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GANSs and synthetic data : a hot topic

iochinh Figure 1. Hype Cycle for Emerging Technologies, 2019
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GANSs and synthetic data : a hot topic
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Collaboration
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Outline

1. Why do we need synthetic data

2. How do we create synthetic data

3. Use cases for synthetic data at CHUV

4. Our contributions and preliminary results

5. Take home messages
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Motivation

Access to medical data is strongly regulated

*
x
x
Xy

Loi relative a la recherche sur I’étre humain (LRH)
Ordonnance relative a la recherche sur I'étre humain (ORH)
Loi fédérale sur la protection des données (LPD)

Loi sur la protection des données personnelles (LPrD)

* General Data Protection Regulation (GDPR)

¥ x X

* Health Insurance Portability and Accountability Act (HIPAA)
Privacy Rule

- These reqgulations require health-related data to be de-identified to mitigate privacy risks
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Motivation

Enforcing de-identification leads to information removal

Country generalization

Age generalization
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Motivation

Conventional

fechniques Strong privacy requirements come at the cost of
reduced data utility due to the removal of
sensitive information or the addition of noise.

Max Utility
Can’t we have both privacy and utility at the
same time?
Data
Utility

— >

Privacy Max Privacy

Protection
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Generative Adversarial Network

sample
(real) data

o | fake

1 real

MNIST training data

latent sample, z sample
(fake) data
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Generative Adversarial Network

This person does not exist and has been entirely created by a
GAN called StyleGAN* trained on many real portraits.

Question:

Can we do the same with data other than pixels?

Can we generate fake electronic health records based on
existing data?

(*) Karras, Tero, Samuli Laine, and Timo Aila. "A style-based generator
architecture for generative adversarial networks." Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2019.

\\\\\\ \
. v
07/10/2021 DSI / Data Science Group 10 \ \\\\\\\




Synthetic patients

==

R [
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Artificial cohort

Learning from the existing CHUV electronic health
records, we create artificial patients cohorts

CHUV cohort

v

GAN
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Use-cases for synthetic data at CHUV

Standard workflow of a research project

Cohort determination

Ethics committee review

Extraction and coding

Analysis

Publication
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Facilitate data access

Synthetic data is used to validate the scientific hypothesis prior to ethics committee review.

Cohort determination

e

Ethics committee review Synthetic population

Extraction and coding

Pre-Analysis
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Facilitate data sharing

Numerous medical papers do not share their data. With synthetic cohorts, researchers could
allow their peers to reproduce their results and perform further research.

Cohort determination
Ethics committee review
Extraction and coding
IMEIVES

Publication

- Synthetic population

o
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Allow for data augmentation

Synthetic datasets can augment the amount of training data to produce more robust statistical
models.

Cohort determination
Ethics committee review

Extraction and coding

Analysis - Synthetic population

Publication

o
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Project roadmap

Comparison with

State of the art review Utility analysis traditional anonymisation
frameworks

Deployment of a
solution at CHUV

Model adaptation to : .
Privacy analysis

CHUV's clinical context
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Our Contributions

- Testing state-of-the-art models with real data: From a critical literature review, two state-of-the-art
models are selected and each model is tested with real clinical data.

- Comparing different sparsity handling methods: Implementing a sensible imputation method to fill
missing values and 3 methods to reproduce data missingness in the synthetic data.

- Model adaptation : modification of the models to handle continuous clinical values and switch from
Visits to observations.

- Assessing the similarity between real and synthetic data: Using several similarity measures, such
as dimension-wise statistics, conditional distributions or temporal evolution, we assess the similarity
between the original and the generated data.

