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Overview

@ What is open science and why do we need it?

© Synthetic data generation to make biomedical research publicly available
while protecting confidentiality

© Guidance on how to deal with research degrees of freedom in the
analysis of observational data
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What is open science?

“Umbrella term that reflects the idea that scientific knowledge of all kinds, where
appropriate, should be openly accessible, transparent, rigorous, reproducible, replicable,
accumulative and inclusive”

nature human behaviour
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aricle

Open Science
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Why do we need open science in clinical research?

@ M To keep health as a unifying force, we must put resources into
tackling health misinformation and disinformation

gt @

Replication crisis in psychology Preclinical research
Open Science Collaboration (2015) Freedman et al. (2015)

(n=53)




STRATOS and open science

Ideally, STRATOS publications Underline importance of open
should be open access access publications
STRATOS papers should be Guidance reproducibility for
reproducible (reproducibility level 1 audience

checks: RH, FS)

STRATOS papers should use Guidance data sharing while

open access data sets protecting confidentiality

Write study protocols Open science practices to improve
(e.g. simulation protocol) and ask neutrality simulation studies

for community feedback

Guidance dealing with uncertain
choices for level 1 audience

Chairs: Sabine Hoffmann and Daniela Dunkler (since July 2025)
Members: Anne-Laure Boulesteix, Roman Hornung, Michael Kammer, Kim

Luijken, Willi Sauerbrei, Fabian Scheipl, Pamela Shaw, ‘Ewout Steyerberg
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Synthetic data generation to make
biomedical research publicly available
while protecting confidentiality

Joint work with Sarah Friedrich-Welz, Julia Hépler, Jan Kapar and Marvin
Wright
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Data sharing

Motivation

@ Increasing awareness that data sharing:

e Improves transparency, credibility and reproducibility
o Increases reuse potential of scientific studies
o Makes evidence synthesis more efficient

= Journals and funders are increasingly incentivizing or even requiring
data sharing practices

= Many researchers lack skills and knowledge to make their data publicly
available while protecting confidentiality
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Data sharing
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Challenges when making research data publicly available

o How to share biomedical research data?

@ How to evaluate the shared data set in terms
of disclosure risk and utility?
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Approaches to limit statistical disclosure

Reduce information

Height Diagnosis | Prescription | Heart rate

> 2 meters

@ Dropping variables
o Categorizing continuous variables or aggregating categories
@ Censoring
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Approaches to limit statistical disclosure

Reduce information
Data perturbation

Generate synthetic data
o Methods:

e Parametric methods
o Deep learning:

o Autoencoders
o Generative Adversarial Networks

o Tree-based methods

e Synthpop (Nowok et al., 2016)
o Adversarial Random Forests (Watson et al., 2023)

e Bayesian networks

e Full or partial synthesis



Evaluating the quality of synthetic data

Disclosure risk

X No data

X Method 2

X Method 1

X Original data

X Method 3

Data utility

28.08.2025
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[llustration: Data utility
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[llustration: Disclosure risk
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Data sharing

Open questions

@ Does sampling already provide some confidentiality?
@ Challenges:

Logical constraints between variables

Missing data

Longitudinal data

High-dimensional data

13 /22
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Dealing with researcher degrees of freedom

Researcher degrees of freedom in observational studies

Target population

Variation in
treatment effect

X1 ... Xp
\ /
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Method
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Dealing with researcher degrees of freedom

Consequences of selective reporting

A Considering:
- Measurement uncertainty

- Variation in treatment effects
- Analytical variability -> Multiplicity of possible
results
x Strategy
B
Strategy
XA
Strategy
£ X
Strategy
X D
Strategy
¥ C
Original Replication Replication
study study 1 study 2
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Dealing with researcher degrees of freedom

Consequences of selective reporting

A Considering:

- Measurement uncertainty

- Variation in treatment effects
- Analytical variability

Strategy
X A

Strategy |
£ X

Strategy
X D

Strategy
X C
Original Replication Replication
study study 1 study 2



Dealing with researcher degrees of freedom

Dealing with researcher degrees of freedom

Integrate Increase Sensitivity - ntercomparison
_meg samplesize  Benchmarking analysis studies )
existing knowledge studies Computational Multimodel
| / robustness analysis S / ensembles
M°'.’e Specification .
precise curve Crowdsourcing
theories
/ \ Multimodel -~ | N Vibrar
) analysis Vibration
Standardize Improve Multiverse of effects
imental itions nent analysis
) Bayesian Multimodel
model inference
averaging N e
I Multiple \
Preregistration lines of evidence, Structural
/ Regression ~ equation modeling
\ calibration
Meta-
analysis Bayesian ~_~ ™~
\ hierarchical Super
modeling learner
Acknowledge ’ . Move to Simulation _/ \ e
constralnt_s on Rephc.atmn p <0.005 extrapolation Bayeslar’ deep Prc?b_ablllstlc )
generality studies learning sensitivity analysis

