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Objective
• This talk is intended to provide an overview on precision medicine from the
following perspectives
–
–
–
–
–
–

Government initiative and regulatory science
The role of biomarker in precision medicine development
Enrichment designs including adaptive enrichment strategy
Statistical principles in determining optimal individualized and dynamic treatment regimes
Precision medicine in the era of big data and artificial intelligence
Challenges and future directions

• This talk will NOT discuss
–
–
–
–
–
–

Multi-omics and related biomarker development
Pharmacogenomics, pharmacogenetics, and system biology
Diagnostic tools and technology in developing precision medicine
Analytic and computational details in the design and analysis of precision medicine
development
Precision medicine in clinical practice
Precision medicine in special disease areas or for any particular product
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Introduction

– A brief history of RCT and patient heterogeneity
• First randomized controlled trials (RCT) by Hill in 1946 to demonstrate the efficacy
of streptomycin for treating tuberculosis (Stusser 2006)
• Evidence-based medicine: RCT being a gold standard for developing the best
treatment for a given disease
• Traditional RCT: One size fits all
• Patient heterogeneity being recognized in late 1990’s
–
–

Sorensen (1996)
Longford and Nelder (1999)

• Kravitz et al. (2004): Patient heterogeneity implied the need to individualize
therapy in the context of evidence-based medicine
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Introduction

– What is precision medicine?
• Precision medicine – “the focus is on identifying which approaches will be effective
for which patients based on genetic, environmental, and lifestyle factors.”
(National Research Council, 2011)
• Terms interchangeably used: precision medicine, personalized medicine,
individualized medicine, stratified medicine
• Pharmacogenomics
–
–

The study of how genes affect an individual’s response to drugs
Combining pharmacology (the science of drugs) and genomics (the study of genes and their
functionalities) to develop efficacious and safe medicines with right doses that are tailored to
variations in an individual’s genes
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Introduction

– The Precision Medicine Initiative
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Regulatory Activities

–Statement from former FDA commissioner
• Blueprint for Breakthroughs - Charting the Course for Precision Medicine – Scott
Gottlieb (Sept. 13, 2018)
–
–

“…a key to making sure patients get the right treatment and timely care.”
“we can give doctors and patients more of the information they need to pursue the right
treatment, at the right time, and for the right patient. ”

• Statement on new strategies to modernize clinical trials to advance precision
medicine, patient protections and more efficient product development – Scott
Gottlieb (Mar. 14, 2019)
–
–

“The advent of precision medicine is challenging the entire medical research ecosystem to
develop more efficient approaches to testing and developing diagnostics and therapeutics...”
“The agency is committed to developing a regulatory framework for precision medicine that
generates robust evidence of product safety and efficacy as efficiently as possible, including
frameworks that are more carefully suited to the kinds of precision technologies that underpin
new treatments. ”
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Regulatory Activities
–Regulatory guidelines

• US FDA: Enrichment Strategies for Clinical Trials to Support Determination of
Effectiveness of Human Drugs and Biological Products Guidance for Industry
(March 2019)
–
–
–
–

Cardiovascular studies
Oncology studies
Pulmonary studies
Neurology studies

• EMA: Guideline on the investigation of subgroups in confirmatory clinical trials
(January, 2019)
–

Focus on subgroup identification and analysis
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Regulatory Activities

–Regulatory approvals (Cavallo, 2018; PMC Report, 2019)
• FDA’s approval
–
–
–

–

Target therapies of rituximab (Rituxan) to treat non-Hodgkin lymphoma in 1997 and
trastuzumab (Herceptin) to treat breast cancer in 1998
Since then, more than 150 indications for targeted therapies in 28 types of cancer have been
approved
In 2017, the FDA approved the first “tissue-agnostic” cancer treatment, pembrolizumab
(Keytruda), for any solid tumor with the microsatellite instability–high or mismatch repair–
deficient biomarker
In 2018, a record number of 25 precision medicine approvals

o
o

First approval of small interfering ribonucleic acid (siRNA) treatment: Onpattro (patisiran)
Second approval of a cancer drug based on biomarker: Vitrakvi (larotrectinb)
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Regulatory Activities

–42% of all 2018 FDA approved NDAs are precision medicines (PMC

Report, 2019)

