SR K
Jx x o+ I
RWE Pavilion: Wednesday 25 - Thursday 26 March
.1
A Full Connect Ticket gives you access to all 5 event days...
N
Ro&l’::er Flr‘\‘do('):t
.i
]
| p/ht}e




connect-share-advance

h =
Rse Keep in Touch!

Slides & recording will shortly be available on our event page

Welcome to reach out to any of the presenters directly: If you wloulg like t_cl’ get
Invoived, emall:
®* Mark: laan@berkeley.edu workinggroups@phuse.global

® Ela: mobreja@amgen.com

https://phuse.global/Working

If you would like to get involved, _Groups

email workinggroups@phuse.global



mailto:laan@berkeley.edu
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