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Introducing Synthetic Data (SD)

Synthetic data (SD): data artificially generated to replicate the
statistical properties of real data while preserving confidentiality.
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Objectives

1. Present current propensity score metrics

2. Analyse current reliability across different scenarios

3. Explore a new approach to compute propensity scores
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Background - Software
Synthpop R package

1. Social Diagnosis 2011 (SD2011):

2. Generation using syn():
 Original Data→ � Decision Tree
✓ Synthetic Data←ç Randomization←↩

3. Assessment:

Nowok, B., et al. (2016). “Synthpop: Bespoke Creation of Synthetic Data in R”. Journal of Statistical Software
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Background - Metrics
Validation

1. Resemblance (Raab et al., 2021)

▶ Contingency table metrics
▶ Others

2. Utility (Raab, 2022)
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Example: Propensity score metrics
Original data (OD)
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Example: Propensity score metrics
Merging OD and SD
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Example: Propensity score metrics
Propensity scores
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Propensity Score Mean-Squared Error (pMSE)

Hypothesis Test

{
H0 : p(o | X ) = p(s | X )
H1 : p(o | X ) ̸= p(s | X )
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Propensity Score Mean-Squared Error (pMSE)

Hypothesis Test

{
H0 : p(o | X ) = p(s | X )
H1 : p(o | X ) ̸= p(s | X )

pMSE Formula

pMSE =
1
N

N∑
i=1

(p̂i − c)2

pMSE under H0

pMSE
H0∼

(n1
N

) n2
N

N
· χ2

k−1, k = no. glm parameters

Snoke, J., et al. (2018). “General and specific utility measures for synthetic data”. Journal of the Royal Statistical

Society Series A: Statistics in Society
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Kolmogorov-Smirnov Statistic (SPECKS)

Hypothesis Test{
H0 : F o(p) = F s(p) ∀p ∈ [0,1]
H1 : F o(p) ̸= F s(p) ∃p ∈ [0,1]
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SPECKS Statistic

D = sup
p̂i

∣∣∣F̂ o(p̂i)− F̂ s(p̂i)
∣∣∣

SPECKS under H0

D
H0∼ KS(no,ns)
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Percentage Over 50% (PO50)

Hypothesis Test

{
H0 : p(o | X ) = p(s | X )
H1 : p(o | X ) ̸= p(s | X )

11 of 23



Percentage Over 50% (PO50)

Hypothesis Test

{
H0 : p(o | X ) = p(s | X )
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PO50 Statistic

PO50 = 100
m
N
− 50

m =
∑N

i=1 I{ŷi=yi}
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∑N

i=1 I{ŷi=yi}
where yi ∈ {0, 1} and ŷi = I{p̂i > c}

PO50 under H0

PO50
H0∼ N(100(p0−1/2),

1002

N
p0(1−p0)), p0 = P(ŷi = yi)
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Results: Simulation Study
Are these resemblance metrics reliable in different scenarios?
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Results: Simulation Study
Are these resemblance metrics reliable in different scenarios?

Objectives:
1. Control type I error (α)
2. Statistical power (1− β)

Method for generating data: Normal(0,1)

Scenarios:
▶ Sample sizes (n): 50, 100, 250, 500, 1000, 5000, 10000
▶ Variables (p): 2, 5, 10, 25, 50, 100

We did NOT use SD at any point in the simulation study.
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Simulation study process
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Results
Empirical and theoretical metrics distribution
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Probability of type I error (α)
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A new approach for obtaining PS
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Results
Empirical and theoretical metrics distribution
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Probability of type I error (α)
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Summary

With the current approach:

✓ Type I error controlled for pMSE

✓ SPECKS and PO50 fail because of overadjustment

With the new approach:

✓ Type I error controlled for all metrics

✓ Identified which scenarios are not good for the metrics.
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NEXT STEPS

Assessing the statistical power
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Assessing the statistical power

Case study using SD2011 database.
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NEXT STEPS

Assessing the statistical power

Case study using SD2011 database.

Adapt Existing Metrics to SD

Best Resemblance Metric for Specific Analyses

Assess Missingness
20 of 23



TAKE-HOME MESSAGE

Now, we have
with a type I error controlled

multivariate resemblance metrics
to perform synthetic data validation.
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EXISTING PROCEDURES

Generation and Validation Literature Review

1. Adapt Existing Metrics to SD

Paper 1

SIMULATION STUDIES

2. Evaluate Reliability of Metrics

3. Best Metric for Specific Analyses

Paper 2

OTHER UTILITIES AND WRITING

4. Assess Missingness

Paper 3

5. Develop a Validation Metric

Thesis Writing

Phase 1: Planning Phase 2: Implementation Phase 3: Outcomes
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Motivation
How synthetic data research is taking off?

