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| am honored to dedicate this keynote to my mentor Jamie Robins, whose pioneering
insights solved the problem of time-varying confounding 40 years ago and laid the
foundation for much of modern causal inference.

Joint with the Isaac Newton Institute (INI), we are excited
to welcome Prof. James Robins from Harvard University,
to present "Forty years of causal inference: Report of a
great-grandfather” in the Rothschild Public Lecture,
Tuesday, May 26, 2026

"Robins cut the Gordian knot by inventing a statistic
called the g-estimator that makes analysis of data that
are simultaneously confounders and intermediate steps
possible. [...] After a long period of seeking converts to
his unconventional methods, Professor James Robins
Is now considered to be one of the leading
mathematical statisticians in the world."

Harvard Public Health Review, Summer 2002:42-43
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4 Key Elements of a Causal Health Decision Framework
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“...one of the main tasks in
applying causal inference

The New Science of Cause and Effect: Causal
Revolution Applied

January 25, 2022 - 10:00AM-11:30AM EST
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Speakers
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COMPUTER SCIENCE AND STATISTICS
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See the related Value & Outcomes Spotlight article:
https://www.ispor.org/publications/journals/value-outcomes-spotlight

methods in health
economics, outcomes
research and HTA is under-
standing which analytical
method works best for which
type of research question,
and recommending what
additional evidence should

be generated.”

~ Signal

IN BRIEF

As the science of HEOR
advances, researchers will have
to turn to new research methods
to interpret data and calculate
cause effect relations

Causal and counterfactual
inference is a theary advanced
by Judea Pearl, PhD, Professor of
Computer Science and Director,
Cognitive Systems Laboratory,
Samueli School of Engineering,

Pearl's work centers on how
causal models interact with
data and work in scientific
applications today, spanning
the subjects of selection bias,
personalized treatment effect,
causality in observational
studies, and fusion of data from
several sources (observational
and experimental studies)
While causal models are well
Kknown in the fields of computer
science and artificial intelligence,
as well as epidemiology, they
are not taught in college
statistics classes. However, they
have substantial potential in
economics and have begun to
be more widely used in HEOR
and HTA

ccording to Judea Pearl, PhD, Professor, Computer Science and Director, Cognitive
Systerns Laboratory, Samueli School of Engineering, University of California, Los
Angeles, USA, even a 3-year-old has a remarkable understanding of causation,

As he explains in the first chapter of his book, The Book of Why,' humans’ ability o

reason retrospectively, imagine reads not taken, and compare the observed world with
counterfactual alternatives, is something that even the most sophisticated artificial
intelligence neural networks have not yet been able to achieve. However, he posits that
there are ways machines and people “can represent causal knowledge in a way that would
enable them to access the necessary information swiftly, answer questions correctly, and
do it with ease, as a 3-year-old child can.”

"Machine learning amplifies ane little corner of human ability and this is to handle data, to
store it, 10 Collect it, to retrieve it, to answer questions about associations, 1o summarize
data properly, to visualize data—all this is fine,” Pearl says. “But the hard questions of
causal thinking cannot be answered by machine learning alone, these must be handled

by a smart symbiasis of causal models and machine learning, Whenever you do a causal
inference exercise you get an answer that tells you where machine learning can be of help
and how, 50 you can adequately divide the labor *

Pearl's causal metamodel is the “Ladder of Causation,” which comprises 3 parts: the lowest
level, Association (seeing/observing), entails the sensing of regularities or patterns in the
input data, expressed as correlations. The middle level, Intervention (dcing), predicts

the effects of deliberate actions, expressed as causal relationships. The highest level,
Counterfactuals (imagining). involves constructing a theory of the world that explains why
specific actions have specific effects and what would have happened had those actions.
been different

Causal Models and Healthcare

One industry that generates a lot of data is healthcare. According to RBC Capital Markets,
30% of the world's data volume is being generated by the healthcare industry and by 2025
the compound annual growth rate of data for healthcare will reach 36%.

“Sorting through all of these data to derive information from them—especially in health
economics and outcomes research (HEOR), in which much of the work is related to
guiding patient-centered medical decision making and public health policy decisions—has
to start with causal questions, using causal assumptions, and developing decision-analytic
models,” says Uwe Siebert, MD, MPH, M5c, 5¢D, UMIT - University for Health Sciences,
Medical Informatics and Technology, Hall in Tirel, Austria, and Harvard Chan School of
Public Health in Bostan, MA USA.

122 Value & Dutcomes Spotlight
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Causal Graphs



" Tx: Treat t
Causal Diagrams 0C: Outooms
(Directed Acyclic Graphs, DAGs) L: Covariate

Graph is directed (arrows) and acyclic (no loops) |_1
m) Causal DAG: assumptions = absence of arrows A/Confounder\A

3 0, 50
UMITrror o

The total statistical association is represented by xX— L — 0C
the sum of all open paths ed'ator

There are frontdoor paths and backdoor paths ol der

In the analysis, we must adjust (control) for open
backdoor paths, to remove non-causal
association (confounding)

Different types of variables ...



Causal Diagrams 0C: Outoome

(Directed Acyclic Graphs, DAGS) L Covariate
Which variables should we control for? / |_1 \
Modern definition of confounding: Confounder
Open backdoor path IX— |; 2 — 0OC
Adjustment:
Block (control/adjust for) all open backdoor paths Colllder
Rule:

m) Never control for the future of the treatment
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DAGs for Time-dependent Confounding
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DAG Examples from the Literature
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*Possible DAGs in Pragmatic Trials
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Hernan & Robins, NEJM 2017



Design: Target Trial Emulation

(for deeper discussion see presentation of Vanessa Didelez)

14



@ Target Trial
Approach

hypothetical RCT

o By defining all steps, the potential of
[ 4
(]

American Journal of Epidemiology Vol. 183, No. 8

.E @ The Author 2016. Published by Oxford University Press on behalf of the Johns Hopkins Bloomberg School of DOI: 10.1093/aje/kwv 254
Public Health. All ights reserved. For permissions, please e-mail: journals.permissions @oup.com. Advance Access publication:

March 18, 2016

Practice of Epidemiology

Using Big Data to Emulate a Target Trial When a Randomized Trial Is Not Available

Miguel A. Hernan* and James M. Robins

* Correspondence to Dr. Miguel A. Hernan, Department of Epidemiology, 677 Huntington Avenue, Boston, MA 02115
(e-mail: miguel_hernan@post.harvard.edu).

Initially submitted December 9, 2014; accepted for publication September 8, 2015.

Design an observational study

5 — as if it was a randomized controlled “Do not look into the future”
o experiment = develop protocol for a

Time zero (time of including patients
(and data), duration of follow up, etc.

self-inflicted biases (time-related Sarmple i s sssessTE se
biases, selection bias) is reduced Kuehne et al., JCE 2022
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Target Trial Emulation to Avoid Self-Inflicted Biases

nswark| Open. 5

Original Investigation | Statistics and Research Methods

Reporting of Observational Studies Explicitly Aiming
to Emulate Randomized Trials

A Systematic Review

Harrison J. Hansford, BSc(Hons); Aidan G. Cashin, PhD; Matthew D. Jones, PhD; Sonja A. Swanson, ScD; Nazrul Islam, MD, PhD; Susan R. G. Douglas, BExPhys;
Rodrigo R. N. Rizzo, PhD; Jack J. Devonshire, BSc(Hons); Sam A. Williams, BSc(Hons); Issa J. Dahabreh, MD, ScD; Barbra A. Dickerman, PhD; Matthias Egger, MD, PhD;
Xabier Garcia-Albeniz, MD, PhD; Robert M. Golub, MD; Sara Lodi, PhD; Margarita Moreno-Betancur, PhD; Sallie-Anne Pearson, PhD; Sebastian Schneeweiss, MD, ScD;
Jonathan A. C. Sterne, PhD; Melissa K. Sharp, PhD; Elizabeth A. Stuart, PhD; Miguel A. Hernan, MD, DrPh; Hopin Lee, PhD; James H. McAuley, PhD

Introduction

Analyses of observational (nonexperimental) data can be used to estimate the causal effect of
interventions when randomized clinical trials are unavailable or infeasible. Bias in observational
analyses may be limited by conceptualizing them as attempts to emulate target trials, ie, hypothetical
randomized trials that would answer causal questions of interest."® Hernan and Robins®* have
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_ large self-inflicted biases: systematic bias assessment of ovarian cancer treatment effectiveness. J Clin Epidemiol.
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2. Dickerman BA, Garcia-Albéniz X, Logan RW, Denaxas S, Hernan MA. Avoidable flaws in observational analyses:
an application to statins and cancer. Nat Med. 2019;25(10):1601-1606. doi:10.1038/541591-019-0597-x

