Targeted
Learning

Mark van der

Loan Targeted Learning

The bridge from machine learning
to statistical and causal inference

Mark van der Laan

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

4 March 2020
Alan Turing Institute

Acknowledgements: Rachael Phillips, lvana Malenica,
Chris Kennedy, Aurelien Bibaut, Nima Hejazi and Jonathan Levi



Traditional toolbox for statistics

Type of Data
Targeted
L N Goal Messurement Rank. Seore, or Measuremant | Binomial Survival Time
EANINg] [from Gausalan {from Nos- Gaussisn [Twa Possile
Populaticn) Papuiation] Outcomas)
Mark van der Describe one group Meen. S0 Poadisn inferquartlis sange | Proportion | Kaplar Meler survlval
Laan e
(Campare one group toa One-sample ttest | Wilooxon test Chi-square
q hypothetical value ar
Human Art in
< Sinamial test
Statistics .
Fele Campars twa Unpaired t tast Mann-Writnay tast Fisherstast | Log-ranitestar
e unpalrad groups. |chl-squara | Mantel-Hasnszel*
Targeted far large
Learning in samples]
Data Science Compare two paired groupe | Faired 1 test Wilgekon test Mchiamars | Conditions
test proportional Razads
Roadmap for regresslon”
Targeted Campare three or more One-wery ANOVA | Kruskal-Wllis 11 Chi-square | Cox propartionsd
Learning unmatched groups test hazard regression®™
Ca ‘three or mare: Hepeatad- Frigdman test Coshrars 0 | Genditional
mpare
Theoretical matched groups measures ANOKA prortional hazards
Underpinnings regreasion*®
_ { 5 it Continganty
Adaptive etween two variabies conficianta™
Experimental Predict value from another | Simple linea Nonpersmetric regression®™ | Simple Cex piapartionst
Designs messured variable regressian Iglstic beszard reqreasion”
ar regression”
Online Mondinear
Learning i)
Hultipia Cox propartiana
FUtUre of' measured or binomial regresshon” logistic hazard regression®
warisbles ar regression”
Tar
La ge_ted Hultiphe nonliness
earning reqressian®




Performance of traditional tools
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Post-hoc model manipulation
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Why care about statistical inference?
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The Statistical Crisis in Science
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Targeted Learning for answering statistical and
causal questions with confidence intervals
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Targeted Learning is a subfield of statistics
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Real-world applications of Targeted Learning
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Better clinical decisions from observational data
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Targeted learning in real-world
comparative effectiveness research with
time-varying interventions

Romain Neugebauer,”*" Julie A. Schmittdiel* and
Mark J. van der Laan
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Standard methods: No benefit to more Targeted Learning: More aggressive intensification
aggressive intensification strategy protocols result in better outcomes
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The roadmap for statistical learning
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What is the experiment that generated the data?
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What is the experiment that generated the data?
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Three multi-national RCTs assessing
impact of corticosteroids on mortality
among septic shock patients

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

w

pre-treatment covariates
(e.g. biomarkers)
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steroid treatment (A=1) ——» mortality
or no steriods (A=0)



What is known about stochastic relations for the
observed variables?
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What is the target estimand that we want to learn
from the data?
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How should we estimate the target estimand?
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How should we approximate the sampling
distribution of our estimator?
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Effect of targeting on sampling distribution

n = 2500, t = 0.222, h = 0.2091

type

Initial_hal
TMLE_hal

040 045 050 0.55
CDF_h
Truth = smoothed Pr(TE(W) <= t) at dashed line



What is the optimal rule for assigning
corticosteroids to patients in septic shock?
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Super learner
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Oracle inequality tells us cross-validation is optimal for selection among estimators
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Super learner performance in practice
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Highly Adaptive Lasso (HAL)

¢ Any d-dimensional cadlag function (i.e. right-continuous)
can be represented as a possibly infinite linear combination
of spline basis functions.

¢ The variation norm / complexity of a function is the
Li-norm of the vector of coefficients.

Converges to true function at rate n=*/3(log n)9/?



HAL performance for d=3
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TMLE follows a path of maximal change in target
estimand per unit of information /likelihood
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Learning TMLE with Universal Least Favorable Submodel (n=400)
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Average Treatment Effect

0.003 0.006
Change in log likelihood
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Can we break HAL-TMLE?
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Robust inference for adaptive sequential RCTs

”

Optimal intervention allocation: “Learn as you go

Classic Randomized Trial:

Longer implementation, higher cost

v’ Is the intervention

effective? Targeted Learning for Aol
. . . nalysis
v For whom? Adaptive Trial Designs Results
v" How much will they
benefit?
qandomiyg
Learn faster,
with fewer
patients
4nalyze



Balanced vs. adaptive sequential design
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Balanced vs. adaptive sequential design
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Online super learning in the ICU

Targeted

L. i . o
carmne Adaptive algorithm
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® Regularly updated with batches of new data

® | earns from both
@ within individual time series, and

@ across patients

® Uncertainty of forecasts assessed with prediction intervals

Online
Learning



15-minute ahead forecasts with prediction intervals
for patient with hypotensive episodes
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