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This talk has two points:
1. CART is a good method to 

generate synthetic data 
tables

2. Using synthetic data in 
practice is super 
multidisciplinary (and 
interesting!)

I’ll spend the next 30-40 
minutes motivating these 
points 

Practical synthetic data 
generation 
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1. Idea:
– Privacy: individual level
– Research: structural level

2. Synthetic data: 
– Fake on the individual 

level
 GDPR doesn’t apply

– Same(~ish) conclusions 
on the structural level

Why synthetic data?
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Synthetic data



Synthetic vs anonimized data



Synthesis process: from original 
to synthetic data

Original 
data

Synthetic 
data

Synthesizing technique
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Synthesis method 1: 
GANs
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Source: https://www.geeksforgeeks.org/generative-adversarial-netw
ork-gan/
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GANs - Generative Adversarial Networks



Source: https://www.geeksforgeeks.org/generative-adversarial-netw
ork-gan/
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GANs - Generative Adversarial Networks



Source: https://www.geeksforgeeks.org/generative-adversarial-netw
ork-gan/
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GANs - Generative Adversarial Networks



Source: https://www.geeksforgeeks.org/generative-adversarial-netw
ork-gan/
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GANs - Generative Adversarial Networks
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GANs work great for images…
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…but not so much for tables.

Source: ‘Comparison of Tabular Synthetic Data Generation Techniques 
Using Propensity and Cluster Log Metric | Elsevier Enhanced Reader’. 
https://doi.org/10.1016/j.jjimei.2023.100177.

https://doi.org/10.1016/j.jjimei.2023.100177
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› GANs optimize for individuals 
that are similar to the 
synthetic dataset

› BUT: You want the distribution 
to be similar

› What happens?
– Mode collapse
– One-dimensional distributions that 

are very dissimilar

Why?
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Synthesis method 2: 
CART



Original

Sex distribution

Sex
MALE
MALE

FEMALE
FEMALE
FEMALE
FEMALE

MALE
FEMALE

MALE
FEMALE

MALE
MALE
MALE

FEMALE

Generate Sex
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Original

Sex
MALE
MALE

FEMALE
FEMALE
FEMALE
FEMALE

MALE
FEMALE

MALE
FEMALE

MALE
MALE
MALE

FEMALE

Age predicted 
from Sex

Generat
e Age

Age
81
54
32
98
50
37
28
62
78
29
59
41
18
73

19



Original

Sex Age
MALE 81
MALE 54

FEMALE 32
FEMALE 98
FEMALE 50
FEMALE 37

MALE 28
FEMALE 62

MALE 78
FEMALE 29

MALE 59
MALE 41
MALE 18

FEMALE 73

Education
PRIMARY/NO EDUCATION
VOCATIONAL/GRAMMAR
VOCATIONAL/GRAMMAR

PRIMARY/NO EDUCATION
PRIMARY/NO EDUCATION
VOCATIONAL/GRAMMAR
VOCATIONAL/GRAMMAR

PRIMARY/NO EDUCATION
PRIMARY/NO EDUCATION

SECONDARY
PRIMARY/NO EDUCATION

SECONDARY
SECONDARY

PRIMARY/NO EDUCATION

Education 
predicted from 
Sex and Age

Generate 
Education
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Original

Life satisfaction
PLEASED
PLEASED

MIXED
MOSTLY DISSATISFIED

MOSTLY SATISFIED
PLEASED

MOSTLY SATISFIED
MOSTLY SATISFIED

PLEASED
MOSTLY SATISFIED
MOSTLY SATISFIED

MIXED
PLEASED

MOSTLY SATISFIED

Life 
satisfaction 
predicted 
from all other 
variables

Generate 
Education

Sex Age Education Marital 
status Income

MALE 81 PRIMARY/NO EDUCATION MARRIED 2100
MALE 54 VOCATIONAL/GRAMMAR MARRIED 1700

FEMALE 32 VOCATIONAL/GRAMMAR DIVORCED 870
FEMALE 98 PRIMARY/NO EDUCATION MARRIED 800
FEMALE 50 PRIMARY/NO EDUCATION MARRIED NA
FEMALE 37 VOCATIONAL/GRAMMAR MARRIED 158

MALE 28 VOCATIONAL/GRAMMAR NA 1500
FEMALE 62 PRIMARY/NO EDUCATION MARRIED 830

MALE 78 PRIMARY/NO EDUCATION MARRIED NA
FEMALE 29 SECONDARY MARRIED 580

MALE 59 PRIMARY/NO EDUCATION MARRIED 1300
MALE 41 SECONDARY UNMARRIED 1500
MALE 18 SECONDARY UNMARRIED -8

FEMALE 73 PRIMARY/NO EDUCATION WIDOWED 1350

Ge
ne

ra
te

 
Li

fe
 

sa
ti

sf
ac

ti
o

n
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Original

Synthetic
Sex Age Education Marital 

status Income Life satisfaction
MALE 81 PRIMARY/NO EDUCATION MARRIED 2100 PLEASED
MALE 54 VOCATIONAL/GRAMMAR MARRIED 1700 PLEASED

FEMALE 32 VOCATIONAL/GRAMMAR DIVORCED 870 MIXED
FEMALE 98 PRIMARY/NO EDUCATION MARRIED 800 MOSTLY DISSATISFIED
FEMALE 50 PRIMARY/NO EDUCATION MARRIED NA MOSTLY SATISFIED
FEMALE 37 VOCATIONAL/GRAMMAR MARRIED 158 PLEASED