• PMC defines personalized medicine
as an evolving field in which
physicians use diagnostic tests to
determine which medical
treatments will work best for each
patient.
• PMC categorizes personalized
medicines as those therapeutic
products for which the label
includes reference to specific
biological markers, identified by
diagnostic tools, that help guide
decisions and/or procedures for
their use in individual patients.
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Precision Medicine Development

—Individualized and dynamic treatment strategies
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Scope of Statistical Research in Precision Medicine
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Statistical Research

–A broad scope of activities (Kosorok and Laber, 2019)
• Drug discovery – A drug with desirable structure to target effect site for a
particular disease
• Biomarker – Identification of biomarkers with predictive value of disease
outcome, to allow for treatment selection
• Study design – Enrichment design, Sequential, Multiple Assignment,
Randomized Trial Designs (SMART)
• Estimation and inference – Statistical methodologies to estimate treatment
regimen that prescribe interventions based on individual patient
characteristics
– Rigorous, transparent, reproducible, and generalizable

• Regulatory and medical decision making – An estimated optimal treatment
regime to be used as part of a decision support system within a health care
organization
15

Biomarkers in Precision Medicine
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Biomarkers

–Categorization (Amur et al., 2016; Chen et al., 2018)
Biomarker: Quantifiable, objectively measured and evaluated indicators of physiological and
pathogenic processes, responses to interventions, and environmental exposures
Term

Definition

Example

Diagnostic biomarker

• Used to distinguish patients with a particular
disease from those who do not have the
disease
• Facilitate earlier detection of a disorder than
can be achieved by physical examination of a
patient

• HbA1c for T2DM
• Mutations in the CFTR gene
indicate that a newborn has cystic
fibrosis
• Glomerular filtration rate (GFR)
for chronic kidney disease

Response biomarker

• Measures the biological responses of human
body to treatment and often preceding to
clinical outcomes
• Consists of pharmacodynamic-based
biomarkers, safety biomarkers and efficacyresponse biomarkers

• Viral load for antiretroviral
treatment
• Serum LDL cholesterol for
hypercholesterolemia therapy
• β2-microglobullin for detection of
nephrotoxicity
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Biomarkers

–Categorization (Amur et al., 2016; Chen et al., 2018)
Term

Definition

Example

Prognostic biomarker

• Providing information on the natural course of
a disease and hence inform the anticipated
outcome of the disease in the absence of
intervention or under SoC
• Identifying patients who are likely at high risk
of disease-related outcome

• BRCA1 with high expression
implying worse prognosis in
untreated breast cancer patients
• S100A12 for major adverse CV
events in patients with heart
failure

Predictive biomarkers

• Helping identify subsets of patients who
respond to a particular treatment
• Used to enrich the cohort of individuals who
are likely to benefit from the therapy
• Interacting with treatment and hence are
causal (and causal evidence is needed to
support their causal role) (Hidalgo et a., 2016)

• EGFR mutation in non-small cell
lung cancer
• PD-1/PD-L1 expression for
treating multiple cancer types
• Metabolite markers for
personalized treatment of T2DM
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Biomarkers

–Biomarker qualification at FDA (Amur et al., 2016)

19

Biomarkers

–Biomarker for prescription (Korosok and Laber, 2019)
Term

Definition

Example

Prescriptive biomarker

• Useful in selecting treatment that maximizes
the mean outcome
• Relating to variables that are informative for
identification of optimal treatment regimes

• Patient age <50 and progesterone
receptor <10 for prescription of
tamoxifen
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Enrichment Design Strategies
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Enrichment Strategies

–1. Decreasing heterogeneity (Temple, 2016; FDA 2019)
• A variety of practical steps to decrease heterogeneity:
–
–
–
–
–
–
–

Define entry criteria carefully to be sure patients have the disease being studied
Find (prospectively) likely compliers (VA hypertension studies; Physicians’ Health Study)
Choose people who will not drop out
Eliminate placebo-responders in a lead-in period
Eliminate people who give inconsistent treadmill results in heart failure or angina trials, or
whose BP is unstable
Eliminate people with diseases likely to lead to early death
Eliminate people on drugs with the same effect as test drug
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Enrichment Strategies

–2. Prognostic enrichment (Temple, 2016; FDA 2019)
• Choosing high-risk patients, e.g., those likely to have the event (study endpoint) of
interest  Considerable reduction in sample size needed to show effect in
outcome studies
• Great potential for pharmacogenomically or proteonomically identifying high risk
patients
• CV studies
–
–
–