- Reproducing medical studies on synthetic data: Using different datasets, we construct a syntheric
cohort, reproduce the entire workflow and compare the resulits.
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Selected Models

CT-GAN SynTEG

! I Minimize
o — (Generator —>€9—> Discriminator Wass i
Model the distribution of a For each value, compute the Sample a mode and diifrer:;i’:
continuous column with VGM. probability of each mode. normalize the value. Stage 2: Conditional g
. simulation A
: 3/
"f"{n F;_..--\“ I.."f\". \II . . .Auxlharyc]asmﬁers/regressor ...................................................................
! ; \ : o3 a = i
{ II":..L! A / II"-, g by Stage 1: — A
R Y T Dependency Si-1 {il
- : — | = — : .
m n: na Cij Recurrent step Recurrent step
f(Si—2,9(Wi-1)) f(si-1,9(v) Minimize
I I prediction
. . _ loss
Modeling Tabular data using Conditional GAN, Input integration Input integration
9(Wi-1) g(;)
Xu et al., 2019 f t
(i — 1) visit it" visit in
in EHRs v;_, EHRs v,

SynTEG a framework for temporal structured
electronic health data simulation, Zhang et al.,

2020
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Case Studies

1. Bedsore Data : SynTEG
2. Visceral Surgery Data : CTGAN

3. Pharmacokinetics Data : SynTEG
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Case Study 1 : Bedsore Data

Data: 512 patients, 622 distinct stays, 11 attributes

Table II: Soarian Data

LABEL TYPE DESCRIPTION
FND_PROCESSED float value of different measures
FND_CODE string name of the measure
FLAG_SIA binary intensive care flag
FLAG_URG binary emergency flag
LOS float length of the stay [day]
LABEL binary bedsore flag
FND_LIBELLE string definition of the FND_CODE
NUMERO_SEJOUR_CODE string unique 1d of each stay
IPP_CODE string unique 1d of each patient
AGE_A_LA_ADMISSION_CODE integer age of the patient
at the moment of the admission
SOARIAN_DISPLAY_DATE_CODE | timestamp timestamp of the moment
the record has been entered

\\\\\\ \
H
07/10/2021 \ \\\\\\\



Case Study 1 : Bedsore — Pipeline

- Input preprocessing : with timeseries representation and sparsity handling

FND_CODE | FMND_PROCESSEDN | TIMESTAMP | AGE | LOS | 514 | URG | LABEL

(IPP_COMDE,
SEJOUR _CODE]

l""""'-'""""":\""""'l,\ s Tlme~
Longitudinal ® : ® A ’C A ;’ Y, i< B = - = > Feature
i > Vect
Patient Data V. e . e : -3 ector

Cl mean | Cl std | C2_mean | C2 std | ... | LOS

(IPP_CODE,
SEJOUR_CODE
TIME)
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Case Study 1 : Bedsore - Preliminary Results

Mean values : Plot the mean value of each finding code (temperature, height, weight, ...)
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Case Study 1 : Bedsore - Preliminary Results

Dimension-wise statistics : Compare the distributions of each finding code using Hellinger
distance

k
1
o Hellinger distance : 0.57 H(P, Q) — E Z(\/E _ \@)2
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Case Study 1 : Bedsore - Preliminary Results

Joint distributions : Real in orange / Synthetic in blue

Pearson Coefficient
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Case Study 1 : Bedsore - Preliminary Results

Temporal Evolution:

[°C] Température (°C) [Kg/m?] BM|
/'l —— original -
70 } |\ synthetic
A N
f |\
%8 |
I| |'f 30
I|II' |\ IIIII/\"\III /\ IIIIIII \
%6 1 |'I’ '| .-"I: H*\H / -. . II,-'FI 28
|'II l\ ff ! /
| '| ."' / 6
%.4 | J.l' / e Original
f \II / / . synthetic
l J’Ir —
% e ——
0 3 H 6 B 0 12 0 1 2 3 4 5 6
Time [days] Time [days]
\\\\\\ \
07/10/2021 DSI / Data Science Group 26 §\\§\\§v




Case Study 1 : Bedsore - Results

ROC curve ROC curve
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Case Study 1 : Bedsore — Conclusion

- Promising similarity metrics result : the SynTEG model captures the univariate
distributions and the joint distributions. Time evolution of the attributes seems to be realistic.

