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What is synthetic data?

Synthetic data is artificial data that is generated from original data and a

model that is trained to reproduce the characteristics and structure of the
original data. This means that synthetic data and original data should deliver
very similar results when undergoing the same statistical analysis. The
degree to which synthetic data is an accurate proxy for the original data is a

measure of the utility of the method and the model.

Definition from the European Data Protection Supervisor

https://www.edps.europa.eu/press-publications/publications/techsonar/synthetic-data_en
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Why synthetic data?

Sharing data advances science — wouldn‘t that be nice!

» |[ncreases reproduciblility, transparency and trustworthiness of results
» | ets others create further insights on the (same) data (re-use)

= Combine datasources to improve generalizability

= Use for demonstration or validation purposes

» Easier to analyse than e.g. federated or centralized data

...but we can rarely do it! Synthetic data to the rescue!
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Data generation is key

Sharing an original dataset is difficult

75.47292 -3.181471  0.1914619

* [t may be enough to share a ,similar” dataset* 75.62670 3645042 | 0.1984420
. . L. . 7497358 -2.701850 0.1816263

* Tradeoff between fidelity, utility and privacy 1o 01954 227365 | 01927918
75.97795 -3.802442  0.1886332

* Measuring similarity can be done in many ways:
* by reproduction accuracy of a single intended application
= by domain angostic scores for dataset

Alaa AM, et al. How Faithful is your Synthetic Data? Sample-level Metrics for Evaluating and Auditing Generative Models, 2021 [arXiv:2102.08921 p.]
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Data generation is key

Sharing an original dataset is difficult
* |t may be enough to share a ,similar® dataset
* Tradeoff between accuracy and privacy

Synthetic data requires a generative model

75.47292

75.62670

74.97358

75.01954

75.97795

* May be based on changes of the data, or a statistical model l
»= Sharing the model as alternative to sharing a single dataset f

= May let others adapt synthetic data to their needs
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Use case: simulation studies
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. comparing a relatively new method with

competitors and demonstrating its use in
practice; it will consider a wide range of
applications.

. summarizing the evidence about a method,

also in comparison with competing
methods; uncovering previously unknown
behavior of the method in complex data
analyses; considering an extended range of
possible and actual applications.

... simulations with wide range of

scenarios and different outcome
types (ideally set up as neutral
comparison studies), realistic
comparative example data
analyses.

. areview of the existing evidence

about a method, simulations with
extended range of scenarios,
complex comparative example
data analyses.

... in which settings (among many)

a method can be safely used and
in which it outperforms
competing methods.

.. when a method is and when it is

not the preferred method; what
diagnostics are available and
which pitfalls may occur with its
application.
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Simulation studies are key for biostatistical research
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How to get data for simulation studies?

Real study data
» Rarely shared, usually an example

Clinical relevance of benchmark datasets per year

60
Benchmark datasets el
§40 == Dir(.actly
= Many“ available... 5 30 a8
. : E
= ...but little control over properties 2?2

Data generators
= Allow tweaking of properties...
= ...but difficult to create, often ad-hoc

Blagec K, et al. Benchmark datasets driving artificial intelligence development fail to capture the needs of medical professionals. J Biomed Inform. 2023;137:104274.
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Data generation in practice: we have all been there

.hg 01.10.2021 Dateiordner
Rproj.user Dateiordner Data generator 1
o coxphfDev Dateiordner
o Data Dateiordner
o Helper Dateiordner
0 scenarios Dateiordner
o testing Dateiordner
. .hgignore HGIGNORE-Datei
_ .Rhistory RHISTORY-Datei 18KB
4 ex_GebR R-Datei 13KB
4 e 0AK dataR R-Datei 2KB
Q.J ex_prostate.R R-Datei 6 KB
uJ ex_prostate_scaling.R R-Datei TKB
& ecvteR R-Datei 10KB
| ex_vte_1000sim.rds RDS-Datei
Q.J ex_vte_cancer.R R-Datei
Q.J ex_vte_cancer_data.R R-Datei
& ecvte_dataR R-Datei 3KB
# helper.R R-Datei 3KB
(n Q.J poster_computations.R. R-Datei 1KB
QJ g.' poster_graphics.R R-Datei 15 KB
E @) r_template.docx Microsoft Word-D... 16 KB
& README.txt TAT-Datei TKB
> Q.J README_Rechnerd.tet TXT-Datei TKB
- P | report_template.docx Microsoft Word-D... 18 KB
CU * shRinkageRproj R Project 1KB
E @] Simulation.docx Microsoft Word-D... 1135KB
Q.J simulation_graphics.R R-Datei 13 KB Data g e ne rato # 2
Q.J simulation_helper.R R-Datei S3KB
Q.J simulation_report.R. R-Datei 30KB —
Q.J simulation_run.R R-Datei 4KB
& talk_Goettingen.R R-Datei 11KB
B tmp.docx Microsoft Word-D... 17 KB
™~ tmp.R R-Datei
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Can we improve?