A history recent myocardial infarction (MI) or stroke
Presence of concomitant diseases such as diabetes and hypertension
Certain blood markers, such as very high LDL, low HDL and high C-reactive protein

• Oncology studies: Tamoxifen prevented contralateral breast tumors in adjuvant
setting (very high risk)
• Pulmonary studies – History of recent exacerbation in COPD studies
• Neurology studies – Recent exacerbation or MRI finding in multiple sclerosis
studies
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Enrichment Strategies

–3. Predictive enrichment (Temple, 2016; FDA 2019) (1/2)
• Identifying more responsive patients based on a specific aspect of
pathophysiology, past history of response, or a disease characteristic
• Empiric enrichment strategies
–
–
–

Open observational studies followed by randomization
Patient history of response to a treatment class
Factors identified in prior studies

• Pathophysiological enrichment strategies – Select patients based on their
physiology or disease pathophysiology
–
–
–

Metabolism of test drug
Effect of tumor metabolism
Proteomic and genetic markers
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Enrichment Strategies

–3. Predictive enrichment (Temple, 2016; FDA 2019) (2/2)
• Randomized withdrawal studies - Patients who respond to treatment (in an openlabel period or in the treatment arm of a randomized trial) are randomized to
continue drug treatment or placebo treatment
–
–

Providing evidence of long-term effectiveness
Avoiding long-term exposure to an ineffective treatment.

• Nonresponders or patients intolerant to other drugs – Selection of patients who
failed to respond to or were intolerant of existing drug
–
–

Used to study drugs that have different mechanisms of action from previous drugs
Treatment effect of a new drug is moderately superior to the existing drug in an unselected
population

25

Enrichment Strategies

–Which population to study? (FDA 2019)
Randomization on biomarker + only

Randomization on both biomarker + and -
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Enrichment Strategies

–Adaptive enrichment (Simon, 2013; FDA 2019)
• Using prognostic or predictive markers to enrich a clinical trial can be
challenging if there is uncertainty at the planning stage about the
performance characteristics of the enrichment strategy
• Incorporating planned adaptations to the enrichment strategy that uses
information gained on marker performance during clinical trial, can be
useful in overcoming these challenges
• Sample size and other design features can be modified in a prospectively
planned manner to adapt to information obtained during the trial
• Appropriate type I error rate control to account for interim, unblinded
analyses of the accumulating data as well as analyses of multiple subgroups
–
–

Providing evidence of long-term effectiveness
Avoiding long-term exposure to an ineffective treatment.
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Novel Trial Design

–Umbrella and basket design (Woodcock & LaVange, 2016; West,
2017)

• It is possible to identify options
for small subgroups, perhaps
even with a marker seen in
only 1% or 2% of a broad
cancer patient population.
• Patients and oncologists have
an “actionable result” to
suggest a plan of action when
genetic testing panels report a
rare mutation.
• New treatments can be tested
and may potentially be
approved for commercial use
faster.
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SMART Design

–Two-stage SMART design (Kidwell et al., 2018)

29

Statistical Analysis in Precision Medicine Development
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Dynamic Treatment Regimes

–General concept (Murphy, 2003; Bembom & van der Laan 2008; Laber et al., 2018)
• Dynamic treatment regimes (DTRs) formalize decision making as a sequence of
decision rules, one per decision point, that map available patient information to a
recommended intervention to achieve the best possible outcome
• DTs explicitly incorporate the heterogeneity in need for treatment across
individuals and across time within an individual, which is in contrast to classical
treatments that may assign all individuals the same level and type of treatment,
• The decision points can be either fixed in calendar time or driven by patient
outcomes.
• The timing and number of decision points may be random and can vary
considerably across patients in some application domains.
• The set of allowable interventions at any given time point may vary according to a
patient’s health status, availability, or other factors.
• DTRs are also called adaptive strategies (Lavori and Dawson, 2000) or adaptive
interventions (Collins et al., 2001)
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DTR – Single-Decision Point

–Principle (Murphy, 2003; Kosorok & Laber, 2019)
• Dynamic refers to as the individualization of treatment to patient characteristics
and hence DTR can be used with a single decision point.
• Let Xi, Ai, and Yi denote respectively the baseline covariates 𝑋𝑋𝑖𝑖 ∈ 𝑋𝑋 , action 𝐴𝐴𝑖𝑖 ∈
𝐴𝐴 and outcome 𝑌𝑌𝑖𝑖 ∈ 𝑌𝑌 for the 𝑖𝑖th patient, and the dataset encompasses iid triples
{𝑋𝑋𝑖𝑖 , 𝐴𝐴𝑖𝑖 , 𝑌𝑌𝑖𝑖 }𝑛𝑛𝑖𝑖=1