- Bedsore prediction model: with the synthetic data, the prediction quality, in terms of
AURQOC, is not as good as with real data but a non-trivial model can still be constructed.
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Take-home message

- No plug and play model :
- On real clinical data, heavy input preprocessing is needed

- Considerable contribution to model adaptation:
- SynTEG Model transformation to transition from discrete to continuous data

- Preliminary results:
- Initial results are promising on real data but require a further, thorough analysis
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Thank you for your attention
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Supplementary Material
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Research at CHUV

Breakdown of 150 CHUV descriptiveanalyses

research projects over a " ot defined 10%

/7 month period: T

multivariate
modeling
20%

survival analyses
10%

hypothesis tests
50%
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CTGAN

e Heterogeneous Tabular Data
- Continuous : non-Gaussian / multiple modes
- Discrete : imbalance Model the distribution of a For each value, compute the Sample a mode and

contimons column with VGM. probability of each mode. normalize the value.
e Mode-specific Normalization | I

- 'ril -ri:'E r:;3
* Conditional Generator and Training-by-Sampling

Se!ectacatagﬂry‘ —» @@@(‘@ z - Mo, 1)
D, \‘ ¥

Pick & row from T, with D, = 1 l / Generator G() /
v

31,||32,||

Select from
‘ D, and D, ‘—'

Say D, is selectad Say category 1 is selected

|ﬁ1,j|ﬂ1.j|a2.j|ﬁ2,j‘d1,i|d2,i‘ |a1.i‘ﬁ1.i

/ citce)  /
v

Score

Modeling Tabular data using Conditional GAN, Xu et al., 2019
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SynTEG

! ! Minimize
— Generator —>{P—> Discriminator Wasserstein
Stage 2: Conditional 1 drvergente
simulation 2k
D
Aux:lnaryclasslﬁers/regressor ...................................................................
Stage 1: Prediction
Dependency St-1 T ; N
learnin
§
e Recurrent step Recurrent step [l ===
: ; Si-1, 9 (v iy
f(Si—2,9(Vi-1)) f(si-1,9(v)) Minimize
] I prediction
: . . : loss
Input integration Input integration
9(Wi-1) g(;?:)
|
(i — 1) visit it" visit in  a
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SynTEG a framework for temporal structured electronic health data simulation, Zhang et al., 2020 \w
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Case Study 1 : Bedsore — Pipeline

- SynTEG Model Adaptation :

- Input integration

- Auxiliary classifier
& Prediction loss

- GAN
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Case Study 2 : Visceral Surgery : Pipeline

52 attributes : (10 + 42) attributes

Table XII: Visceral Surgery Demographic Data

LABEL TYPE DESCRIPTION
MNPPID intcacr Paticnt s Idcntificr
DATEOP_CODE TIMmCEtamgy timestamp of the operation
DSEIOUR intcacr lcngth of stay
POSTOP_CODE HIMmCStamgy timcstamp of the post-operation
SUIVI_CODE i L of the paticnt’s visit
. AGE intcger agc of the paticnt
Table XI: Visceral Surgery Data s C -
TAILLE intczcr Theight of the paticnt
BMI finat BMI of the paticnt
LABEL TYPE DESCRIPTION BIABETE By e s
MNPPID integer Paticnt’s Ideatificr e e | oy [ o ﬁm
PERCHOLESTEROLEMIE |paticnt ypere a3
DATE_INTERVENTION_CODE | timcstamp timestamp of the intcrvention _ PORTENSION | by LTt it b Bypericasion
DATE_SUIVI_OCC_CODE timestamp timestamp of the paticat's visit ATCD_CERFSROVASC |y | s i crchonsialr
DATE_SUVI_KM_CODE ticmstamp same as DATE_SUIVI_OCC_CODE D FAMILIADY VASC UM | et | 17071 o iy atceion o i
AMPUTATION binary I for amputation / 0 othcrwisc M MEINREIE | ™= | O 11 Voo S 01 "o o 1
TYPE_AMPUTATION intcger 2 for major / 1 for minor / 0 for no amputation D L
DECES binary | for paticnt’s death / 0 otherwise A N — L o L
REINTERVENTION binary I for reintervention / 0 otherwise TABAC_L1E ming | T o g Kok it
JOURS_DELAIS integer Number of days from the first intervention (days) ot :;-:: ASA s
TYPE_[NTERVENT'()N binary 1 for open / O for endovascular MED_ANTIAGREGANTS binary mufm;‘"ﬁgw
MED_STATINES hinary use of statin
MED_ANTIHYPERTENS binary use of antihypertcnsive
LOCAL_COTE_OP_NUM binary operation side
0 for left £ 1 for right
LOCAL_COTE_OF_LIB string "G for 07 DF for 1
STADE_FONTAINE_G_VAL intcacr Icft fontaine stazc
STADE_FONTAINE_G_LIB sIring lzbel of STADE_FONTAINE_G_VAL
STADE_FONTAINE_D_VAL intcacr Tight fontaine stagc
STADE_FONTAINE_D_LIE sIring lzbel of STADE_FONTAINE_D_VAL
. STADE_FONTAINE_GLOBAL imacger _elobal fontaine stage
No model adaptation for CTGAN T AT | |
INTER_CLASSIFICATION_LIE sIring lzbel of INTER_CLASSIFICATION_NUM
CHIR binary 1 if chirurgical intcrvention
ENDOVASC hinary 1 if endovascular intcrvention
DUREE_INTERVENTION intcacr length of intcrvention
INTERV_TYPE inicacr type of intcrvention
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Case Study 2 : Visceral Surgery