Yes, by sharing purposeful data generators

» Avoid ad-hoc mistakes by sharing code based on ,lessons learnt”
= Makes writing of simulation code easier

» Standardization increases familiarity

{r} b

Tibrary(simulation_Ilibrary)

design = simulation_design(...)
data = simulate_data(design)
resuts = analyse(data)]

@ MEDICAL UNIVERSITY Michael Kammer

OF VIENNA ; o .
Simulation packages in R



Can we improve?

Yes, by sharing purposeful data generators

» Avoid ad-hoc mistakes by sharing code based on ,lessons learnt”
= Makes writing of simulation code easier

» Standardization increases familiarity

But...
= Avoid oversimplification and monopolization
* Dissemination

» Creating and documenting reliable code takes a lot of time!
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A first step: what is out there?

Synthetic data is a hot topic

. Dataset
Alle Bilder Videos News Bicher Web Finanzen i Mehr Suchfilter W Gespeichert B 5. EDPS Weak Signals 2022-2023 Synthetic data O <.
= E = o e o ¢ = = : ’ -
‘@n Datavault | gmm=. Lim ® Simulation Startups = Nvidia @% Artificial intelligence - &= 2 Machine learning m &1 Deey > Eae= & B s 3wt IR U1
& .- ) p = =
8 ol i O Lo 8 IR demie @ T g S=tdi 0
O || @i B: oo
: - 1|
The difference between original and synthetic data CERERATRIG HALAAISEALE e ot R, ==
— [ T ——————— ‘ o
[ mMosTLY Al = - E - ! !' P r——————
4ua e s o .
-, [ cww A e = ==
I S o3 s o o]
+ Deltalogix ™ Mostly Al 3 NVIDIA Blog Turing |
Synthetic Data: what it is, how it is gener What is synthetic data? - MOSTLY Al What Is Synthetic Data? | NVIDIA Blogs Synthetic Data Generation: Definition, Ty = A B ——
: = ’ g d : ‘ 9 : : Organisations % BB o Top h-index Authors * B8O Top 10 Cited Publications * BB O
- B - ST, T S———— ~ ~
bodons = = Entries: Entries:
i ~
— . e emm_author__na. . § Value ¢ orderby_count Org title < Value & i (pm,,m X
i (£ # LiJ 7] 6 15 [Nat ADASYN: Adapthe 5... T 3606 [Stevens Institute of Tec. .
Liu J T ) 13 [PAI Boruta - A system for... T 469 [Unnersity of Warsaw
Generate Liu X v 7 16 [Cer Domain separation ne... T 1492 [GOOGLE ING, Imperial...
Original data Synthetic data = Synthetic Data Liu ¥, T ] 17 [TEt Diiving in the Matrix: .. T 410 [Uriversity of Michigan]
The synthetic data retains the structure of the original data butis nat the same Pedrycz W. v 18 22 Ma Beometic mean ors. T 545 [Nanyang Technologica
Gartnae y ! Wang J T ) 12 [Nat Label propagation thr... T 651 [Tsinghua Unisersity, IE...
a : S = & T b wang s. T ) 18 [Tial Medcal image synth... T 442 [Massachusetts Genera..
Data in government - GOV.UK blogs 3 NVIDIA Blog Radix Communications Gretel.ai i - Wang Y. T 8 23 [irw oD e T 3889 [Peking Uninersity] v
Synthetic data: Unlocking the power of data What Is Synthetic Data? | NVIDIA Blogs What is synthetic data? And why should How to Generate Synthetic Data: Tools 2 < > < >
= e (B &) = P proj L BE proj
™ 5 e B ommes o CETO DD T ag| [ —— e e e e
Original data i - Synthatic (o SYNTHETIC Entries
/ Mot hiogesm \ DATA vs B P Gt GG [y Sk CUPrUAGE B NSRT 1010 T s gz
\ & / (- REAL DATA. fitle < Value $ Project acronym ® -
EENG « Jis ) E A Comprehensie Fra.. T 8991728.75 PANDORA — — e e —— =
g i AEuropean Health 0. T T747905.00 DataToolsHearl e — e e
ST O Y Albased CCAM: Tus.. T 5999547.50 Aithena T
7 Tuing =3 Enemy-sficient Alre... T 5507269.00 Green. Dat. A s coon — oo o —
) s = Federate Learming an._. T §304750.00 FLUTE .
% Syntho.ai & ResearchGate @ Turing B QuestionPro Piaoyconga T, 5640205, 00 PHASE IV A o o s o =
What is synthetic data? | Syntho will help Synthetic data generation | Download Scientifi Synthetic Data Generation: Definition Synthetic Data vs Real Data: Benefits Scaling Up secure Pr T 5999723.95 SECURED P 1 P PP
Synthelic and scaabl T Ereoim) AISymSAED v Erwvon e Bt b s S S i inar i
< > | T - R

Metrics for

Google search ,Syntethic data“ on 8.1.2025 https://www.timanalytics.eu/TimTechPublic/dashboard/index.jsp#/space/s_18367ds=224919
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A first step: what is out there?

