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Why synthetic data?

Data sources
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The Challenge — can synthetic data be taken as real data?
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https://github.com/sdv-dev/CTGAN
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Comparing distributions
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Comparing correlations

Sex '
Sex . Age -

Age - Baseline v... -
Baseline v... - MNum. visit -
Num. visit - Dressing t... - .
Dressing t... - Ulcer_stag... -
Ulcer_stag... - Cured: 1, ... -
Cured: 1, ... - Infected -
Infected -
Postural c... - Postural c... -
Red_fricci... - B Red_fricct... -
Avoided_in... - Avoided_in... -
Braden Sca... - Braden Sca... -
Push Scale - Push Scale -
Porc_postu... - Porc_postu... -
Porc_frice... - Parc_fricc... =
Porc_infec - Porc_infec -
Loss to fo... - Loss t:) fo... -
Location - Location -

Murse cost... - .
- Nurse cost... - . .

Dressing c... -
Material c... . Dressing c... .

Secondary ... - Material c... - .
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Does the exchangeability assumption hold?



Methodology - test

1. Data generation and preprocessing
2. Application of the conformal transducer
3. Application of the martingale test for exchangeability

4. Ewvaluation of the datasets

Algorithm 1: Simple Jumper (py.po, ... Py ) —

O =Ch =0 ==
=1
J=1.01
for b=1.2....ndo
fm‘E e{-1,0,1} do
| C.:=({1-.0)C.+(J/3)C
end
for = € {-1,0,1} do
C. = Co{1 4+ =(p. — 0.5))

end
I.‘:'-k- = Eﬁ e {T—l + {T[] + r.ﬂ-.]_
end
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Methodology - data and evaluation
e Real on Real (R-R): The conformal transducer is trained and tested on the real dataset
to verily that our test works.
e Synthetic on Synthetic (5-5): The conformal transducer is trained and tested on the
svanthetic dataset, similar to the R-R case.
e Real on Synthetic (R-5): The conformal transducer, trained and calibrated on the real
dataset, generates p-values for the synthetic dataset.
e Synthetic on Real (S-R): The conformal transducer, trained and calibrated on the
svunthetic dataset, generates p-values lor the real dataset.
Dataset Name Instances Features Numeric Features Source
adult-sdv 32561 15 6 (Patki et al., 2016)
credit-g 1000 21 T (Vanschoren et al., 2013)
spambase 4601 a8 o (Vanschoren et al., 2013)
gsar-biodeg 1055 42 42 (Vanschoren et al., 2013)
adult 48842 15 ¥ (Vanschoren et al., 2013)
RWI HEH88 T T (Vanschoren et al., 2013)

Table 1: Additional information on the datasets used in this study.



Results

S-S case,

)
Dataset Mean | Std Min Max
adult-sdv -63.61 | 6.55  -THA52  -45.10
credit-g -1.40 | 1.87 -3.49 505
spambase -B48 | 256 -12.51 -1.85
qaar-biodeg =201 1.84 -3.87 706
adult 0663 | T.09 0 -109.32  -T9.45
RWI 17465 | 7.6 19276 -159.12

Table 2: Some metrics on the distribution of the martingale values for the 50 runs in the
R-IT case.

Dataset Mean std Min Max
adult-sdv -63.34 | 493 -T3.59  -4RAT
credit-g -1.81 | 1.582 -3.49 G.04
spambase -BT3 | 2490 -12.45 -1.68
gsar-biodeg -1.45 | 3.04 -3.73 16.17
adult S06.58 | 553 -106.71 0 -82.01
W1 -174.72 110,01 -195.17  -156.26

Table 3: Some metrics on the distribution of the martingale

values for the 30 runs in the
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Results cont'd

R-S case.

S-R case.

)
Dataset Mean Std Min Max
adult-sdv 76.50 | 35.83 883 169.04
credit-g ar.72 | 862 36.61 T2.18
spambase 01912 |26.78  440.35 57982
gsar-biodeg | 127.23 | 6.70 111.12 140.12
adult -8.35 | 26.97  -62.07  60.97
RWI TOO.75 | 0.00  T09.78  TO9.78

Table 4: Some metrics on the distribution of the martingale values for the 50 runs in the

)
Dataset Mean Std Min Max
adult-sdv -65.53 0 526 -T3.60  -52.25
credit-g 293 | 6.28 -3.25  26.78
spambase 2082 114350 1L.04  57.76
qgsar-biodeg 13.87 | 13.65 =346 5760
adult -T9.51 1520 -99.85 -537.54
RWI T08.55 | 5.21 684.25 TO9.78

Table 5 Some metrics on the distribution of the martingale values for the 50 runs in the
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Conclusion

The synthetic data does not appear to come from the same distribution as the real data.



Future work/considerations Mélnlycke

. Extend current scope to regression

. Is it possible to initiate adversarial attacks using synthetic data generation?

. How can we be sure that the underlying relationship remains?
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