3. Hernan MA, Sauer BC, Hernandez-Diaz S, Platt R, Shrier |. Specifying a target trial prevents immortal time bias
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2016.04.014

4. Hernan MA, Robins JM. Using big data to emulate a target trial when a randomized trial is not available. Am J
Epidemiol. 2016;183(8):758-764. doi:10.1093/aje/kwv254
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Publications with Target Trial Emulation

Figure 2. Number of Explicit Emulations of a Target Trial Included in Review Published per Year
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Hansford HJ et al., JAMA Network Open. 2023
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2809945
Published under https://creativecommons.org/licenses/by/4.0/

2021 20222
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Target Trial Specification and Emulation
TrAnsparent ReportinG of observational studies Emulating a Target trial (TARGET) guideline

Research Question

Eligibility Criteria

Treatment Strategies

SPECIF ___q T
T ——

TARGET Follow-up Period TARGET
TRIAL TRIAL
I Causal Contrast(s)

Data Analysis Plan

)

Figure 1 Elements relevant to both the specification and emulation of the target trial described by Hernan and Robins.®

Hansford et al, BMJ Open 2023 3 Hernan & Robins, Am J Epi 2014

53} 20} 58 1 8
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Write and Publish Your Target Trial Protocol

Research Article

For reprint orders, please contact: reprints@futuremedicine.com

Guidance for a causal comparative
effectiveness analysis using ‘big real world’

evidence: when to start statin treatment  Journal of Comparative
Effectiveness Research

Felicitas Kuehne!, Beate Jahn', Annette Conrads-Frank'!, Marvin Bundo', Marjan

Arvandi', Florian Endel?, Niki Popper?3*, Gottfried Endel®, Christoph Urach?,

Michael Gyimesi®, Eleanor ) Murray’-8, Goodarz Danaei®?, Thomas A Gaziano'®",

Ankur Pandya'® & Uwe Siebert*.1.10.12.13

"Department of Public Health, Health Services Research & Health Technology Assessment, Institute of Public Health, Medical

Decision Making & Health Technology Assessment, UMIT — University for Health Sciences, Medical Informatics & Technology, Hall

iT, Austria

2DEXHELPP, Vienna, Austria

3TU Wien, Research Unit of Information and Software Engineering, Austria
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5Department EWG, Main Assodiation of Austrian Social Security Institutions, Vienna, Austria

SAustrian Public Health Institute, Austria

7Department of Epidemiology, Boston University School of Public Health, Boston, MA 02118, USA

EDepartment of Epidemiology, Harvard TH Chan School of Public Health, Boston, MA 02115, USA

®Department of Global Health & Population, Harvard TH Chan School of Public Health, Boston, MA 02115, USA

°Department of Health Policy & Management, Center for Health Decision Science, Harvard TH Chan School of Public Health,

Boston, MA 02115, USA
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UMIT o, Kuehne et al., JCER 2019




Target Trial Protocols
for Using RWE

< Protocol of a Target Trial When Repurposing Data for

SSSSS

Causal Inference
* Hernan, Miguel A.2P; Dickerman, Barbra A.%; Swanson, Sonja A.% Dahabreh, Issa ).204d

Information @

Q_ Epidemiology 37(3):p 282-286, May 2026. | DOI: 10.1097/ EDE.0000000000001951
1S510N5

 TTE is often applied to preexisting observational RWD

* |n these cases, the fully specified target trial protocol may need
to be iteratively adapted as investigators learn about the data
(e.g. missing data in confounder variables, coding of outcomes)

* The protocol should include clear rules governing the adaptive
process and the investigators’ decisions to adapt the protocol to
the data, in order to maintain trust in the resulting RWE

Hernan MA, et al., Epidemiology 2026 May 1 20

131 120t 580
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Target Trial Emulation in EU Agencies

NICE (UK)

— Describes target trial emulation in methods
guidance (June 2022)

www.nice.org.uk/corporate/ecd9

IQWIG (Germany)

— Discussed causal topics in public events
https://www.igwig.de/en/events/iqwig-in-dialogue/

— Recently open for causal modeling of screening
https://www.iqwig.de/en/presse/press-releases/press-releases-detailpage 75008.html

NICE real-world evidence
framework

ccccccccccccccccc
22222222222222222222

EVENTS > IQWIG IN DIALOGUE > 2019: DO CAUSAL MODELS PROVIDE PROOF OF CAUSAL CONNECTIONS?

2019: Do causal models provide proof of causal connections?

— Explicit framework of target trial approach?

TS > IQWIG IN DIALOGUE > 2014: BENEFIT ASSESSMENT IN STUDIES WITH ALLOWED TREATMENT SWITCHING

2014: Benefit assessment in studies with allowed treatment switchin

21
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Self-inflicted Time-Related Biases ("Misalignment”)

Type of
emulation failure

1.T,afterEand A

2. T, at E but before A

3.T, before Eand A

4.T, at E but before A

Fig. 1.

Selection of... Immortal
time

eligible individuals who initiate a
treatment strategy and remain No
under follow-up through reset T,

individuals who initiated a

treatment strategy before, and

remained under follow-up until, No
eligibility (specified at T,)

individuals who initiated a
treatment strategy before, and
remained under follow-up until,
eligibility (specified after T)

Yes

eligible individuals at T, who
remained under follow-up until Yes
completing a treatment strategy

Four examples of failures of emulation of a target trial using observational data. T, time

zero; E, eligibility; A, period during which treatment strategies are assigned.

Immortal Time due to Selection Bias

Immortal Time due to Information Bias

Hernan et al., J Clin Epi 2016
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Different Approaches to TTE

1) Unique and clear treatment start - Traditional approach
— All individuals meet eligibility only once; treatment strategies distinguishable at
time of eligibility
2) Repeat eligibility - Sequential trials approach

— Some individuals repeatedly eligible during multiple times and can be assigned to
a treatment strategy at multiple times (multiple times zero)

3) Complying with multiple Tx strategies = Clone-censor-weight approach

— Some individuals belong to multiple treatment arms during some times, especially
at baseline (“indistinguishable treatment strategies”)

IENQEHW 23
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Causal Inference in Indirect Treatment

Make sure the research question is well defined
Draw your DAG
Perform a target trial emulation

Use the correct estimators as parameters in your health-
economic model

24



Analytic Methods for Causal Inference

25



Tx = Treatment

Motivation: Confounding

Confounder- Ongoing Severity of
Initial Tumor stage treatment disease (biomarker)
/ \ feedback loop / \
» Death Tx » Death
Time-independent Time-dependent
co_nfounding _ confounding
= “baseline confounding” = “post-baseline confounding”
Initial Tumor stage is a common Severity is a common cause of Tx and
cause of prescribed Tx and Death Death and is also affected by Tx
Traditional methods work Traditional methods fail,
(stratification, multivariable -> apply g-methods

regression, propensity score etc.)

IENQEHW 26
UMITol ok




Quantitative Methods to Control for Confounding

Time-independent (Baseline) Time-dependent (Post-baseline)

Confounding Confounding
 Traditional methods * g-Methods
» Restriction » g-Formula
» Stratification » g-Estimation
» Multivariate modeling » Inverse probability weighting
» Matching « Regression

. Stratification * Further approaches:

* Matching » Doubly robust methods (TMLE)
* [g-Methods] * IPW

» Propensity score

27
IEWQ:IHUE
UMITrrol e =



« g-Methods
» g-formula

Principles of Causal Methods + grestimaton

(g-methgds: RObinS 1986_1 998) » inverse probability weighting
Necessary to control for time-varying confounding

» g-Formula / g-Computation
— Stratify (standardize) for history, move through time intervals

 g-Estimation with structural nested models (SNM)
— Calculate counterfactual outcomes, correlate counterfactuals with treatment
conditional on confounders

* Inverse probability weighting (IPW) with marginal structural models (MSM)
— Each individual undergoes each treatment - "clones", weighting; yields
unconfounded pseudo population dataset

* Doubly robust methods (TMLE)

— Simultaneously correct for the confounder-treatment and the confounder outcome

relation, leading to bias elimination, if one model is correctly specified
28
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*History

g-estimation (Robins, 1986) and
marginal structural models (Robins, 1998)
— for situations with time-varying confounding

Causal network theory (Pearl, late 1990s)

— for causal inferences, confounder identification must be based on a causal network linking the
variables under study

Causal diagrams (Greenland, Pearl, and Robins, 1999)
— valuable and visually understandable tool

First application of g-formula (2002: ScD thesis Siebert with Robins, Hernan)
Acceptance of methods at regulatory agencies (2009: TA 179)

— NICE appraisals accepted causal methods to adjust for switching in clinical trial and drug was
reimbursed in UK

Software (last years)

— some macros available and under development 2



Machine Learning in Causal Inference

Machine learning (ML) methods have

 the potential to smooth over the data without overly restrictive

assumptions regarding the functional forms of the outcome and
exposure mechanisms

« the power to empirically identify more complex functional forms
— Interactions

— nonlinear, and higher-order relationships
— broader range of functional forms (e.g., sinusoidal)
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Support Clinical Guidelines and HTA:

Causal Modeling
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Causal Diagrams
Informing Decision Models

Causal diagrams describe the causal
relations between variables. We can use
them to (1) build a causal natural history
model and (2) to inform methods of
empirical data analysis

Read more about how to match decision-
analytic models with causal diagrams in
this paper ...