Scoping review of R packages to support data generation

* Focus on packages that support data generation for...
... Tabular data common in biostatistical research / simulations

...Multiple, correlated variables of different types

...No timeseries, counterfactuals, images, text, physical processes, ...

Declaration of Biases:

= |authored the simdata package.
= | am not an expert on many of the methods.
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Search strategy

O EJ https://cran.r-project.org/web/packages/available_packages_by_name.html

[ | SearCh paCkageS On CRAN Available CRAN Packages By Name
. ) ABCDEFGHIJKLMNOPQRSTUVWXYZ
Via static html page

A3 Accurate, Adaptable, and Accessible Error Metrics for Predictive Models
AalenJohansen Conditional Aalen-Johansen Estimation
Vi a p kg S e arC h AATtools Reliability and Scoring Routines for the Approach-Avoidance Task
ABACUS

Apps Based Activities for Communicating and Understanding Statistics

. abasequence Coding 'ABA' Patterns for Sequence Data
Manual finds

= Keywords:

simulat* (includes terms such as simulation, simulate, simulating...)
generat*

synth*
= Search date: 18.07.2023 with subsequent updates
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Search and screening results

Search
1193 found Screening stage 1 Screening stage 2
632 false positives 94 low priority
43 removed from 290 out of scope 12 mec_i priority
CRAN 44 model simulation 6 special
10 exclude
1150 screened [r— 136 for Stage 2 [r— 14 top priority

3 additions later on

MEDICAL UNIVERSITY Michael Kammer
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Selected packages (full list at https://osf.i0o/9gfns)

faux
SimDesign
simPop
simstudy
synthpop
fabricatr
simFrame
simpr
simulator
bigsimr
covsim
PoisBinOrdNonNor
SimCorrMix
SimJoint
SemiArtificial
Modgo

arf

simdata

MEDICAL UNIVERSITY
OF VIENNA

Type
Framework
Framework
Framework
Framework
Framework
Framework*
Framework*
Framework*
Framework*
Generator
Generator
Generator
Generator
Generator
Generator
Generator
Generator
Framework

Functionality

High
High
High
High
High
Med
High
High
High
High
High
High
High
High
Med
High
High
High

Maintenance

Documentation

High High
High High
High Med
High High
High High
High High
High High
High High
High High
ved [
Med Med
Med Med
S o
Med Med
Med Med
High High
High Med
High High

Michael Kammer
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Data generation methodologies

Power polynomials

= Specify non-normal continuous dataas X = a + bZ + cZ? + dZ3, Z~N(0,1)
(Fleishman 1978)

» Extended to multivariate data (Vale 1983)
» Extended to further moments (Headrick 2002)
Long standing in social science and psychometrics (Headrick 2010)

Implementations in PoisBinOrdNonNor, SimCorrMix, SimDesign

Fleishman Al. A method for simulating non-normal distributions. Psychometrika. 1978;43(4):521-32.

Headrick TC. Statistical Simulation - Power Method Polynomials and Other Transformations: Chapman & Hall; 2010.

Headrick TC. Fast fifth-order polynomial transforms for generating univariate and multivariate nonnormal distributions. Computational Statistics & Data Analysis. 2002;40(4):685-711.
Vale CD, Maurelli VA. Simulating multivariate nonnormal distributions. Psychometrika. 1983;48(3):465-71.
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Data generation methodologies

Copula based

= Joint multivariate distribution with
marginals Uniform|0,1]

-3 -2 A 0 1 2 3
-3 -2 A 0 1 2 3

= Many applications in diverse fields

* NORTA implemented in covsim, faux,
bigsimr, simdata, modgo (also similar)

-3 -2 -~ 0 1 2 3
-3 -2 0 1 2 3

= Other approaches in covsim, simstudy

T T T T T T T T T T T T T T T T T T T T
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3

Stensin (2022)

Stensin A, Bloznelis D. Copulas and Portfolios in the Electric Vehicle Sector. Journal of Risk and Financial Management. 2022;15(3).
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Data generation methodologies