• A DTR is a map 𝑑𝑑: 𝑋𝑋 → 𝐴𝐴 that satisfies 𝑑𝑑(𝑥𝑥) ∈ 𝜑𝜑(𝑥𝑥) for all 𝑥𝑥 ∈ 𝑋𝑋

• An optimal DTR produces the maximum mean outcome if applied to select
treatments in the population of interest

• Let 𝑌𝑌 ∗ (𝑎𝑎) denote the potential outcome under treatment 𝑎𝑎 ∈ 𝐴𝐴 and subsequently,
for any regime 𝑑𝑑, define the potential outcome under 𝑑𝑑 to be 𝑌𝑌 ∗ 𝑑𝑑 =
∑𝑎𝑎∈𝐴𝐴 𝑌𝑌 ∗ 𝑎𝑎 𝐼𝐼{𝑑𝑑 𝑥𝑥 =𝑎𝑎}
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DTR – Single-Decision Point
–Optimality quantities

• The optimal DTR 𝑑𝑑 opt satisfies
– 𝑑𝑑 opt ∈ 𝜑𝜑(𝑥𝑥) for all 𝑥𝑥 ∈ 𝑋𝑋 and
– 𝐸𝐸 𝑌𝑌 ∗ (𝑑𝑑 opt ) ≥ 𝐸𝐸 [𝑌𝑌 ∗ (𝑑𝑑)] for all 𝑑𝑑 such that 𝑑𝑑 ∈ 𝜑𝜑(𝑥𝑥) and all 𝑥𝑥 ∈ 𝑋𝑋

• Other optimality quantities satisfies
–
–
–

Maximum of the outcome distribution (Linn et al., 2017; Wang et al., 2018a)
Maximum of efficacy subject to constraints on risk/harm (Linn et al., 2015; Wang et al., 2018b;
Laber et al., 2018)
Maximum of the mean outcome subject to cost or logistic constrains (Luedtke and van der
Laan, 2016; Lakkaraju and Rudin, 2017)
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DTR – Multi-Decision Points

–Principle (Murphy, 2003; Kosorok & Laber, 2019) (1/2)
• Two or more opportunities for treatment change in some subsets of patients
–

Multiple lines of treatment in NSCLC

• Interventions can affect patient’s health status in multiple ways
–
–
–

Immediate effects
Moderating effects (to generate information for subsequent decision)
Delayed effects

• The observed data are of the form {𝑋𝑋1𝑖𝑖 , 𝐴𝐴1𝑖𝑖 , 𝑌𝑌1𝑖𝑖 , … , 𝑋𝑋𝑇𝑇𝑖𝑖 , 𝐴𝐴 𝑇𝑇𝑖𝑖 , 𝑌𝑌𝑇𝑇𝑖𝑖 }𝑛𝑛𝑖𝑖=1 that comprise
𝑛𝑛 iid replicates (𝑋𝑋1 , 𝐴𝐴1 , 𝑌𝑌1 , … , 𝑋𝑋𝑇𝑇 , 𝐴𝐴 𝑇𝑇 , 𝑌𝑌𝑇𝑇 ), in which 𝑌𝑌𝑡𝑡 denotes a proximal outcome
after treatment at stage 𝑡𝑡 = 1, … , 𝑇𝑇
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DTR – Multi-Decision Points

–Principle (Murphy, 2003; Kosorok & Laber, 2019) (2/2)
• Define 𝐻𝐻1 = 𝑋𝑋1 and 𝐻𝐻𝑡𝑡 = (𝐻𝐻𝑡𝑡−1 , 𝐴𝐴𝑡𝑡−1 , 𝑌𝑌𝑡𝑡−1 , 𝑋𝑋𝑡𝑡 ) so that 𝐻𝐻𝑡𝑡 is the available patient
history at time 𝑡𝑡
• Let 𝜑𝜑 ℎ𝑡𝑡 ⊆ 𝐴𝐴𝑡𝑡 denote the set of allowable treatments for a patient with 𝐻𝐻𝑡𝑡 = ℎ𝑡𝑡
at time 𝑡𝑡
• A DTR is a sequence of functions 𝑑𝑑 = (𝑑𝑑1 , … , 𝑑𝑑 𝑇𝑇 ) such that 𝑑𝑑𝑡𝑡 : 𝐻𝐻𝑡𝑡 → 𝐴𝐴𝑡𝑡
satisfies 𝑑𝑑 ℎ𝑡𝑡 ∈ 𝜑𝜑(ℎ𝑡𝑡 ) for all ℎ𝑡𝑡