Dijk SW, Korf M, Labrecque JA, Pandya A, Ferket BS, Hallsson LR, Wong JB, Siebert U, Hunink MGM. Directed Acyclic Graphs
in Decision-Analytic Modeling: Bridging Causal Inference and Effective Model Design in Medical Decision Making. Med Decis
Making. 2025 Apr;45(3):223-231. doi: 10.1177/0272989X241310898.

UMITrroL
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Directed Acyclic Graphs in Decision-Analytic :
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Effective Model Design in Medical Decision ok g sk
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reuse guidelines:
o jouma ls-permissians

Stijntje W. Dijk(>, Maurice Korf, Jeremy A. Labrecque, Ankur Pandya,
Bart S. Ferket, Lara R. Hallsson, John B. Wong, Uwe Siebert(, and
M. G. Myriam Hunink

Decision-analytic models (DAMSs) are essentially informative yet complex tools for solving questions in medical deci-
sion making. When their complexity grows, the need for causal inference techniques becomes evident as causal rela-
tionships between variables become unclear. In this methodological commentary, we argue that graphical
representations of assumptions on such relationships, directed acyclic graphs (DAGs), can enhance the transparency
of decision models and aid in parameter selection and estimation through visually specifying backdoor paths {ie.,
potential biases in parameter estimates) and visually clarifying structural modeling choices of frontdoor paths (i.e.,
the effect of the model structure on the outcome). This commentary discusses the benefit of integrating DAGs and
DAMs in medical decision making and in particular health economics with 2 applications: the first examines statin
use for prevention of cardiovascular disease, and the second considers mindfulness-based interventions for students”
stress. Despite the potential application of DAGs in the decision science framework. challenges remain. including
simplicity, defining the scope of a DAG, unmeasured confounding, noncausal aspects, and limited data availability
or quality. Broader adoption of DAGs in decision science requires full-model applications and further debate.

Highlights

* Our commentary proposes the application of directed acyclic graphs (DAGs) in the design of decision-
analytic models. offering researchers a valuable and structured tool to enhance transparency and accuracy
by bridging the gap between causal inference and model design in medical decision making.

® The practical examples in this article showcase the transformative effect DAGs can have on model structure,
parameter selection, and the resulting conclusions on effectiveness and cost-effectiveness.

* This methodological article invites a broader conversation on decision-modeling choices grounded in causal
assumptions.

Keywords
biomedical technology assessment. causality, costs and cost analysis, decision making, decision support techniques,
epidemiologic factors, epidemiologic methods, research design
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versity Medical Center, PO Box 2040, Rotterdam, 3000CA, The Neth-
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Causal Modeling

* Match your model structure with a causal diagram
« Check model input parameters for causality

* Do not base variable selection for regression equations on statistical
significance but on DAGs

« Have appropriate methods for time-varying confounding been used?

131 120t 580 33
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Society for Medical Decision Making

*ISPOR-SMDM Modeling
Good Research Practices
Task Force

Modeling Good Research
Practices—Overview: A Report of the
ISPOR-SMDM Modeling Good Research
Practices Task Force-1

J. Jaime Caro, MDCM, FRCPC, FACP, Andrew H. Briggs, DPhil,
Uwe Siebert, MD, MPH, MSc, ScD, Karen M. Kuntz, ScD,
On Behalf of the ISPOR-SMDM Modeling Good Research Practices Task Force

https://www.ispor.org/heor-resources/qood-
practices/report-other-report-types/-in-
category/index-types/ispor-good-practices-for-
outcomes-research

Caro JJ, Briggs AH, Siebert U, Kuntz KM, on Behalf of the
ISPOR-SMDM Modeling Good Research Practices Task
Force. Modeling Good Research Practices - Overview: A

Report of the ISPOR-SMDM Modeling Good Research

Practices Task Force -1. Value in Health 2012,15:796-803.

Caro JJ, Briggs AH, Siebert U, Kuntz KM, on behalf of the
ISPOR-SMDM Modeling Good Research Practices Task
Force. Modeling Good Research Practices - Overview: A
Report of the ISPOR-SMDM Modeling Good Research
Practices Task Force -1. Medical Decision Making
2012;32(5):667-77.

(/. =



https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research
https://www.ispor.org/heor-resources/good-practices/report-other-report-types/-in-category/index-types/ispor-good-practices-for-outcomes-research

*Best Practice Causal Inference
ISPOR Good Research Practices for Retrospective

Databases Analysis Task Force -- Part -l
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ood Research Practices for Comparative Effectiveness

ive
esearch: Analytic Methods to Improve Causal Inference from

onrandomized Studies of Treatment Effects Using Secondary
ta Sources: The ISPOR Good Research Practices for
trospective Database Analysis Task Force Report—Part Il

1. Berger et al. ... defining, reporting and interpreting
nonrandomized studies of treatment effects using
secondary data sources ... Part I., Value in Health
2009

2. Cox et al., ... approaches to mitigate bias and

confounding in the design of nonrandomized
studies of treatment effects using secondary data
sources ... Part ll, Value in Health 2009

3. Johnson et al., ... analytic methods to improve

causal inference from nonrandomized studies of

treatment effects using secondary data sources ...

Part lll, Value in Health 2009
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*Best Practice Causal Inference
ISPOR Good Research Practices for Retrospective
Databases Analysis Task Force -- Part -l

Recommendations Part lll (Johnson et al, ViH 2009):

* "Include variables that are only weakly related to treatment selection
because they may potentially reduce bias more than they increase
variance."

« "All factors that are theoretically related to outcome or treatment selection
should be included despite statistical significance at traditional levels of
significance."

* "In the presence of time-varying confounding, standard statistical methods
may be biased, and alternative methods such as marginal structural models
or g-estimation should be examined.”
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*Causal Inference and Decision-Analytic Modeling

« “Causal inference methods aim for drawing causal conclusions from
empirical data on the relationship of pre-specified interventions on a
specific target outcome and apply a counterfactual framework and
statistical techniques to derive causal effects of exposures or
interventions from these data.”

« "Decision analyses are based on decision-analytic models to mimic
the course of disease as well as aspects and consequences of the
iIntervention in order to quantitatively optimize the decision.”

Kihne F, Schomaker M, Stojkov |, Jahn B, Conrads-Frank A, Siebert S, Sroczynski G, Puntscher S, Schmid D, Schnell-Inderst P, Siebert U.
Causal evidence in health decision making: methodological approaches of causal inference and health decision science. Ger Med Sci.

2022;20:Doc12. doi: 10.3205/000314.