Normal to anything (NORTA, Cario 1997)
= Given distribution functions F;(s) = P(X; < s) and correlation matrix Xy:
Generate multivariate standard normal vectors Z with correlation X,

Simulate X' via X{ = F7'(®(Z;)), where @ is the distribution function
of the standard normal distribution

* To achieve desired final correlation matrix, £, must be chosen appropriately
Solve univariable optimisation problem for each pair of variables
Ensure result is a positive-definite correlation matrix

* modgo uses a polychoric correlation for binary / categorical data

Cario MC, Nelson BL. Modeling and generating random vectors with arbitrary marginal distributions and correlation matrix. Evanston, Illinois: Northwestern University, Sciences DolEaM; 1997.
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Data generation methodologies

Model based (conditional specification)
= Approximate joint distribution by sequence of conditional distributions (models)

Start by synthetizing x; from x; (i.e. sample with replacement)
Fit model for x, using observed x; and sample from fitted model to obtain x,

Continue for all variables

= Could include X, only used for synthesis
» Used in synthpop (Nowok 2016), with default synthetizer model CART

Nowok B, Raab GM, Dibben C. synthpop: Bespoke Creation of Synthetic Data in R. Journal of Statistical Software. 2016;74(11).

@ MEDICAL UNIVERSITY Michael Kammer
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Data generation methodologies

Model based (Machine learning based)
» Data generation based on RBF networks and random forests
» Used in SemiArtificial, arf

Other approaches not covered in scoping review and not in R?
» Adverserial networks
= Autoencoders

@ MEDICAL UNIVERSITY Michael Kammer
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Data generation methodologies

Power polynomials NORTA Model based
Marginals First 4 moments Full marginals Not directly
Correlation Yes Yes Not directly
Relations Linear Linear Non-linear
Categories Categorization Quantiles Modeling

Input Moments + Correlations  Quantiles + Correlations Full dataset

Setup One-time One-time Repeated / One-time

OF VIENNA
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Artificial data comparison: setup

Here: low-dimensional ,,realistic* data

= 5variables: N(0,1),N(1,5),LogN(0,1), Bern(0.5), Bern(0.25),
» Target pairwise Pearson correlation: 0.2

= 100,000 observations

Notes

= Synthpop, SemiArtificial, modgo, arf require the input of an original dataset
and are not included for now

» For all packages code was quite simple to write

@ MEDICAL UNIVERSITY Michael Kammer
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Artificial data comparison: marginals

X1 X2 X3_log b b2
simstudy (O) - /UJ\F A 1LU/\r
simdata (N) - —,*r 1f .*‘ = 1
SimCorrMix (PP) - 1/J_\ﬁ j/l\r Iﬂutl
PoisBinOrdNonNor (PP) - j/l\r j/l\r I#er
vigsimr (N){ —<Ag— | | —<r — -

PP: Power polynomials, N: NORTA, MB: model based, O: other

@ MEDICAL UNIVERSITY Michael Kammer
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Artificial data comparison: correlations

bigsimr (N) faux (N) PoisBinOrdNonNor (PP)
leference to target b2 0 0 0 0 0 b2 -0.01 0.04 -0.01-0.05 0 b2 0 -0.01 0 0
(aChieved _ 02) b1{0 |0 001 0| 0 b1 0 002 0 o0 005 bl 0 o0 0 0

X3 -0.01-0.01 0 -0.01 O X3 10.01| 0 0 0 -0.01 X3 -0.02-0.02 0 ..

X2 0 0 -0.01 O 0 X2 0 0 0 0.02 0.04 X2 002 0 -0.02 0 -0.01

X1 0 0 -0.01 O 0 X1 0 0 001 0 -0.01 X1 0 0.02-0.02 O 0
PP L PP L PP
SimCorrMix (PP) simstudy (O) simdata (N)

b2 o0 0 001 O 0 b2 -0.05-0.05-0.08-0.08 0 b2 0 0 0 0 0
b1 0 0 -0.02 O 0 b1 -0.04-0.04-0.08 0 -0.08 b1 0 0 0 0 0

X3 0 0 0 -0.02 0.01 X3 -0.04-0.05 0 -0.08-0.08 x3 0 0 0 0 0

o
o

X2 0 0 0 X210 0 -0.05-0.04-005 x2 O 0 0 0 0
x1 0o (0| 0| 0| O X1 0 0 -0.04-0.04-0.05 X1 o|lo0o|0|0]| O
L P L P L P

OF VIENNA

@ MEDICAL UNIVERSITY Michael Kammer

Simulation packages in R



@

Artificial data comparison: runtime scaling

Simple data generation

= p' N(0,1) and p’ Bern(0.5) variables
» Target Pearson correlation: 0.2

*= 100,000 observations, 10 runs

Notes

= Mostly quadratic in p = 2p’
» PoisBinOrdNonNor, simstudy excluded

MEDICAL UNIVERSITY

Runtime (seconds)

256.0 1
128.0 1
64.0 -
32.0+
16.0 1
8.5+
4.0 1
2.0+
1.0 1
0.54

.71 -

8 16
Number of variables

Michael Kammer
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Real world data: NHANES

Demograhics dataset (via nhanesA package)
= 4709 observations BPdia -013 0 007 016 009 0.35 .

