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Naive statistical inference from synthetic data cannot be trusted
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Naive statistical inference from synthetic data cannot be trusted
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Naive statistical inference from synthetic data cannot be trusted

Train model

Original data Synthetic data

ICD Age Gender  Allergy NumOfMedication HDL Colesterol  LDL Glucose Urea ICC
A1E 44 F FALSE 4 75.31 184 128.01 210.72 6.8%0000 AlE
Al 27 F FALSE 8 60.02 151 106.96 202.92 3890185 AlE
ADZ 49 M TRUE 1 56.52 200 158.64 220,03 3180000 AlE
Al 31T M FALSE 5 71.59 181 108.28 203.4% 4576294 AlE
A1 66 M FALSE 1 95.08 200 123.05 20800 2700000 A7
Al 57 M FALSE 3 53.68 223 188.92 227.62 3.444820 Al1S
A1 56 M FALSE 3 7G6.99 193 133.71 212.681 3.310564 AlE
Al 45 M FALSE 4 104 .40 148 46.26 166.46 6.930129 AlE
ADZ 57 M FALSE 4 a1 207 118.18 207.2% 50355713 AlE
Ald4 4z M FALSE 11 80.95 156 85.36 193.12 2.8319290 Al1S
A1 46 M FALSE 3 86.98 241 168.28 222.60 35497047 AlE
Al 26 M FALSE 5 o486 158 Fr.62 188.99 G6.9830000 A1E



Naive statistical inference from synthetic data cannot be trusted
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Naive statistical inference from synthetic data cannot be trusted
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We investigated the behaviour of estimators in synthetic data
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We investigated the behaviour of estimators in synthetic data
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We investigated the behaviour of estimators in synthetic data

L

> Death

N |

Sample records Train model
Disease
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Original data Synthetic data

Generate records

27 M FALSE 13 83 .61 44 F FALSE 4 75.31

49 M FALSE 5 6310 27 F FALSE 8 o0.02

B’ k Th 47 M FALSE 1 88.38 49 M TRUE 1 50.52
Iomar er erapy FALSE 1 6277 31 M FALSE 5 71.59
l FALSE 4 83 44 66 M FALSE 1 95.08

\ 50 M FALSE 1 95.50 57 M FALSE 3 53.68

F FALSE 14 o0 .84 56 M FALSE 3 76.99

64 F FALSE (s} F72.08 45 M FALSE 4 104.40

59 M FALSE 4 G1.40 57 M FALSE 4 a91.m

58 M FALSE 13 84.43 42 M FALSE 11 §0.93

51 F TRUE 14 53.02 46 M FALSE 3 §56.98

56 M FALSE 3 97.95 26 M FALSE 5 94 86



We investigated the behaviour of estimators in synthetic data
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- convergence rate



Original standard errors are insufficient for synthetic data
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Original standard errors are insufficient for synthetic data
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Corrected standard errors are sufficient only for statistical models
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Corrected standard errors are insufficient for deep generative models

Original data Synthetic data

Statistical model Deep generative model
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Alongside great opportunities, great precaution should be taken
regarding the possible sensitive nature of medical data and related

privacy concerns.

Symhn!i(: data are artificial data that mimic the original data in
terms of statistical properties. As such, synthetic data might be
able to replace the original data in stafistical analysis, while
preserving the privacy of the individual members of the
original dataset.

Johan Decruyenaere, Stijn Vansteelandt, Thomas Demeester * Sokn frt anithorn
Problem statement .

Can a synthetic sample be used to obtain valid estimates for a |

population parameter and to test hypotheses? We map two i

possible pitfalls that may compromise this inferential utility of |

synthetic data 1

1. Extra inty should be since the !

leamed by the g model is an appr on. |

3. Use each dataset Dyig 1o
train a generator G.
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1.Ground truth data generating 2. Randomly sample original
process for tabular oy data. dataset D, With size N.
Repeal 200 times.
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s, Generate  synihetic | bias at faster rate. True and estimated

Geerntor type

Boyesion Nekmork than-vN-convergence).

2. Stalistical inference is typically based on VN-consistency and
asymptotic normality. What is the effect of regularisation bias
inherent to deep leaming (DL) approaches on the defaul
behaviour of estimators?

Desired properties of an estimator:
Standard error (SE) goes 10 zero when
sample size increases, at rate 1/VN and

| datasel Dy with | SE are according
siza M using G.

These properties affect inferential utility,

5. Assess bias in poini | Mere measured by type 1 emor rate

estimation and
standard emor (SE). | Minimal adaptation estimator SE:
and Investigals con-

vergence  rate  of _ M
estimators when they T corrected = Tgnaive w
are used in Dy,

Is this valid for all estimators and:
generators? What about +N-consistency?

| Main results:

| 1. Generative model misspecification
| introduces bias.

| 2. True SEs are larger for D, than
i for D,y and exira variabilty varies
| over generative models.

Therefore, naive estimation of SE
leads to its underestimation.
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| 4. Convergence rate of the SE of
| various estimators differs between
| statistical and DL approaches.

For the statistical approaches,
estimators remain roughly VN -
consistent. In the DL approaches,
estimators converge slower.
Naive analyses lead to inflation of |
type 1 error rate (compromising |
inferential utility). ;
6. Adaptation for the SE controls type |
1 error rate only in statistical and |

not in DL approaches (due to slower- |
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| Before publishing synthetic data, it is
 essential to develop statistical inference |
tools for such dala 3

| Conclusion: ;

[E1 syndara.;

SYNthetic DAta for
Research Acceleration

GHENT
UNIVERSITY

te

Uz
GENT



	Dia 1: The Real Deal Behind the Artificial Appeal Inferential Utility of Tabular Synthetic Data
	Dia 2
	Dia 3
	Dia 4
	Dia 5
	Dia 6
	Dia 7
	Dia 8
	Dia 9
	Dia 10
	Dia 11
	Dia 12
	Dia 13
	Dia 14
	Dia 15