*Microsimulation: UKPDS Outcomes Model

Table 2. Sample size, functional form, parameters and beta coefficients (SEs) for seven equations to estimate the probability of diabetes-
related complications

Eq. 1 Eq. 2 Eq. 3 Eq. 4 Eq.5 q. 6 Eq.7
Complication I[HD MI CHF STROKE AMP IBLIND RENAL
No. of subjects 3612 3642 3607 3607 3642 3642 3642
Functional form Weibull Weibull Weibull Weibull Weibull [Weibull Weibull
Parameters Estimate of coefficient (SE)
A -5.310(0.174) -4.977 (0.160) -8.018 (0.408) -7.163 (0.342)] -8.718 (0.613) }-6.464 (0.326) —-10.016 (0.939)
p 1.150 (0.067) 1.257(0.060) 1.711 (0.158) 1.497 (0.126)] 1.451(0.232) | 1.154 (0.121) 1.865 (0.387)
AGE 0.031 (0.008)  0.055 (0.006) 0.093 (0.016) 0.085 (0.014) 0.069 (0.014)
FEMALE -0.471(0.143) -0.826(0.103) -0.516 (0.171)
AC -1.312 (0.341)
SMOK 0.346 (0.097) 0.355 (0.179)
BMI 0.066 (0.017)
HBAIC 0.125(0.035) 0.118 (0.025)  0.157 (0.057) 0.128 (0.042)] 0.435 (0.066) | 0.221 (0.050)
SBP 0.098 (0.037) 0.101 (0.026) 0.114 (0.056) 0.276 (0.042)] 0.228 (0.075) 0.404 (0.106)
TOTAL:HDL 0.113 (0.025)
Ln (TOTAL:HDL) 1.498(0.202) 1.190(0.169)
PVD 2.436 (0.521)
ATRFIB 1.428 (0.472) -
IHD 0.914 (0.150)
CHF 1.558 (0.202) 1.742 (0.287)
BLIND | 1.812 (0.462)' 2.082 (0.551)
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Biases and Benchmarking

iIn Real-World Case Examples
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RCT DUPLICATE —

Benchmarking RWE against RCTs

Trial name Compar?tor Endpoint Effect Estimates Std. Diff. Agreement P
emulation emulation
LEADER Moderate Good —o—g 0.90 RA/EA/SD
DECLARE Moderate Moderate o & 1.76 RA/SD
EMPA-REG Moderate Good Sy ' 0.35 RA/EA/SD
CANVAS Moderate Good — o — 1.34 RA/EA/SD
CARMELINA Poor Good —— éc 1.61 EA/SD
TECOS Poor Moderate < 4 1.71 EA/SD
SAVOR-TIMI Poor Good —o— IE 3.16 --
CAROLINA Good Good o ‘E 0.70 RA/EA/SD
TRITON Good Good I E— I -1.11 RA/EA/SD
PLATO Good Good | | | _Ie_;_ | -1.31 EA/SD
0.6 0.7 08 09 1 11
HR (95% Cl)

Franklin JM et al., Circulation.

2021 doi: 10.1161/CIRCULATIONAHA.120.051718
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Case Examples

« Parametric g-Formula

— First application of parametric g-formula: assessment of cardiologic risk
factors (see appendix)

« Marginal structural model (MSM) with inverse-probability-of-
treatment weighting (IPTW)

— Pivotal re-analysis of HIV treatment with MACS registry data (see
appendix)

* Clone-Censor-Weight (CCW) Approach with inverse-probability-
of-censoring weighting (IPCW)

— 2" [ine treatment in oncology (see main slides)

! 12
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Case Example g-Formula: WHO Project Cardiology

BMI: body mass index
CHD: coronary heart disease
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< \
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Parametric g-Formula
Case Example: WHO-Project "Causal CHD Web"

Siebert U, Hernan MA, Robins JM. Monte Carlo simulation of the direct
and indirect impact of risk factor interventions on coronary heart disease.
An application of the g-formula. Proceedings of the 8th Biennial
Conference of the European Society for Medical Decision Making in
Taormina, Sicily, Italy. June 2-5, 2002:p51.

OOOOOOOOOOOOOOOOOO
MEDICAL DECISION MAKING

RRRRRRR
AND

AAAAAAAAA

Robins JM, Hérnan MA, Siebert U. Estimations of the effects of multiple

interventions. In: Ezzati M, Lopes AD, Rodgers A, Murray CJL, eds.
Comparative quantification of health risks; global and regional burden of
disease attributable to selected major risk factors. Geneva: World Health
Organization, 2004:2191-2230.

This example represents the first application of the parametric g-formula

.2

in the literature

43




Abstract

First Application of
Parametric g-Formula

ES

EUROPEAN SOCIETY FOR
MEDICAL DECISION MAKING
EIGHTH BIENNIAL CONFERENCE

PROGRAM
AND

ABSTRACTS

Siebert, Robins, Hernan, ESMDM 2002

https://cdn1.sph.harvard.edu/wp-
content/uploads/sites/604/2022/04/Siebert 2002 ProceedingsESMDM Impact interve

ntions CHD application g-formula.pdf

UMITrroL

MONTE CARLO SIMULATION OF THE DIRECT AND INDIRECT
IMPACT OF RISK FACTOR INTERVENTIONS ON CORONARY
HEART DISEASE. AN APPLICATION OF THE G-FORMULA

Uwe Siebert (1), Miguel A. Hernan (2), James M. Robins (2)

(1) Harvard Center for Risk Analysis, Harvard School of Public Health, Boston, MA,
USA;

(2) Department of Epidemiology, Harvard School of Public Health, Boston, MA, USA

Background: WHO has established a project on comparative risk assessment for
coronary heart disease (CHD) which addresses the overall impact of several
public health interventions on the risk of CHD. As there are multiple direct and
indirect risk factors that are part of the causal web of CHD, such an evaluation has
to consider not only the direct effect of the risk factors under intervention but has
to include the effect mediated through other risk factors. As various risk factors
simultaneously act as confounders and as intermediate steps, traditional regression
analysis fails and alternative methods have to be used. Our goal was to evaluate
the impact of several interventions on CHD risk factors using the g-formula.
Methods: We used data of the Framingham Offspring Study, in which risk factor
and disease status of 5124 subjects was assessed in one baseline and 4 follow-up
exams over 20 years. Based on a causal diagram which represented prior
knowledge about the causal links among CHD risk factors, potential risk factors,
confounders, and intermediate variables were defined. We used the g-formula to
estimate the counterfactual CHD risk in the Framingham Offspring data under
each intervention. The g-formula (Robins, 1986) is a general nonparametric
method that allows to compute counterfactual proportions under the assumption of
no unmeasured confounders. In a first step, we fit pooled logistic regression
models to predict risk factor distributions and the risk of CHD based on the given
risk factor history. In a second step, Monte Carlo technique was used to simulate a
sample of 10000 counterfactual subjects and their experience regarding risk
factors and CHD. Bootstrap methods were used to estimate 95% confidence
intervals (CI) of the counterfactual CHD risks and relative risks (RR). All
analyses were performed separately by gender. Evaluated strategies included
interventions on smoking, alcohol consumption, body mass index (BMI), low
density lipoprotein (LDL), and a combined strategy.

Results: After exclusions, our analyses included 2230 men (47.8%) and 2440
(52.2%) women with 189 and 68 CHD events, respectively. The observed 12-year
risk of CHD in the study population was 8.47% (CI: 7.37%-9.73%) for males and
2.79% (CI: 2.19%-3.54%) for females. The simulated 12-year risk of CHD under
no intervention was 8.48% for males (CI: 6.72%-10.24%) and 2.82% for females
(CI: 2.10%-3.54%). Smoking cessation at baseline in all male and female smokers
had a relative risk of 0.80 (CI: 0.70-0.91) and 0.83 (CI: 0.70-1.00), respectively.
The relative risk after shifting the LDL distribution to the distribution of the
Chinese population was 0.68 (CI: 0.52-0.89) for men and 0.48 (CI: 0.35-0.67) for
women. Shifting alcohol consumption to moderate alcohol intake or constantly
lowering BMI to 22kg,/m2 did not change CHD risk significantly. The combined
intervention on smoking cessation, BMI, and LDL reduced the CHD risk by 53%
(RR: 0.47; CI: 0.32-0.69) in men and by 61% (RR: 0.39; CI: 0.23-0.67) in
women,

Conclusions: The g-formula could be applied in a situation where traditionl
regression analysis could not be used, because risk factor variables were
confounders as well as intermediate steps. Highest risk reductions could be
achieved by interventions on smoking cessation and LDL. Combined
interventions may reduce CHR risk by more than 50%.
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Result table_old

		Result Table Causweb Analysis

				Input

		Setting

		Analyst:		US

		SAS program:		ref16

		#  BS samples:		100

		Lagged variables:		2

		Rounding:		corrected

		YAS		included

		Setting/ Subgroup		Interv.		Intervention		Risk (%)		LL 95%CI		UL 95%CI		RR		LL 95%CI		UL 95%CI		BS SE Risk (%)		BS av. risk (%)		"BS RR"		comp risk (BS vs normal)		comp RR (BS vs normal)		Rel. SE (SE BS Risk/Abs. BS Risk)		Abs. SE Int./Abs. SE No Int.		Excess SE Int. vs. No Int.		Rel. SE Int./Rel. SE No Int.		Comment