9254 initial BPsys -0.06 048 004 0.1 0.12 . 0.35

6230 complete
4709 age > 18 . el

BMI 0.05 0.01 -0.11

- 7 Varlables Of dl-ﬁ:erent typeS Weight -0.25 -0.05 -0.06 0.1 0.16
Gender binary Race 0  0.01 . -0.06 -0.11 0.04 0.07
Race categorical (5 categories) age | -0.02 . ot 005 oor N
Others continuous
Gender . -0.02 0 -0.25 0.05 -0.06 -0.13
= Generate 100,000 samples
: ! e - e & f & NI
= Also include SemiArtificial, synthpop, modgo, arf & YT @ T g K

@ MEDICAL UNIVERSITY Michael Kammer
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Real world data: coding notes

Specification of data generators quite different

bigsimr requires parametric description of marginals and correlations
simdata offers automated estimation of marginals, requires correlations
SimCorrMix requires estimation of moments and correlations

synthpop uses CART by default for each variable, only requires data
SemiArtifical only requires data, no parameters except number of trees
modgo only requires data and some simple parameters

arf only requires data and some random forest parameters

MEDICAL UNIVERSITY Michael Kammer
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Real world data: marginals

Age BMI BPdia BPsys Weight Gender || Race
synthpop (MB)1 FEET || “o—| |———| | “o—1| | “Tr—
simdata (N){ (R | | A || || e || A = :-—
simCorrMix (PP) 11| | F—1| | =< || ‘oI | “or—
SemiArtificial (MB){ Fp T | | “@r——| || | “—| | “o7—
resoo o] P || A | | | || A
bigsimr (N) 1 (PR | |~ | —r— | | |~
bR = e — | e —
Original - —|4rr— f— :=
r 5 %k hBAbE Bo o B E & ® B Bes o5 fioy o8 is

PP: Power polynomials, N: NORTA, MB: model based, O: other

@ MEDICAL UNIVERSITY Michael Kammer
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Real world data: correlations

bigsimr (N)

001/ 0 | 0 | O 0 0 0

Difference in correlation g,

BPSyS o|o0|(o|lo0|0|O0]|oO
BMI o o o o o o o
Weight o o o o o o o
Race o o o o o o o
Age ojo|o|o0o|0|O0]|0O

(achieved — observed)

Gender o o o o o o0 o001
L @ 2N @0
o oF S o
O T2 VR
synthpop (MB) simdata (N)
BPdia 0.03-001-0.01-0.010.01-0.01 0 BPdia o001 o o o0 -001001 0
BPsys 001 0 0 -001 0 0 -001 BPsys 0 001 0 0 0 0 001
BMI o o o o o o oot BM| o o 001 0 0 o0 -001
Weight 0 001 0 0 0 -0.01-0.01 Weight 0 0 -0 0 0 0 O
Race 001 0 o o o o0 -001 Race o o o 001001 0 o0
Age 0 0 0 -001 0 0 -0.01 Age 001 0 0 O 0 -001 0
Gender © o0 -001 0 0 0.010.03 Gender o0 001t 0 0o o0 0 001
L @2 QN ©.0 N\ 2>
SR TP AN IS qw‘ o\
® T2 YRR ?‘ o <b
of YW FR & e

MEDICAL UNIVERSITY
OF VIENNA

BPdia
BPsys
BMI
Weight
Race
Age
Gender

@6

BPdia
BPsys
BMI
Weight
Race

Age -

Gender

modgo (N)

0 004001 0 0.01004 0 BPdia
-0.04 003 0 003003 0 004 BPSyS
003 0 -0.02-002 0 0.03 001 BMI
-0.02-0.02-0.02 0 -0.020.03 0 Weight
0 0 0 002002 0 001 Race
001 0 0 -002 0 0.03-0.04 Age
0 001 0 -0.02-0.03-0.04 0 Gender
N
be«qu_ @o@;}@@g%& &

SemiArtificial (MB)

001 0 001 0 0 0 0 BPdia
0 0 -001 0 001 0 O BPsys
-0.01-001 0 -003 0 -0.01 0 BMI
0 0 0 0 0030 0 Weight
0 0 0 0 0 -001-001 Race
002 0 0 0 -001 0 0 Age
0 002 0 o0 -001 0 001 Gender
GQJ?“ OQ\Q Q\@*%Qb\(b

Q‘ Q, %) C?