Hoffmann, S., F. Schénbrodt, R. Elsas, R. Wilson, U. Strasser, Boulesteix, A. L. (2021).
The multiplicity of analysis strategies jeopardizes replicability: lessons learned across
disciplines. Royal Society Open Science 8 201925
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observational studies (level 1/2 audience)

o Raise awareness of dangers of result-dependent selective reporting of
analysis strategies



Dealing with researcher degrees of freedom

Dealing with analytical choices in the analysis of
observational studies (level 1/2 audience)

o Raise awareness of dangers of result-dependent selective reporting of
analysis strategies
@ lllustrate solutions to deal with these analytical choices, tailored to
observational studies in biomedical research:
o Pre-registration
e Increasing statistical power
o Multiverse analyses, vibration of effects etc.
e Validation on independent test data
e Account for analytical variability through Bayesian hierarchical
approaches



Dealing with researcher degrees of freedom

Association between body composition and cardiovascular
disease

Literature review
papers published in
2024

Joint work with Heiko Becher, Anne-Laure Boulesteix, Daniela Dunkler,
Simon Lemster and Carsten Oliver Schmidt
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Dealing with researcher degrees of freedom

Association between body composition and cardiovascular

disease

Literature review
papers published in
2024

lllustrate solutions to
deal with analytical
choices on Study of
Health in Pomerania
(SHIP) data

Assess replicability on
other data sets,
including the German
National Cohort
(NAKO)

Joint work with Heiko Becher, Anne-Laure Boulesteix, Daniela Dunkler,
Simon Lemster and Carsten Oliver Schmidt
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Dealing with researcher degrees of freedom

Literature review: Exposure and outcome definitions

Body composition

+ Waist circumference

« Waist-to-hip ratio
« Percent body fat

+ Relative fat mass

« Visceral adiposity index

Body shape index

Arm fat-to-lean mass ratio

Leg fat-to-lean mass ratio

BMI

« Weight-adjusted-waist index

+ Body roundness index

« Chinese visceral adiposity index

+ MRI measurement of

abdominal subcutaneous
adipose tissue

.

.

.

.

Cardiovascular disease

Self-report of diagnosed cardiovascular
disease or events

Cardiovascular mortality (Death certificates)
Hospitalisation for cardiovascular disease

or events

Prescription of medication, surgery or other
procedures indicating cardiovascular disease
Physical examination: pathological

Q wave (ECG)

Any combination of stroke/heart attack,
coronary artery disease/angina/congestive
heart failure/other heart problem/acute
rheumatic fever/chronic rheumatic heart
disease/arterial fibrillation or flutter

28.08.2025 19 /22



Dealing with researcher degrees of freedom

Literature review: Eligibility and confounders

Table 5. Overview of the most frequently used adjustment variable

categories
Category n (%)
Table 6. Orerview of the mast frequently used variable groups for eligibility =
2 ' ¥ Age* 79 (92.9%)
criteria Age” 9 (92.9%
AR ? Smoking* 74 (87.1%)
‘ariable group ategory Sex*
Age demographic Alcohol consumption®
Cardiowscular disease (CVD) comorbidity Blood pressure*
oo RS Glucose metabolism®
Pregnancy reproductive health lflm-'l hmfl.*
Body muass index (BMI) y composition 9 (10.6%) I‘.nhu-‘““..,. g
ke Physical activity*
Dinbetes comorbidity 7 (8.2%) b ool ekl
Eatly desth + foll bidit 7 (8. Body mass index (BMI)* 30 (35.3%)
sarly desth/short follow-up comorbidity oty / peeth e
'! 7 g o i 4 Economic status* 28 (32.9%)
wdney disesse o b 6(7.1% -

ity thades i S (7.1%) Ethnicity

General cardiometabol comorbidity 6 (7.1%)

Kidney functi

disosse Civil status®

Wiaist circumference (WC) boxdy position ) Cardiovascular disease history™®
Residence in region /community study design related 5 (5.9%) Inflammatory markers*
Medicine history general treatment history 4(4.7%) Diet*

Residence/registration
Family history
Cancer history* 12 (14.1%)




Dealing with researcher degrees of freedom

Results of 16 X 2 x 6 x 2 x 3 x 470 = 541.440 analyses

-0g;o(p ~value)

Median Split

Z-Score

p=0.05 ‘

p = 0.05

p=0.05 %

X0

Keio pue auy
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Overview of other projects

e Guidance on reproducibility (Kim Luijken, Michael Kammer, Roman
Hornung, Boris Hejblum)

@ Improving the neutrality of simulation studies through open science
practices

@ Adding measurement error to generate synthetic data
@ Internal guidance for STRATOS projects



Thank you for your attention!
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