		Male, n=2230		0		No intervention		8.46		6.18		10.74		1		1		1		1.16		8.76		1.00		4%		0%		0.13		1.0		0%		1.0

				1		50% quit smoking		7.63		5.49		9.77		0.9		0.85		0.96		1.09		7.92		0.90		4%		0%		0.14		0.9		-6%		1.0

				2		All quit smoking		6.8		4.7		8.91		0.8		0.7		0.92		1.07		7.08		0.81		4%		1%		0.15		0.9		-8%		1.1

				3		Alcohol  acc. spec. dist		8.51		6.28		10.75		1.01		0.97		1.05		1.14		8.89		1.01		4%		0%		0.13		1.0		-2%		1.0

				41		BMI  -10% when >22		8.09		4.92		11.27		0.96		0.74		1.24		1.62		8.42		0.96		4%		0%		0.19		1.4		40%		1.5		BMI

				42		BMI =22 when >22		7.78		4.08		11.47		0.92		0.65		1.3		1.88		8.24		0.94		6%		2%		0.23		1.6		62%		1.7		BMI

				5		LDL = Chinese dist		5.84		3.45		8.22		0.69		0.54		0.88		1.22		6.08		0.69		4%		1%		0.20		1.1		5%		1.5

				6		Combin. 1, 3, and 4a		7.34		4.51		10.17		0.87		0.67		1.12		1.44		7.71		0.88		5%		1%		0.19		1.2		24%		1.4		BMI

				7		Combin. 2, 4b, and 5		4.27		1.58		6.96		0.5		0.32		0.8		1.37		4.59		0.52		7%		5%		0.30		1.2		18%		2.3		BMI

		Observed CHD risk=         8.48 %

		Female, n=2240		0		No intervention		2.82		2.14		3.5		1		1		1		0.35		2.86		1.00		1%		0%		0.12		1.0		0%		1.0

				1		50% quit smoking		2.63		1.93		3.32		0.93		0.85		1.03		0.35		2.66		0.93		1%		0%		0.13		1.0		0%		1.1

				2		All quit smoking		2.43		1.64		3.23		0.86		0.7		1.06		0.41		2.46		0.86		1%		0%		0.17		1.2		17%		1.4

				3		Alcohol  acc. spec. dist		2.86		2.1		3.62		1.01		0.93		1.11		0.39		2.95		1.03		3%		2%		0.13		1.1		11%		1.1

				41		BMI  -10% when >22		3.11		2.02		4.19		1.1		0.88		1.38		0.55		3.14		1.10		1%		-0%		0.18		1.6		57%		1.4		BMI

				42		BMI =22 when >22		3.22		1.85		4.59		1.14		0.81		1.61		0.7		3.27		1.14		2%		0%		0.21		2.0		100%		1.7		BMI

				5		LDL = Chinese dist		1.45		0.65		2.25		0.51		0.33		0.81		0.41		1.56		0.55		8%		7%		0.26		1.2		17%		2.1

				6		Combin. 1, 3, and 4a		2.94		1.74		4.15		1.04		0.79		1.39		0.62		3.03		1.06		3%		2%		0.20		1.8		77%		1.7		BMI

				7		Combin. 2, 4b, and 5		1.49		0		3.03		0.53		0.23		1.23		0.79		1.7		0.59		14%		12%		0.46		2.3		126%		3.8		BMI

		Observed CHD risk=         2.79 %

								RR						RR								Excess SE Int. vs. No Int.

						Intervention		Male		LL 95%CI Male		UL 95%CI Male		Female		LL 95%CI Female		UL 95%CI Female				Male		Female

						No intervention		1		0		0		1		0		0				0%		0%

						50% quit smoking		0.9		0.05		0.06		0.93		0.08		0.1				-6%		0%

						All quit smoking		0.8		0.1		0.12		0.86		0.16		0.2				-8%		17%

						Alcohol  acc. spec. dist		1.01		0.04		0.04		1.01		0.08		0.1				-2%		11%

						BMI  -10% when >22		0.96		0.22		0.28		1.1		0.22		0.28				40%		57%

						BMI =22 when >22		0.92		0.27		0.38		1.14		0.33		0.47				62%		100%

						LDL = Chinese dist		0.69		0.15		0.19		0.51		0.18		0.3				5%		17%

						Combin. 1, 3, and 4a		0.87		0.2		0.25		1.04		0.25		0.35				24%		77%

						Combin. 2, 4b, and 5		0.5		0.18		0.3		0.53		0.3		0.7				18%		126%





Results 1vs2 RFs_new

		Results 1 and 2 risk factors

		Intervention		2 previous measurements of risk factor						Male 2RF LL		Male 2RF UL		1 previous measurement of risk factor						Male 1RF LL		Male 1RF UL

		0) No intervention		1										1

		1) 50% quit smoking		0.9		0.86		0.95		0.04		0.05		0.9		0.86		0.95		0.04		0.05

		2) All quit smoking		0.81		0.73		0.91		0.08		0.1		0.81		0.73		0.9		0.08		0.09

		3) Alcohol  acc. spec. dist		1		0.97		1.02		0.03		0.02		1		0.97		1.02		0.03		0.02

		4a) BMI  -10% when >22		0.96		0.75		1.23		0.21		0.27		0.92		0.78		1.08		0.14		0.16

		4b) BMI =22 when >22		0.92		0.65		1.31		0.27		0.39		0.88		0.68		1.12		0.2		0.24

		5) LDL = Chinese dist		0.74		0.62		0.88		0.12		0.14		0.75		0.64		0.88		0.11		0.13

		6) Combin. 1, 3, and 4a		0.86		0.66		1.11		0.2		0.25		0.82		0.69		0.98		0.13		0.16

		7) Combin. 2, 4b, and 5		0.55		0.35		0.84		0.2		0.29		0.53		0.37		0.74		0.16		0.21

		Intervention		2 previous measurements of risk factor						Female 2RF LL		Female 2RF UL		1 previous measurement of risk factor						Female 1RF LL		Female 1RF UL

		0) No intervention		1										1

		1) 50% quit smoking		0.93		0.85		1.01		0.08		0.08		0.92		0.85		1		0.07		0.08

		2) All quit smoking		0.86		0.71		1.04		0.15		0.18		0.83		0.7		1		0.13		0.17

		3) Alcohol  acc. spec. dist		1		0.95		1.05		0.05		0.05		1		0.96		1.03		0.04		0.03

		4a) BMI  -10% when >22		1.09		0.89		1.34		0.2		0.25		0.98		0.81		1.18		0.17		0.2

		4b) BMI =22 when >22		1.13		0.79		1.6		0.34		0.47		0.96		0.73		1.27		0.23		0.31

		5) LDL = Chinese dist		0.58		0.42		0.81		0.16		0.23		0.58		0.46		0.74		0.12		0.16

		6) Combin. 1, 3, and 4a		1.02		0.79		1.3		0.23		0.28		0.89		0.72		1.11		0.17		0.22

		7) Combin. 2, 4b, and 5		0.57		0.3		1.09		0.27		0.52		0.46		0.29		0.72		0.17		0.26