Data : 136 patients in 2 groups

Diabetic patients with

infra-inguinal
revascularization
M=136
Patients treated with Patients treated with open
endovascular therapy first surgery first
M=102 MN=34

Study : Survival estimation against amputation / death / reintervention using Kaplan-Meier
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Case Study 2 : Visceral Surgery - Results

Contingency Table

Mean scatter plot : Endovascular

120

100 +

Real
=

T B0 8
Synthetic

07/10/2021

100

120

Mean scatter plot : Open

2 4 60
Synthetic

DSI / Data Science Group

Pie chart of p=0.05




Case Study 2 : Visceral Surgery — Conclusion

- Similar mean values : The mean values of the real and synthetic datasets are relatively
similar. For ~3/4 of the attributes, such synthetic mean values are not unlikely to be observed

given the real mean values.
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Case Study 3 : Pharmacokinetics

Table XIII: Pharmacokinetics Data

. . LABEL l TYPE DESCRIPTION
Ph armaCOkI netICS Data I I integes Patient’s ldentifies
I AMT | Hloat Administered drug amount (mg)
RATE [ flosat infusion rate
DY | binary Dependent variable
Cohort : 405 neonates with vancomycin monitoring e (]
. I for drug intake £ O for plasma sampling
23 attrIbUteS I MDY [ binary Missing Dependent Variahle
' ' 0 for concentration measurements / 1 otherwise |
I WT [ integer Body weight ot drug administration (g)
. . . I RWT | integer Body weight at binth (g)
Study : The optimal vancomycin dosing for neonates | GA | o Giestational Age (weeks)
CA et Chronological Age (weeks)
& Pharmacoklnetlc model Of VancomyC|n PMA float Postmenstrual Age (weeks)
SEX binary 0 for male £ 1 for female
I CRT [ flosat Serum creatinime (mmol/L.)
I LURE | ot Urea (mmol/L.)
. . ALR Misat Adbumin (gfl.)
In pUt preproceSSIng . I S0A | hinary Small for gestational .qu,';rl for yves /O for no
' PMA, integer Postnatal ape (days)
DS E ot Drug amount (mg)
) ' OSERCG | fivat Drug amount £ body weight (mgfkg)
SynTEG Model Ad aptation : (Cf Case StUdy 1)  TNDiamm | fioal Size at birth (cm) |
' PCDianim [ Mot Head circumference (cm) '
' DV _N [ Nisat Mormalized DY (mg/l.) I
: PATETIME_CODE Limestamp Datetime of drug intake or plasma sampling

o
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Case Study 3 : Pharmacokinetics — Preliminary Results

AMT Hellinger distance - 0.20

DV Hellinger distance : 0.22
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