1
Source: Dimensions.ai. Keywords: “Synthetic Data” AND (“Utility” OR

“Resemblance”) AND (“Energy Sector” OR “Renewable Energy” OR “Electric
Power” OR “Energy Industry”). 2 of 19



Context and Motivation
Current utilities and future challenges

Current utilities

▶ Enhancing data
privacy

▶ Reducing bias
▶ Augmenting small

datasets
▶ Accelerating training

Current challenges

▶ Minimizing the need
for validation of real
data

▶ Addressing generation
dependency

▶ Validating synthetic
data

▶ Capturing and
replicating all extreme
cases
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Current utilities

▶ Enhancing data
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Context and Motivation
Sustainable Development Goals
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General classification

Source: United Nations Economic Commission for Europe. Synthetic Data for Official Statistics: A Starter Guide. 2023.
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General classification

Source: United Nations Economic Commission for Europe. Synthetic Data for Official Statistics: A Starter Guide. 2023.
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Types of Synthetic Data

El Emam, K., et al. (2020). “Practical synthetic data generation: balancing privacy and the broad availability of data”.

O’Reilly Media
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State of the art
Current Tools

?

Gretel.ai Ydata
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State of the art - Metrics
Validation

1. Resemblance

▶ Propensity score metrics (Raab et al., 2021)
▶ Contingency table metrics (not shown)

2. Utility (Raab, 2022)
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Utility metrics
Confidence Interval Overlap (CIO)

Hypothesis Test {
H0 : βo

j = βs
j

H1 : βo
j ̸= βs

j
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Utility metrics
Confidence Interval Overlap (CIO)

Hypothesis Test {
H0 : βo

j = βs
j

H1 : βo
j ̸= βs

j

CIO Statistic

CIO =
1
2

(
Overlap Length

CI Length (Original)
+

Overlap Length
CI Length (Synthetic)

)
H0∼ N(0,1)
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Kolmogorov-Smirnov Statistic (SPECKS)

Synthetic Probability Error Comparison using Kolmogorov-Smirnov
Statistic (SPECKS)

Kolmogorov-Smirnov Distribution

Under H0, the statistic D follows a Kolmogorov-Smirnov distri-
bution, whose cumulative distribution function (CDF) is given
by:

P
(√

nD ≤ x
)
= 1− 2

∞∑
j=1

(−1)j−1e−2j2x2

where D is the Kolmogorov-Smirnov statistic, and n is the
sample size (?).
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Methodology
2. Evaluate reliability of metrics

SIMULATION STUDY

Generation algorithm
Randomness level
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Methodology
3. The most suitable metric for specific statistical analyses
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Methodology
4. Handling Missing Data
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Methodology
5. Developing a Validation Metric

Proposed Validation Metric

Inspired by ?, we propose a weighted metric to evaluate synthetic
data based only on real and synthetic datasets.

▶ PCA-based structure: Captures high-dimensional
relationships.

▶ Resemblance: Measures similarity between synthetic and
real data.

▶ Privacy: Ensures no leakage of sensitive information.

Pooled metric:

M = w1MPCA + w2MResemblance + w3MPrivacy

14 of 19



Contingency Table Metrics
Data organization

Observed Data Frequency Table

Age Group Low Income High Income Total

Young 100 260 360

Adult 90 50 140

Total 190 310 500

Synthetic Data Frequency Table

Age Group Low Income High Income Total

Young 120 240 360

Adult 80 60 140

Total 200 300 500
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Contingency Table Metrics
Process

1. Frequency Tables
2. Application of Statistical Tests

Pearson Statistic

χ2 =
k∑

j=1

(sj − oj)
2

oj
,

where:
▶ oj : Frequency for category j in the original data.
▶ sj : Frequency for category j in the synthetic data.
▶ k : Number of categories.
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Voas-Williamson Utility Measure (VW)

Hypothesis Test{
H0 : oj = sj ∀j
H1 : oj ̸= sj for some j

VW Formula

Adjusts for the relative size of original (n1) and synthetic (n2)
data.

VW =
k∑

j=1

(
sj − oj · c

1−c

)2

c · (oj + sj)
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Adjusted Rand Index (ARI)

Adjusted Rand Index (ARI)

Measures the similarity between two clustering results, adjust-
ing for chance. It is given by:

ARI =

∑
ij
(nij

2

)
−
[∑

i
(ai

2

)∑
j
(bj

2

)]
/
(n

2

)
1
2

[∑
i
(ai

2

)
+
∑

j
(bj

2

)]
−
[∑

i
(ai

2

)∑
j
(bj

2

)]
/
(n

2

)
Interpretation

▶ 1: Perfect match of clusters.
▶ 0: Random clustering.
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Multiple Imputation by Chained Equations
MICE is an iterative method to handle missing data by imputing
values one variable at a time.
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Imputation methods
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