Dia MainResults_new

		0) No intervention		0) No intervention		NaN		NaN		NaN		NaN

		1) 50% quit smoking		1) 50% quit smoking		0.05		0.04		0.05		0.04

		2) All quit smoking		2) All quit smoking		0.1		0.08		0.09		0.08

		3) Alcohol  acc. spec. dist		3) Alcohol  acc. spec. dist		0.02		0.03		0.02		0.03

		4a) BMI  -10% when >22		4a) BMI  -10% when >22		0.27		0.21		0.16		0.14

		4b) BMI =22 when >22		4b) BMI =22 when >22		0.39		0.27		0.24		0.2

		5) LDL = Chinese dist		5) LDL = Chinese dist		0.14		0.12		0.13		0.11

		6) Combin. 1, 3, and 4a		6) Combin. 1, 3, and 4a		0.25		0.2		0.16		0.13

		7) Combin. 2, 4b, and 5		7) Combin. 2, 4b, and 5		0.29		0.2		0.21		0.16



Men

Women

Risk Ratio

1

1

0.9

0.93

0.81

0.86

1

1

0.96

1.09

0.92

1.13

0.74

0.58

0.86

1.02

0.55

0.57



Dia MaleComp

		0) No intervention		0) No intervention		NaN		NaN		NaN		NaN

		1) 50% quit smoking		1) 50% quit smoking		0.05		0.04		0.05		0.04

		2) All quit smoking		2) All quit smoking		0.1		0.08		0.09		0.08

		3) Alcohol  acc. spec. dist		3) Alcohol  acc. spec. dist		0.02		0.03		0.02		0.03

		4a) BMI  -10% when >22		4a) BMI  -10% when >22		0.27		0.21		0.16		0.14

		4b) BMI =22 when >22		4b) BMI =22 when >22		0.39		0.27		0.24		0.2

		5) LDL = Chinese dist		5) LDL = Chinese dist		0.14		0.12		0.13		0.11

		6) Combin. 1, 3, and 4a		6) Combin. 1, 3, and 4a		0.25		0.2		0.16		0.13

		7) Combin. 2, 4b, and 5		7) Combin. 2, 4b, and 5		0.29		0.2		0.21		0.16



2 previous measurements of risk factor

1 previous measurement of risk factor

Risk Ratio

1

1

0.9

0.9

0.81

0.81

1

1

0.96

0.92

0.92

0.88

0.74

0.75

0.86

0.82

0.55

0.53



Dia FemaleComp

		0) No intervention		0) No intervention		NaN		NaN		NaN		NaN

		1) 50% quit smoking		1) 50% quit smoking		0.08		0.08		0.08		0.07

		2) All quit smoking		2) All quit smoking		0.18		0.15		0.17		0.13

		3) Alcohol  acc. spec. dist		3) Alcohol  acc. spec. dist		0.05		0.05		0.03		0.04

		4a) BMI  -10% when >22		4a) BMI  -10% when >22		0.25		0.2		0.2		0.17

		4b) BMI =22 when >22		4b) BMI =22 when >22		0.47		0.34		0.31		0.23

		5) LDL = Chinese dist		5) LDL = Chinese dist		0.23		0.16		0.16		0.12

		6) Combin. 1, 3, and 4a		6) Combin. 1, 3, and 4a		0.28		0.23		0.22		0.17

		7) Combin. 2, 4b, and 5		7) Combin. 2, 4b, and 5		0.52		0.27		0.26		0.17



2 previous measurements of risk factor

1 previous measurement of risk factor

Risk Ratio

1

1

0.93

0.92

0.86

0.83

1

1

1.09

0.98

1.13

0.96

0.58

0.58

1.02

0.89

0.57

0.46



Dia Male 1vs2 RFs_new

		0) No intervention		0) No intervention

		1) 50% quit smoking		1) 50% quit smoking

		2) All quit smoking		2) All quit smoking

		3) Alcohol  acc. spec. dist		3) Alcohol  acc. spec. dist

		4a) BMI  -10% when >22		4a) BMI  -10% when >22

		4b) BMI =22 when >22		4b) BMI =22 when >22

		5) LDL = Chinese dist		5) LDL = Chinese dist

		6) Combin. 1, 3, and 4a		6) Combin. 1, 3, and 4a

		7) Combin. 2, 4b, and 5		7) Combin. 2, 4b, and 5



2 previous measurements of risk factor

1 previous measurement of risk factor

1

1

0.9

0.9

0.81

0.81

1

1

0.96

0.92

0.92

0.88

0.74

0.75

0.86

0.82

0.55

0.53



Dia Female 1vs2 RFs_new

		0) No intervention		0) No intervention

		1) 50% quit smoking		1) 50% quit smoking

		2) All quit smoking		2) All quit smoking

		3) Alcohol  acc. spec. dist		3) Alcohol  acc. spec. dist

		4a) BMI  -10% when >22		4a) BMI  -10% when >22

		4b) BMI =22 when >22		4b) BMI =22 when >22

		5) LDL = Chinese dist		5) LDL = Chinese dist

		6) Combin. 1, 3, and 4a		6) Combin. 1, 3, and 4a

		7) Combin. 2, 4b, and 5		7) Combin. 2, 4b, and 5



2 previous measurements of risk factor

1 previous measurement of risk factor

1

1

0.93

0.92

0.86

0.83

1

1

1.09

0.98

1.13

0.96

0.58

0.58

1.02

0.89

0.57

0.46



Dia RRs

		No intervention		No intervention		0		0		0		0

		50% quit smoking		50% quit smoking		0.06		0.05		0.1		0.08

		All quit smoking		All quit smoking		0.12		0.1		0.2		0.16

		Alcohol  acc. spec. dist		Alcohol  acc. spec. dist		0.04		0.04		0.1		0.08

		BMI  -10% when >22		BMI  -10% when >22		0.28		0.22		0.28		0.22

		BMI =22 when >22		BMI =22 when >22		0.38		0.27		0.47		0.33

		LDL = Chinese dist		LDL = Chinese dist		0.19		0.15		0.3		0.18

		Combin. 1, 3, and 4a		Combin. 1, 3, and 4a		0.25		0.2		0.35		0.25

		Combin. 2, 4b, and 5		Combin. 2, 4b, and 5		0.3		0.18		0.7		0.3



Male

Female

Relative Risk

1

1

0.9

0.93

0.8

0.86

1.01

1.01

0.96

1.1

0.92

1.14

0.69

0.51

0.87

1.04

0.5

0.53



Dia result table

		No intervention		No intervention

		50% quit smoking		50% quit smoking

		All quit smoking		All quit smoking

		Alcohol  acc. spec. dist		Alcohol  acc. spec. dist

		BMI  -10% when >22		BMI  -10% when >22

		BMI =22 when >22		BMI =22 when >22

		LDL = Chinese dist		LDL = Chinese dist

		Combin. 1, 3, and 4a		Combin. 1, 3, and 4a

		Combin. 2, 4b, and 5		Combin. 2, 4b, and 5



&A

Page &P

Risk (%)

BS av. risk (%)

Absolute Risk (%)

Risk and Bootstrap Average Risk for Interventions - Men

8.46

8.76

7.63

7.92

6.8

7.08

8.51

8.89

8.09

8.42

7.78

8.24

5.84

6.08

7.34

7.71

4.27

4.59



Dia uncertainty

		No intervention		No intervention		No intervention		No intervention

		50% quit smoking		50% quit smoking		50% quit smoking		50% quit smoking

		All quit smoking		All quit smoking		All quit smoking		All quit smoking

		Alcohol  acc. spec. dist		Alcohol  acc. spec. dist		Alcohol  acc. spec. dist		Alcohol  acc. spec. dist

		BMI  -10% when >22		BMI  -10% when >22		BMI  -10% when >22		BMI  -10% when >22

		BMI =22 when >22		BMI =22 when >22		BMI =22 when >22		BMI =22 when >22

		LDL = Chinese dist		LDL = Chinese dist		LDL = Chinese dist		LDL = Chinese dist

		Combin. 1, 3, and 4a		Combin. 1, 3, and 4a		Combin. 1, 3, and 4a		Combin. 1, 3, and 4a

		Combin. 2, 4b, and 5		Combin. 2, 4b, and 5		Combin. 2, 4b, and 5		Combin. 2, 4b, and 5



&A

Page &P

BS SE Risk (%)

Rel. SE (SE BS Risk/Abs. BS Risk)

Abs. SE Int./Abs. SE No Int.

Rel. SE Int./Rel. SE No Int.

Relative Uncertainty

Absolute SE (in % Risk)

"Relative Uncertainty"

1.16

0.1324200913

1

1

1.09

0.1376262626

0.9396551724

1.0393155695

1.07

0.1511299435

0.9224137931

1.1412916423

1.14

0.1282339708

0.9827586207

0.9683875722

1.62

0.1923990499

1.3965517241

1.4529445491

1.88

0.2281553398

1.6206896552

1.7229661868

1.22

0.2006578947

1.0517241379

1.5153130672

1.44

0.186770428

1.2413793103

1.4104387495

1.37

0.2984749455

1.1810344828

2.2540004508



Dia rel BS SE

		No intervention		No intervention

		50% quit smoking		50% quit smoking

		All quit smoking		All quit smoking

		Alcohol  acc. spec. dist		Alcohol  acc. spec. dist

		BMI  -10% when >22		BMI  -10% when >22

		BMI =22 when >22		BMI =22 when >22

		LDL = Chinese dist		LDL = Chinese dist

		Combin. 1, 3, and 4a		Combin. 1, 3, and 4a

		Combin. 2, 4b, and 5		Combin. 2, 4b, and 5



Male

Female

% Excess SE (Int. vs no Int.)