Michael Kammer

SimCorrMix (PP)

0 0.08-008 0 0 0 0
0 .. 0 0 0 0
0 -0.120.12 0 0 0 0
0 -0.01001 O 0 0 0
-0.02 0 0 0.01 0.12.—0.08
0.02 0 0 -0.01 -0.12. 0.08
0 0.02-002 O 0 0 0
b@ ?\ Q) \QQ)Q\ (9*6 6\’0
Q1§@ Q><b
arf (MB)
0 0 -001 O 0 -005 0
0 -003 0 0 -001 0 -0.05
-0.03 0 0.01-009 0 -0.01 O
0.04 0.01-001 0 -009 O 0
0 0 0 -0.010.01 0 -0.01
0 0 0 001 0 -003 O
0 0 0 0.04 -003 O 0
be’vQ‘ \Q Q)@\ Q) b\rb
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N
Real world data: runtimes

Large differences in runtimes (seconds)!

Setup only Setup + Generation

bigsimr 0.006 0.113
simdata 0.679 0.895
SimCorrMix - 15.308
synthpop - 5.020
SemiArtificial 22.406 125.600
modgo - 0.553
arf 19.928 21.614

All results in seconds, medians of 10 runs, Windows 10, Intel i7-10700K@3.8Ghz
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Real world data: non-linearities

arf (MB) bigsimr (N)

125

Correlations imply form 100

75

Methods based on correlations 50

25 1

SemiAtrtificial (MB)

restrict form of relations 125 oo ()

100
754
50 A
25 A

125 4

SimCorrMix (PP) simdata (N)

BPdia

100

125
100 4
757 B e
50 - : |
25 1

20 40 60 80

50 : synthpop (MB)

125
100 -

MEDICAL UNIVERSITY Michael Kammer
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Real world data: distance correlations

Difference

achieved — observed

Distance correlation measures

also non-linear relations.

MEDICAL UNIVERSITY

OF VIENNA

BPdia
BPsys
BMI
Weight
Race
Age
Gender

C')

synthpop (MB)

-0.02-0.01-0.01 0 0.03 001 0

-0.02 0 0 -001 O 0 0.01

-0.01001 0 001 0O 0 0.03
0.02 0.03-0.01 0 001-001 O
0.02-001 0 -001 0 0 -0.01
-0.01 0 -0.010.03 0.01 0 -0.01
0 -0.010.02 0.02 -0.01-0.02-0.02
®

b@ Q 0@ 6\’0

Teie®

BPdia
BPsys
BMI
Weight
Race
Age
Gender

('9

bigsimr (N)
-0.02-0.15 0.02 0.01 0.01 -0.08 0
-0.07-0.02-0.01-0.03-0.01 0 -0.08
-0.01-0.050.01 0.01 0 -0.010.01
-002 0 -002 0 0.01-0.030.01
0.01-0.08 0 -0.020.01-0.010.02
-002 0 -008 0 -0.05-0.02-0.15
0 -0.02 0.01 -0.02-0.01-0.07-0.02

be’ ?‘ Q~$ @ gﬁq&{b

simdata (N)

BPdia -0.03-0.16-0.03 0.01-0.01-007 0
BPsys -0.04-0.03-0.02-0.04-0.03 0 -0.07
BM]| 002-0.05-001001 0 -0.03-0.01
Weight -0.04-0.03-0.06 0 0.01-0.04 0.01
Race 003-007 0 -0.06-0.01-0.02-0.03
Age 0 0 -007-003-0.05-0.03-0.16
Gender 0 0 0.03-0.040.02-0.04-0.03
&’Jv %8 @\ b\"’

o $

BPdia
BPsys
BMI
Weight
Race
Age
Gender

BPdia
BPsys
BMI
Weight
Race
Age
Gender

modgo (N)

0.01-016 0 001 001-0.05 0 BPdia
-0.02004 0 003 005 0 -0.05 BPsys
-0.05-0.02-0.03 0.01 0 0.05 0.01 BMI
0.03 -0.05-0.05 0 0.01 0.03 0.01 Weight
0 -009 0 -005-003 0 O Race
0.01 0 -0.09-0.05-0.020.04 -0.16 Age
0 001 0 0.03-0.05-0.020.01 Gender
b"’v X Q;Q;%@*QQ&Q}

