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dhuse Introduction of Synthetic Data
N

Synthetic Data Definition 3
Synthetic data is artificially created data using algorithms rather than being
collected from real-world events -

Early Development : :-',g,
The concept began in the 1990s with multiple imputation techniques:
privacy-preserving data release. %

e

SMOTE Technique e SR .

k.
SMOTE improved machine learning by generating synthetic samples to
balance underrepresented classes. .

GANs Breakthrough :
GANs revolutionized synthetic data by enabling realistic data Creation
through dual neural networks.
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Serious data challenges impede organizations from adopting
and succeeding with Al.

Data Privacy &
Regulatory
Compliance

Highly regulated industries must
adhere to strict data privacy laws,
making sharing or using real-world
data difficult.

Incomplete &
Imbalanced Data

Real-world data often

has gaps, missing fields, or
imbalanced representations,
creating biased or
underperforming Al models.

Cost of Data
Collection

Collecting, cleaning, and labeling
high-quality real-world data is
time-consuming and expensive,
particularly for large
organizations handling massive
datasets.

Difficulty in
Data Sharing

Organizations often

face hurdles sharing data
across internal teams and
partners due to privacy and
regulatory constraints.
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Synthetic data helps organizations overcome their data

challenges quickly and securely.

Simplifying Privacy &
Compliance

Anonymized Data for Safe Use:
Mimics real-world patterns
without exposing sensitive
information, ensuring
compliance while enabling Al.

Cross-border Data Sharing:
Allows easier data sharing
across teams, departments,

or even countries without
breaching data residency laws.

Copyright © SAS Institute Inc. All rights reserved.

Augmenting &
Balancing Data

Fill Data Gaps:

Generate realistic
samples to fill missing
data, enriching datasets.

Balance Data:

Balance rare events (like fraud
or disease outbreaks), allowing
Al models to learn effectively
from all scenarios.

Reducing Cost of Data
Collection

Cost Efficient:

Can be generated
programmatically, reducing
the need for expensive data
collection and manual labeling.

Faster Al Deployment: Accelerate
data preparation, allowing your
organization

to move from concept to
production more quickly.

Enabling Data Sharing

Facilitate Collaboration: Share
synthetic datasets that retain
desired statistical properties
without compromising privacy.

Accelerate Innovation
Ecosystems: Ease of data
sharing fosters collaboration
across business units or with
external partners, driving

Al advancements.




Drug discovery and clinical trials often face challenges due to

limited patient data availability and privacy restrictions. Synthetic data
generation creates realistic patient datasets that preserve privacy
while enabling faster, cost-effective research and development in
drug discovery.

Accelerating Drug
Discovery and Clinical
Trials

How Synthetic =

The Problem

Limited access to diverse patient
data due to privacy regulations
(e.g., HIPAA, GDPR).

Small sample sizes and
incomplete datasets slow
down research and lead to
biased results.

Data-sharing restrictions hinder
collaboration between
pharmaceutical companies,
research institutions, and
healthcare providers.

Data from clinical trials not
available yet

Data Helps =0

Generates privacy-preserving
synthetic patient datasets that
mimic real-world data.

Augments datasets to ensure
diverse representation across

demographics and conditions.

Enables secure data sharing
across stakeholders for

collaborative research and trials.

Simulating clinical trials data
before real clinical trial data is
available to make the process
more efficient and fast, once the
data is available.

The Results TWE

Faster and more cost-efficient
drug discovery processes.

Improved clinical trial designs
with better representation and
robust data.

Enhanced collaboration
across institutions while
maintaining compliance with
data privacy laws.

Design better trials from the
outset — choosing the right trial
setup to reduce wasted effort
and time




New Project

Name your synthetic data project.

Project name:

Al Week 2025 Demo

Project description:

Enter project scription

Cancel
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SAS® Data Maker

@t
=

B Al Week 2025 Demo

Source Data Training Evaluation Generation

Columns Drug_Administration

@ a a [ Source:
B Concomitant_M... Demo
Data/Healthcare_and_Life_Sciences/Clinica

|_Study_Data_Sample/Drug_Administration.
csv

E Adverse_Events

Bl Drug_Administr..

B Laboratory_Res...

E Patient_Informa... Table type: @

B8 Drug_Administration R Adverse_Events
\ Tabular .

B8 VISIT_SCHEDU...