"Excess" Bootstrap Standard Error (Int. vs. No Int.)

0

0

-0.0603448276

0

-0.0775862069

0.1714285714

-0.0172413793

0.1142857143

0.3965517241

0.5714285714

0.6206896552

1

0.0517241379

0.1714285714

0.2413793103

0.7714285714

0.1810344828

1.2571428571



Model Misspec

		Model Misspecification

		Hypothetical Individual

		ID

		Reference BMI		22.0														3.2188758249

		OR(n-1) =		0.12

		OR(n-2) =		11

		Single OR =		1.32

		Incr. BMI (no int.)=		0.2

		Exam		No Int.		Int. 4a		Int. 4b		Joint OR No Int.		Joint OR Int. 4a		Joint OR Int. 4b

		Exam 1		25		25		25

		Exam 2		25.2		25.2		25.2

		Exam 3		25.4		22.86		22		1.6		347		2150

		Exam 4		25.6

		Exam 5		25.8

		Exam		No Int.		Int. 4a		Int. 4b		Joint OR No Int.		Joint OR Int. 4a		Joint OR Int. 4b

		Exam 1		25		25		25

		Exam 2		25.2		25.2		25.2

		Exam 3		25.4		22.86		22		2.6		1.3		1.0

		Exam 4		25.6

		Exam 5		25.8





Dia BMI History

		Exam 1		Exam 1		Exam 1

		Exam 2		Exam 2		Exam 2

		Exam 3		Exam 3		Exam 3

		Exam 4		Exam 4		Exam 4

		Exam 5		Exam 5		Exam 5



No Int.

Int. 4a

Int. 4b

BMI

25

25

25

25.2

25.2

25.2

25.4

22.86

22

25.6

25.8



Dia BMI History (2)

		Exam 1		Exam 1		Exam 1

		Exam 2		Exam 2		Exam 2

		Exam 3		Exam 3		Exam 3

		Exam 4		Exam 4		Exam 4

		Exam 5		Exam 5		Exam 5



No Int.

Int. 4a

Int. 4b

BMI

25

25

25

25.2

25.2

25.2

25.4

22.86

22

25.6

25.8



Model Misspec log

		Model Misspecification

		Hypothetical Individual

		ID

		Reference BMI		22.0

		OR(n-1) =		0.12

		OR(n-2) =		11

		Single OR =		1.32

		Incr. logBMI (no int.)=		0.02

		Intervention sets to BMI=		22

				lnBNP		BNP		lnBNP		lnBNP

		Exam		No Intervention		No Intervention		Intervention 4a		Intervention 4b		Joint OR No Int.		Joint OR Int. 4a		Joint OR Int. 4b

		Exam 1 
(j-2)		3.23		25.3		3.23		3.23

		Exam 2 
(j-1)		3.25		25.8		3.25		3.25

		Exam 3
(j)		3.27		26.3		3.16		3.09		0.0		0.01		0.01

		Exam 4
(j+1)		3.29		26.8

		Exam 5		3.31		27.3851254719

		Exam		No Intervention		No Intervention		Intervention 4a		Intervention 4b		Joint OR No Int.		Joint OR Int. 4a		Joint OR Int. 4b

		Exam 1 
(j-2)		3.23				3.23		3.23

		Exam 2 
(j-1)		3.25				3.25		3.25

		Exam 3
(j)		3.27				2.943		3.09		0.0		0.005		0.005

		Exam 4
(j+1)		3.29

		Exam 5		3.31





Dia BMI History log

		Exam 1 
(j-2)		Exam 1 
(j-2)		Exam 1 
(j-2)

		Exam 2 
(j-1)		Exam 2 
(j-1)		Exam 2 
(j-1)

		Exam 3
(j)		Exam 3
(j)		Exam 3
(j)

		Exam 4
(j+1)		Exam 4
(j+1)		Exam 4
(j+1)



No Intervention

Intervention 4a

Intervention 4b

ln(BMI)

3.23

3.23

3.25

3.25

3.27

3.0910424534

3.29



Dia BMI History log (2)

		Exam 1 
(j-2)		Exam 1 
(j-2)		Exam 1 
(j-2)

		Exam 2 
(j-1)		Exam 2 
(j-1)		Exam 2 
(j-1)

		Exam 3
(j)		Exam 3
(j)		Exam 3
(j)

		Exam 4
(j+1)		Exam 4
(j+1)		Exam 4
(j+1)



No Intervention

Intervention 4a

Intervention 4b

ln(BMI)

3.23

3.23

3.25

3.25

3.27

3.0910424534

3.29



Tabelle3
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Case Example MSM with IPW: HIV Treatment

Hernan MA. Brumback B. Robins JM.

Marginal structural models to estimate the causal effect of
zidovudine on the survival of HIV-positive men.

Epidemiology. 11(5):561-70, 2000
« Data from Multicenter AIDS Cohort Study (MACS)

« Causal effect of antiviral drug (dose) on mortality
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Case Example MSM with IPTW: HIV Treatment

No DAG! Severit

Confounder- /
treatment C D4
feedback loop / \

Dose > Death

103 120 1688
UMITrroL o 47



Case Example MSM with IPTW: HIV Treatment

Analysis (high vs. low dose drug) RR  Sign.

Not adjusted for CD4 3.6 p<0.05
Adjusted for CD4 2.3 p<0.05
Marginal structural model 0.7 p<0.05

(adjusting for time-dependent CD4)

Data from Hernan MA, Brumback B, Robins JM. Epidemiology 2000

Iﬁitﬂgiii}&‘l 48
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		Analysis (high vs. low dose drug)

		RR

		Sign.



		Not adjusted for CD4

		3.6

		p<0.05



		Adjusted for CD4

		2.3

		p<0.05



		Marginal structural model
(adjusting for time-dependent CD4)

		0.7

		p<0.05






Case Examples

 Parametric g-Formula

— First application of parametric g-formula: assessment of cardiologic risk
factors (see appendix)

* Marginal structural model (MSM) with inverse-probability-of-
treatment weighting (IPTW)
— Pivotal re-analysis of HIV treatment with MACS registry data (see
appendix)
« TTE using the clone-censor-weight (CCW) approach with
inverse-probability-of-censoring weighting (IPCW)
— 2" |ine treatment in oncology
— Should we benchmark RWE against RCTs?
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Case Example Clone-Censor-Weight: Oncology
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Reference Case RCT

Early versus delayed treatment of relapsed ovarian cancer
(MRCOVO5/EORTC55955): a randomised trial

Gordon ) S Rustin, Maria E L van der Burg, Clare L Griffin, David Guthrie, Alan Lamont, Gordon CJayson, Gunnar Kristensen, César Mediola,
Corneel Coens, Wendi Qian, Mahesh K B Parmar, Ann Marie Swart, for the MRC OVO5 and EORTC 55955 investigators™

Summary

Background Serum CA125 concentration often rises several months before clinical or symptomatic relapse in women
with ovarian cancer. In the MRC OV05/EORTC 55955 collaborative trial, we aimed to establish the benefits of early
treatment on the basis of increased CA125 concentrations compared with delayed treatment on the basis of
clinical recurrence.

Methods Women with ovarian cancer in complete remission after first-line platinum-based chemotherapy and a
normal CA125 concentration were registered for this randomised controlled trial. Clinical examination and CA125
measurement were done every 3 months. Patients and investigators were masked to CA125 results, which were
monitored by coordinating centres. If CA125 concentration exceeded twice the upper limit of normal, patients were
randomly assigned (1:1) by minimisation to early or delayed chemotherapy. Patients and clinical sites were informed of
allocation to early treatment, and treatment was started as soon as possible within 28 days of the increased CA125
measurement. Patients assigned to delayed treatment continued masked CA125 measurements, with treatment
commencing at clinical or symptomatic relapse. All patients were treated according to standard local practice. The
primary outcome was overall survival. Analysis was by intention to treat. This study is registered, ISRCTN87786644.

Findings 1442 patients were registered for the trial, of whom 529 were randomly assigned to treatment groups and were
included in our analysis (265 early, 264 delayed). With a median follow-up of 56-9 months (IQR 37-4-81-8) from
randomisation and 370 deaths (186 early, 184 delayed), there was no evidence of a difference in overall survival between
early and delayed treatment (HR 0-98,95% CI 0 80-1- 20, p=0- 85). Median survival from randomisation was 25-7 months
(95% CI 23-0-27-9) for patients on early treatment and 27-1 months (22-8-30-9) for those on delayed treatment.