MALE 28 VOCATIONAL/GRAMMAR NA 1500 MOSTLY SATISFIED
FEMALE 62 PRIMARY/NO EDUCATION MARRIED 830 MOSTLY SATISFIED

MALE 78 PRIMARY/NO EDUCATION MARRIED NA PLEASED
FEMALE 29 SECONDARY MARRIED 580 MOSTLY SATISFIED

MALE 59 PRIMARY/NO EDUCATION MARRIED 1300 MOSTLY SATISFIED
MALE 41 SECONDARY UNMARRIED 1500 MIXED
MALE 18 SECONDARY UNMARRIED -8 PLEASED

FEMALE 73 PRIMARY/NO EDUCATION WIDOWED 1350 MOSTLY SATISFIED 22

Joint distribution is 
approximated by a set of 
conditional distributions



Life 
satisfaction

health status = 
fair / poor

age < 50 

sex = 
male 

Classification and regression trees (CART)

23



Life 
satisfaction

health status = 
fair / poor

age < 50 

sex = 
male 

healthy male 
aged 56

synthetic value 
of life satisfaction 

Classification and regression trees (CART)
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PROS

› One-dimensional distributions 
pretty much always as desired

› Two-dimensional distributions 
usually as well 
– Although it sometimes takes a 

bunch of work 
› Probabilistic character works 

well for tables
› GDPR compliant by design

CONS

› Does badly for variables 
with many categories
– Partly runs in exponential time

› Only R implementation: 
synthpop

› You need to know your data 
for the best result

CART is the best method, but…
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Synthesis method 3:
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Original

Life satisfaction
PLEASED
PLEASED

MIXED
MOSTLY DISSATISFIED

MOSTLY SATISFIED
PLEASED

MOSTLY SATISFIED
MOSTLY SATISFIED

PLEASED
MOSTLY SATISFIED
MOSTLY SATISFIED

MIXED
PLEASED

MOSTLY SATISFIED

Life 
satisfaction 
sampled 
from 
observed 
data
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Original

Life satisfaction
PLEASED
PLEASED

MIXED
MOSTLY DISSATISFIED

MOSTLY SATISFIED
PLEASED

MOSTLY SATISFIED
MOSTLY SATISFIED

PLEASED
MOSTLY SATISFIED
MOSTLY SATISFIED

MIXED
PLEASED

MOSTLY SATISFIED

Life 
satisfaction 
sampled 
from 
observed 
data

Generate sex, 
age, etc

Sex Age Education Marital 
status Income

MALE 81 PRIMARY/NO EDUCATION MARRIED 2100

MALE 54 VOCATIONAL/GRAMMAR MARRIED 1700

FEMALE 32 VOCATIONAL/GRAMMAR DIVORCED 870
FEMALE 98 PRIMARY/NO EDUCATION MARRIED 800
FEMALE 50 PRIMARY/NO EDUCATION MARRIED NA
FEMALE 37 VOCATIONAL/GRAMMAR MARRIED 158

MALE 28 VOCATIONAL/GRAMMAR NA 1500
FEMALE 62 PRIMARY/NO EDUCATION MARRIED 830

MALE 78 PRIMARY/NO EDUCATION MARRIED NA
FEMALE 29 SECONDARY MARRIED 580

MALE 59 PRIMARY/NO EDUCATION MARRIED 1300
MALE 41 SECONDARY UNMARRIED 1500
MALE 18 SECONDARY UNMARRIED -8

FEMALE 73 PRIMARY/NO EDUCATION WIDOWED 1350
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Joint distribution is 
approximated by a set of 
conditional distributions



› Pro:
– Less finicky to use

› Con:
– Worse results for two 

dimensional distributions

Compared to CART
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Questions?
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Integral privacy 
decisions
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› Many privacy measures exist 
in the literature

› Our first approach: we picked 
one that seemed to worked 
well and set a treshhold

› Unsatisfactory
– Hard to interpret
– Behaved weirdly
– Does not include context

Question: How do you judge the privacy impact 
of synthetic data?
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LEGAL

Memo 
(in collaboration with legal 

professionals)
Conclusion: our synthetic 
data has more or less the 
same legal status as our 

aggregated data

ETHICAL-STATISTICAL

› A) Evaluation before 
synthetisizing: mostly 

ethical 
› B) Evaluation after 
synthesizing: mostly 

statistical 

Alternative: Integral privacy judgement
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› Mainly concerns group 
information

› Questions:
– Does the dataset contain 

sensitive personal data (i.e. 
etnicity)

– What’s the possible impact of 
publication on people the 
original data?

– What are the societal benefits 
and frequency of use?

Evaluation before
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› Four categories:
– 1: Don’t share synthetic data
– 2: Synthetic data

› Always a ‘comply or explain’, 
ethics can’t be fully captured 
with a flow chart 

Evaluation before: 
outcomes
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› Atrribute disclose

› Chose metrics from literature

› From three categories:
– Identity disclosure & singling out 
– Attribute disclosure 
– General similarity & outliers

Evaluation after: metrics from literature. 
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› Distance to Closest Record 
(DCR) 
– “General similarity & outliers”

› Idea: 
– Measure distance between 

individual rows
 Gower distance 

– Real to Real Distance (RRD) 
– Synthetic to Real Distance (SRD) 

DCR
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DCR
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DCR



42

DCR
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Questions?
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