W R o?
SemiArtificial (MB)
0.01-0.02-0.01 0.04 0.04-0.02 0 BPdia
-0.010.02 001 0 -0.02 0 -0.02 BPSyS
-0.010.03 0.02-002 0 -0.020.04 BMI
0.03 001002 0 -002 0 004 Weight
0.02-0.02 0 0.2 0.02 0.01-0.01 Race
-0.01 0 -0.020.01 0.03 0.02 -0.02 Age

0 -0.010.02 0.03-0.01-0.01 0.01 Gender
6®?‘ % \{\\@@9{%&@
S

Michael Kammer

)
7S &

SimCorrMix (PP)

-0.01-0.12-0.05-0.04-0.03 -0.1 0
-OAOS-.—O.OG -003 0 -0.1
0 003-0090.01 0 -0.03-0.03

-0.03 0 -003 0 0.01-0.06-0.04

0 -008 0 -003-0,09.-0.05
-0.02 0 -008 0 0.03.-0.12

0 -002 0 -0.03 0 -0.08-0.01

o"“ @\ 2 5
Ao @ Q

arf (MB)

-0.01-0.02 0 0 002-002 0
0 -004002 0 -002 0 -0.02
0.02 0.02 -0.01-0.08 0 -0.020.02
-0.030.03 0 0 -008 0 0
0.01-0.02 0 0 -001002 0
0 0 -0.020.03 0.02-0.04-0.02
0 0 0.01-0.03002 0 -0.01

b@qoe @\ b\(b

Tele®

Székely GJ, Rizzo ML, Bakirov NK. Measuring and testing dependence by correlation of distances. The Annals of Statistics. 2007;35(6):2769-94.
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Recreating regression analyses

Model 1: simple
= Outcome mean arterial pressure
MAP = BPdia + 1/3 (BPsys — BPdia)

= Covariates Age, Gender, BMI

= Addon: Covariate Race

@ MEDICAL UNIVERSITY Michael Kammer
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Recreating regression analyses

Model 1: simple Model 2: spline for age

= Outcome mean arterial pressure » Outcome diastolic blood pressure
MAP = BPdia + 1/3 (BPsys — BPdia)

= Covariates Age, Gender, BMI = Covariate Age (3-knot restricted

= Addon: Covariate Race cubic spline)

Both models re-created 100 times.

@ MEDICAL UNIVERSITY Michael Kammer
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Recreating regression analyses: Model 1

(Intercept)

Age

BMI

factor(Gender)2

synthpop (MB) 1
simdata (N) -

SemiAtrtificial (MB) A

modgo (N) 1
bigsimr (N) -
arf (MB) A
Original 1 } I
74 76
original bigsimr (N)
R2 0.11 0.11
(0.11, 0.11) (0.10, 0.11)

MEDICAL UNIVERSITY
OF VIENNA

0.10
(0.10, 0.11)

0.18

0.20

0.15

0.20

0.25
Coefficient estimate
simdata (N)
0.11 0.11
(0.11, 0.12) (0.10, 0.11)

Michael Kammer

(0.11, 0.11)

0.10
(0.09, 0.11)
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Std. Error

@

Recreating regression analyses: Model 1

(Intercept) BMI factor(Gender)2
0.00975 4 0.025
0.90 A 0.35 - >
i 0.00950 + 0.024 - e
0.87 034
L2
0.84 - 0.00925 - 0.023 : 2
' s 0.33 1
081 - T T T 000900- T T T 0022- LI T T T T T T T T
74 76 78 0.16 0.18 0.20 0.15 0.20 0.25 0.30 -4.0-3.5-3.0-2.5-2.0
Estimate
== Original bigsimr (N) SemiArtificial (MB) synthpop (MB)
package

MEDICAL UNIVERSITY

OF VIENNA

arf (MB)

modgo (N)

simdata (N)

Michael Kammer
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Recreating regression analyses: Model 1 addon

factor(Race)2 factor(Race)3 factor(Race)4 factor(Race)5

synthpop (MB) 1

simdata (N) -

SemiAtrtificial (MB) A

modgo (N) 1
bigsimr (N) -
arf (MB) -
Original | —f—— — — ——
2 4 6 1 2 3 & 0 R ; :
Coefficient estimate
original bigsimr (N) simdata (N)
R2 0.11 0.11 0.10 0.11 0.11 0.11 0.10
(0.11, 0.11) (0.10, 0.11) (0.10, 0.11) (0.11, 0.12) (0.10, 0.11) (0.11, 0.11) (0.09, 0.11)