Interpretation Our findings showed no evidence of a survival benefit with early treatment of relapse on the basis of a

raised CA125 concentration alone, and therefore the value of routine measurement of CA125 in the follow-up of
patients with ovarian cancer who attain a complete response after first-line treatment is not proven.

Rustin et al.; Lancet 2010

Hazard ratio Log-rank
(95% CI) p value

Unadjusted
Adjusted
For stratification factors®

0.98 (0-80-120) 085

099 (0-80-122) -
For prognostic factorst 0-98 (079-121) -

For stratification and prognostic factors  [1-01 (0-82-1-25) -

Sensitivity analysest 101(0-82-123) 0486

* Age, International Federation of Gynecology and Obstetrics stage. first-line
chemotherapy, time from completion of first-line chematherapy to dowbling of
CA125 concentration, and country. THistology, WHO performance status, and
time from doubling of CA125 concentration to randomisation. 25ensitivity
analyses of non-curtailed data (all follow-up data received, not curtailed at 5 years
for MRC OV05 and 3 years for EORTC 55955).

Table 3: Hazard ratios for overall survival
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Bias Assessment

Analytic Strategies

Reference Case

1. “Crude Cox”

|Without interaction of time and LOT2 /=

2. “Adjusted . Cox” Immortal Time Bias
I

_Without interaction of time and LOT2

Cox

Treated vs. Untreated Person Time
3. "Crude time-var. Cox”
4. "Adjusted time-var. Cox”

Target Trial Approach
5. "Target trial PP"
6. "Target trial causal PP" (IPCW)

Trial Emulation
7. "Partially emulated trial" (only strategi
8. “Fully emulated trial” (strategies, popt

Immediate vs. Never

es)
1lation)

Immediate vs. Delayed

regressions

4 /Full TTE with g-methods

0

Kuehne F et al., J Clin Epidemiol, 2022
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Summary

Combining visual, structural and statistical techniques helps avoiding biases in causal
inference from observational studies

Causal graphs are helpful tools in causal inference

Traditional methods (multivariate regression, propensity score etc.) can control for time-
independent (baseline) confounding

g-methods/TMLE must be used to control for time-varying confounding

The target trial approach should be applied to any observational study to avoid self-
inflicted biases

Machine learning can be helpful to specify causal functional forms

Causal approaches must be integrated in decision-analytic modeling
Benchmarking is important to gain trust in RWE

HTA increases the use of RWE, target trial emulation and causal inference
Al plays an increasing role in causal modeling

Join us in disseminating causal inference tools in research, education and policy advice
_— 53




*Role of Al in Causal Modeling

Causal Causal
Causal
Research Diaarams Causal Model Inference
Question 9 Methods & Al
Meaningful and well- Causal natural history Causal structure of events, Regression, Machine
defined interventions and intervention effects transitions etc. learning/Al, g-Methods,

Target Trial Emulation

Vision - Role of generative Al: Role of Al: Role of Al: Role of Al:
Asking questions that we Causal discovery = Use of LLM + user Machine learning in data
cannot ask, as we don’t algorithms to learn the interface to generate analysis to learn the form
understand (yet). DAG from the data (e.g., decision models for of the causal influence
PC algorithm) HEOR function, identification of

effect modification
54
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Further Causal Topics of Interest for NANA

DAG development
— Practical aspects in Delphi panels

Dynamic target trial protocol
— Adjustment of the TT protocol as available data are revealed

Transportability

— Recent overview: Adamson B et al. Pharmacoepidemiol Drug Saf. 2026 June,
hitps://onlinelibrary.wiley.com/doi/10.1002/pds.70396, HTAIi 2026 panel: “Helping or Hurting Health Technology
Assessments? When is Transportability An Appropriate Solution When Local Real-World Evidence is Limited?”

Causal Machine Learning and Causal Al
— Functional forms vs. variable selection, Al (still) only under human control

Indirect treatment comparisons (ITC) and meta-analysis
— Use of DAGs and TTE in ITC, e.g. population-adjusted indirect comparisons (PAIC)
with individual data , see presentation at HTAI

The data!
— Quality, completeness, access, linkage
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Want to Hear More about Causal Inference
Medical Decision Making?

DM “| |#ISPOR :

Improving healthcare decisions

Society for Medical Decision Making

Better Health through Better Decisions.

Login Donate ContactUs | Search Q
Causal Inference and Causal Diagrams in Big, Real-World
Causal Diagrams, Target Trial Emulation and Causal Inference for uhservational Data and Pragmatic Trials

Modeling and Medical Decision Making

28 June 2026, 1:30 PM - 4:55 PM | 13:30 — 16:55 (local time)
Faculty SPEAKERS
. Uwe'Siebfart, MD, MPH, M.SC’ ScD - Professor of Public'Healt.h, Medical Decision Making, UMIT TIROL Uwe Siebert, MPH, MSc, ScD, MD, UMIT TIROL - University for Health Sciences and Technology;
;:arllt\;]elgzlfii;ost ;iiig:ﬁs:fe:;::;emnoclr?fz'sAcuhsggfé?SﬂiTacct:;z{fsSS;ﬁfeipslf:}r:smlogy and Harvard Chan School of Public Health, Hall in Tirol, Austria; Douglas Faries, PhD, Consultant,
e Lara Hallsson, PhD — Researcher, UMIT TIROL — University for Health Sciences and Technology, Alma, AR, United States
Austria |
W |
https:/smdm.org/causal-diagrams-target-trial-emulation-and- https://www.ispor.org/heor-resources/presentations-
causal-inference-for-modeling-and-medical-decision-making/ database/session-cti/ispor-2026/causal-inference-and-causal-

diagrams-in-big-real-world-observational-data-and-pragmatic-trials-2/
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Continuing Education www.htads.org

This presentation contains
parts of the more
comprehensive UMIT TIROL
Continuing Education Program
www.htads.org

Including a 5-day course on
Causal Inference,
10 - 14 May 2027

www.htads.org

Video: https://www.youtube.com/watch?v=QHEXTI L9dw
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Department-Team

News & Highlights

Institute of Public Health, Medical
Decision Making and HTA

Institute for Management and
Economics in Healthcare

Division for Quantitative Methods in
Public Health and Health Services
Research

Division for Management in Health and
Sport Tourism

Research Unit for Quality and Ethics in
Health Care

Research Unit for Quality and Efficiency
in Medicine

Research Unit for Epidemiology
Center for Statistical Consulting and
Continuing Education

{JADS Continuing Education ®
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HTADS Continuing Education Program

Subscribe to our Newsletter

To Subscribe to our HTADS Newsletter please send an email with subject
"HTADS Newsletter” to htads@umit-tirol.at

Flyer HTADS - Gourses Overview

What is the Continuing Education Program on Health Technology
Assessment & Decision Science (HTADS)?

Health Technology Assessment (HTA) has been defined by the International
Network of Agencies for HTA (INAHTA) as "a multidisciplinary field of policy
analysis, studying the medical, economic, social, and ethical implications of
development, diffusion and use of health technologies (e.g., drugs, devices,
surgical procedures, prevention techniques)”.

In conducting HTA, the discipline of decision sciences has become increas-
ingly relevant.

I

HTADS Program Director
Univ.-Prof. Uwe Siebert, M.P.H.
postgrad. (LMU Munich), MSc
(Harvard University), ScD
{(Harvard University)

Head of Institute
public-health@umit-tirol.at

t +43 50 8648 3930

f+43 50 8648 673930
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HTADS Continuing Education Program

— University Certified Courses
HTADS Continuing Education Program Certified Courses

Information: Web: www.htads.org, Email: htads@umit-tirol.at
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Causal Inference for Assessing Effectiveness in Real World Data and Clinical Trials
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Hands-On Workshop
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Modeling
Approaches
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A Practical Hands-on VWorkshop

Six Model Types - Four Software Options—
Ready to Take the Challenge?

HTADS Continuing
Education Program

Causal Inference for
Assessing Effectiveness
in Real World Data
and Clinical Trials:

A Practical Hands-on Workshop
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HTADS - Info
Letter

If you would like to receive
additional material, please send
an email to:

htads@umit-tirol.at
Subject: Subscribe HTADS
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HTADS — Continuing Education Program on Health
Technology Assessment & Decision Science

An online international university program
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