• An optimal DTR maximizes the expectation of some function of cumulative
outcome measure 𝑌𝑌 = 𝑦𝑦(𝑌𝑌1 , … , 𝑌𝑌𝑇𝑇 ), e.g.,
– 𝑦𝑦 𝑣𝑣1 , … , 𝑣𝑣 𝑇𝑇 = ∑𝑇𝑇𝑡𝑡=1 𝑣𝑣𝑡𝑡 ,
– 𝑦𝑦 𝑣𝑣1 , … , 𝑣𝑣 𝑇𝑇 = Max 𝑡𝑡 𝑣𝑣𝑡𝑡 , or
– 𝑦𝑦 𝑣𝑣1 , … , 𝑣𝑣 𝑇𝑇 = 𝑣𝑣 𝑇𝑇
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Subgroups

–Identification and effect estimation (Kosorok & Laber, 2019)
• Consider a single-decision point with data (𝑋𝑋, 𝐴𝐴, 𝑌𝑌)

• Assume 𝜑𝜑 𝑥𝑥 = 𝐴𝐴 for all 𝑥𝑥 ∈ 𝑋𝑋 and 𝐴𝐴 ∈ {1, 0} denotes assigned treatment

• The conditional average treatment effect (CATE) is defined as ∆ 𝑥𝑥 = 𝐸𝐸{[𝑌𝑌 ∗ 1 −
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Multiple Outcomes

–(Butler et al., 2018; Kosorok & Laber, 2019; Luckett et al., 2018)
• Therapeutic effect can be captured through multiple outcomes that need to be
considered in selecting treatments
• Strategies
–
–
–
–
–

Trade-off between efficacy and safety in treating Schizophrenia (Butler et al., 2018; Luckett et
al., 2018)
Maximizing the primary outcome while keeping the secondary outcome constrained to be
within an acceptable region (Wang et al., 2018; Laber et al., 2018)
Trade-off between two or more endpoints that depends on patient
Preferences or other factors that depend on individual patient needs (Butler et al., 2018)
Trade-offs between two outcomes depend on complex individual-level factors about which
clinicians have imperfect information (Luckett et al., 2018)
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Big Data and Machine Learning for Precision Medicine
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Big Data

–(Cirillo and Valencia, 2019)
• Healthcare system collects massive-volume and high-dimensional data with
increasing complexity
• Routinely collected data types
– Multi-omics data (e.g., genomics, proteomics, metabolomics, …)
– Imaging data (e.g., neuroimaging, MRI, …)
– Electronic healthcare records (e.g., patient visits, disease diagnosis, treatment history,

…)

– Wearable and implantable devices
– Pharmacy dispensing data
– Health economic data  affordability  precision health
39

Machine Learning and Causal Inference
–(Grimmer, 2018; Shifrin, 2018)

• Machine learning helps individualize treatment
based on patient’s characteristics
– Reinforcement learning (e.g., Q-learning, A-

learning, C-learning)

– Target learning
– Deep neural network
– Random forest
– Super learning

• Combining machine learning with big data to
make causal inference is becoming one of the
fastest growing and most open fields

Liu, N., Liu, Y., Logan, B., Xu, Z., Tang, J., and Wang Y. (2019) Learning the
Dynamic Treatment Regimes from Medical Registry Data through Deep Qnetwork. Nature https://www.nature.com/articles/s41598-018-37142-0
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Causal Inference in Precision Medicine
— Machine learning for DTR and BRA
Survival Probabilities of Different DTRs

Zhao, Y, Zeng, D.L., Socinski, M.A., and Kosorok, M.R. (2012)
Reinforcement Learning Strategies for Clinical Trials in Nonsmall Cell Lung
Cancer. Biometrics 67, 1422–1433.
.