OF VIENNA

@ MEDICAL UNIVERSITY Michael Kammer

Simulation packages in R



@

Recreating regression analyses: Model 1 addon

factor(Race)2 factor(Race)3
0.58
_ 0.75 - Ty %" 0.600 A
o .‘ ® ¢
o ‘ (1
= 0.72 - o >
Lu_ 0.54 L t‘ 1 0.575 -
o) -g®
5 0.69 + 0.52 - ‘:!
0.550 -
0.66 0.50 o
2 -1 0 1 2 2 0 2
Estimate
== Original bigsimr (N)
package
arf (MB) modgo (N)

Need to model dummy variables instead for some packages? Not easy...?

factor(Race)4

factor(Race)5

0.64

0.62 4

0.60 -

0.58 1

0.56 -

MEDICAL UNIVERSITY

OF VIENNA

SemiArtificial (MB)
* simdata (N)

synthpop (MB)

Michael Kammer
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Recreating regression analyses: Model 2

(Intercept) rms::rcs(Age, 4)Age rms::rcs(Age, 4)Age’ rms::rcs(Age, 4)Age"

synthpop (MB) -

simdata (N) - . * —%—

SemiArtificial (MB) -

modgo (N) 1
bigsimr (N) 1
arf (MB) -
Original - |—|—| |—I—| I—I—| |_|_|
50 60 70 00 02 04 06 08 -15 1.0 05 0.0 1 0 1 2
Coefficient estimate
original bigsimr (N) simdata (N)
R2 0.13 0.00 0.00 0.12 0.00 0.12 0.09
(0.13,0.13) (0.00, 0.00) (0.00, 0.00) (0.12, 0.13) (0.00, 0.00) (0.11, 0.12) (0.08, 0.09)

OF VIENNA
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Recreating regression analyses: Model 2

(Intercept)

1.6 1

1.4 1

Std. Error

50

For inference:

MEDICAL UNIVERSITY
OF VIENNA

60

rms::rcs(Age, 4)Age rms::rcs(Age, 4)Age'
0.050 - , 4
» 0.15 - L - 0.45
® Q
(3]
"‘ 0.045 - gl I*
0.12 - . 0.40 -+
0.040 -
0.09 1 0.38 4
0.035 - —
1 1 1 1 1 ] 0-06 1 1 || | 030
70 0.0 0.2 04 06 0.8 -1.5 -1.0 -05 0.0
Estimate
== Qriginal bigsimr (N) SemiAtrtificial (MB)
package _
arf (MB) modgo (N) <+ simdata (N)

rms::rcs(Age, 4)Age"

model based depends on model...

synthpop (MB)

Michael Kammer
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Conclusions (selected packages)

bigsimr simdata synthpop SemiArtificial modgo arf
. . Faithful Faithful Faithful Faithful
Goal Atrtificial data Artificial data _ _ _ _
re-creation re-creation re-creation? re-creation
Method NORTA NORTA Model based Model based Transformation Model based
Correlations, Correlations, _ _ _ _ Correlations, _ _
Control _ _ Relationships Relationships _ Relationships
marginals marginals marginals
_ , Simple, but Simple, but _ _ _ Simple, but
Ease of use Requires Julia _ _ Very simple Simple, but flexible _
flexible flexible flexible
: Data
Sharing Data generator Data generator  Data generator  Data generator  Datasets
generator
Storage Small Small Can be large Can be large - Can be large
Setup One-time One-time Each generation One-time Each generation One-time
Runtime Fast OK OK-Slow Slow OK Slow
Privacy OK ? (ECDF) OK ? (RF) ? (ECDF) ?

Michael Kammer
Simulation packages in R
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Conclusions (selected packages)

Your requirements:

» Really fast, don‘t care about going outside R: bigsimr

= Marginals + correlation, fast, no actual data, special functionality: modgo
= Marginals + correlation, fast, no actual data, share generator: simdata

= Faithful recreation, flexibility, have data, popular, privacy. synthpop

= Faithful recreation, have data, don‘t care about speed: SemiArtificial / arf

@ MEDICAL UNIVERSITY Michael Kammer
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Discussion

No single best data-generating mechanism

» Different packages address different aims
» Re-create existing analysis or fully generative model?
= Non-linear relations require model based approaches

= All promising packages offer good functionality
= But runtime, storage and sharing capabilities differ

Thank you to all package authors!

@ MEDICAL UNIVERSITY Michael Kammer
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Plans for simdata

We plan to create a collection of data generators
From real-world datasets, and for useful artificial data

Follow active development at https://github.com/matherealize/simdata

@ MEDICAL UNIVERSITY Michael Kammer

OF VIENNA ; o .
Simulation packages in R


https://github.com/matherealize/simdata

What else is out there?

Packages for

= Survival data (specific models, often parametric)
» Counterfactual data (causal inference)

» Genetics (many packages)

= Structural equation models

@ MEDICAL UNIVERSITY Michael Kammer
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