Personalized Benefit-Risk

Wang, J., Fu, H.D., and D. Zeng (2018) Learning Optimal Personalized
Treatment Rules in Consideration of Benefit and Risk: With an Application to
Treating Type Diabetes Patients With Insulin Therapies. JASA 113(521)
1—13.
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Challenges and Future Direction in Precision Medicine
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Challenges and Future Direction
–(Senn, 2018; Xu et al., 2019; Liu et al., 2019)

• Unknown domains of human genome hinder the development of
precision medicine
– Human genome encompasses approximately 3 billion base pairs
– The encoding sequence of approximately 100 million base pairs accounts for

only 2% of the entire genome  Molecular markers and current “target
therapies” target for tumors are only part of the known 2% of genome

– Up to 90% of eukaryotic genomes contains non-coding sequences  About 90%

of our genetic code is unknown

– The functions of non-coding genome present a substantial obstacle for genomic

research and the development of precision medicine.
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Challenges and Future Direction

–(Seymour et al., 2017; Senn, 2018; Xu et al., 2019)
• Data quality, standardization and management
– Managing the diverse and large scale of clinical and biological data
– Standardization and communication of different data types
– Insurance of high-quality data, especially real-world data
– Utility of real-time data
– Data sharing

• Collaboration among diverse organizations
– Shared vision in mind and long-term sustainable collaborations
– Clear understanding of each other’s complementary cross-functional expertise and

resources
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Challenges and Future Direction

–(Seymour et al., 2017; Senn, 2018; Xu et al., 2019)
• Incorporating causal inference methodologies
– Causal inference is based on causal stories that is lacking in many disease areas whose etiology

is not entirely clear

– Evolving causal methodologies can further guide precision medicine development (e.g., using

reinforcement learning)

• Subgroup identification and confirmation
– Identifying subgroup of patients who are responders or non-responders
– Missingness (unmeasured or non-measurable), continuity and multiplicity
– How precise we want to be?
– Regulatory hurdles – Pre-identified or ad hoc subgroups? How to combine identification and

confirmation of subgroups (within the framework of type I error control)?
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Challenges and Future Direction

–(Seymour et al., 2017; Senn, 2018; Xu et al., 2019)
• Incorporating comorbidity
– Current precision medicine development focuses only on one disease a time
– Often patients present with multiple health conditions such as hypertension, diabetes

mellitus, and COPD (> 60% of the US population over the age of 65 years has two or
more comorbid conditions)

– The complexity of patient clustering or subgrouping increases substantially with

multiple morbidity

– Comorbidity may be unrelated with each other and itself can be part of the set of

covariates for clustering

– Precision medicine for a patient with certain characteristics and any single disease may

not be a precision medicine for a patient with the same characteristics and multiple
diseases
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Challenges and Future Direction
–(Mesko, 2017; Liu et al., 2019)

• Increasing utility of artificial intelligence
– “There is no precision medicine without AI”
– Acquisition and analysis of large amounts of omics data for precision medicine
– Establishment of the library of biological samples and large-scale data analysis

of the next-generation of genome
– “Ground truth” to validate and interpret the relation and benefit
– Transparency (?) and reproducibility
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Challenges and Future Direction
–(Ramaswami et al., 2018)

• From precision medicine to precision health
– Precision medicine measures only clinical efficacy and/or safety of medical products
– Physician’s and patient’s engagement and education
– Patient’s behavior (e.g., medication adherence) may impact the effectiveness of a drug
– Accessibility to and affordability of a product (e.g., healthcare insurance coverage) also

affects precision health

• From precision medicine to precision public health
– What PM has to offer from public health (preventive intervention) perspective?
– From PM to precision prevention?
48

Summary
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Summary
• Substantial progress has been made in precision medicine.

• Biomarkers (phenotyping + genotyping) play critical roles in precision medicine
development.
– Biomarker development, validation and quantification

• Precision medicine development can be achieved through
– Clinical trial designs such as adaptive enrichment design strategies, sequential multiple

assignment randomized trials design
– Analysis to determine optimal individualized treatment rules (ITR) and optimal dynamic

treatment rules (DTR)
– Analysis to estimate the outcome under the optimal ITR and DTR
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Summary
• Big data, machine learning and causal inference methodologies play an increasing
important role in precision medicine development.
– Big data include massive-volume and high-dimensional clinical trial data and real-world data
– Causal inference methodologies are used for confounding adjustment to estimate causal effects

• From precision medicine to precision healthcare and prevention
– Behavior medicine
– Availability and accessibility of precision medicine
– Multiple morbidity
– Impact on public health
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