Primary key: ®

fH VISIT_SCHEDULE

FK: PtiD -+ Patient_Information.PtiD

»

Foreign keys:

Key Target

PatientID v @ Av @

+ Add foreign key

»

£ Laboratory_Results

»

BB Patient_Information

PK: PtID fe  FK: PtID -+ Patient_Information.PtiD
Date i

Jan 1, 1/00:53

Date createds

Oct 27,2025,17:35

»

HH Concomitant_Medicatio...
PK: StartDt Size:
FK: PtID + Patient_information.PtiD 11.66 KB

Columns:

6

Analyzed Rows:
246

6sas
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SAS® Data Maker

at
8

2 Al Week 2025 Demo

Source Data Training

Summary Scores

Histogram Similarity

Mutual Information Similarity

Cross-Table Mutual Informatio...

Degree Distribution Similarity

Sample Data

Copyright © SAS Institute Inc. All rights reserved.

Evaluation Generation T  ®Oct27,2025,17:31 v

Histogram Similarity Column  Adverse_Events.EventDesc (76%) v

0.4 4

035 EventDesc: Fatigue

0.2973

Source:

EventDesc: Fatigue

Synthetic: 0.2857

0.2 4

0.1+

0.0 -

Dizziness Fatigue Headache Nausea

Source Synthetic Intersection
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SAS® Data Maker

@
8

2 Al Week 2025 Demo

Source Data Training Evaluation Generation T (@ Oct27, 2025, 17:31 v

Summary Scores

Histogram Similarity

Degree Distribution Similarity Tables  Patient_Information -+ Adverse_Events (88%)43_
Mutual Information Similarity
Cross-Table Mutual Informatio... Patient_Information Adverse_Events
0.4 5 1.0
Degree Distribution Similarity
Sample Data
0.8 4
0.3 4
0.6
0.2 4
0.4 4
0.1 4
0.2
0.0 - 0.0 -
0 1 2 3 1
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SAS Data Maker Process

connect-share-advance

7\ : :
p@e Synthetic data generation follows these common steps

= <
AN
Onboard Select Pre-process Configure Train
data variables original data  generation generation
parameters model

Prepare

phuse.global
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Common algorithms to generate synthetic data

/ N\ connect-share-advance

phuse
NS ‘ Synthetic Minority
Oversampling

Nearest Neighbor Technique
(SMOTE)

General Adversari2 Deep-learning

Networks based generative

(“GANS ol Technique

Useful
Consists of ‘generator’ /| for RWE Can reduce

and ‘discriminator’ model bias

compenEll Canberun  ° Canimprove the accuragy

on SAS Viya ML models on imbalanct

Can create many datasets

types of data

Can create
unrealistic data
points

Computationally
Intensive
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phuse Use SAS Studio Custom Steps on SAS Viya to train, score

Options  View

and assess synthetic data models

Training a Synthetic Data Model

£ Open @ Save All

 StrtPage

> Run

&

Flow  Generated Cade

2 Connect to CAS

Create CAS
Session and.

2 Train Synthetic Dala Generator

@4.

Select input
dat:

Train a

Synthetic Dat...

P Synthetic Data Genoraion - Training Flowfhw

BE %

—0
N
SYNTHETICDA
TA
Data
Generator

+

9

@

QOriginal
Training Data

0~

Scared
Synthetic Data

2 Assess Trained Model

O
=g
a

Generate
Distribution.

Generate
correlation.

A Wind Down

Terminate
CAS Session

Develop SAS Cade

Submission

Distribution of CLAGE

Corr matrix for real data

MORTOUE -

® B 5AS Studio compute context

Distribution of CLAGE

Corr matrix for synthetic data

& Resover (49)

60012022,23:14:00 £

& Submissin (0)

®

Options  View [3 Open @ Save Al

[§ StanPage P * Synthetic Data Generation - Scaring Flow.fw x

B Run ¢ BE %

Flow  Genorated Code

2 Connectto CAS

(]
Create CAS
Session and...

% Generate Synthetic Data

@ E
9

Selected Data
Generator

Generate Generated
Synthetic Data Data

2 Assess Generated Data

o

Original Generate
Training Data Distribution...

@Z\» 5

Scored Generate
Synthetic Data correlation...

2 Wind Down

&

Terminate
CAS Session

(using tabularGAN

Generating Synthetic Data

-
SAS® Studic - Develop SAS Code

@ [ sAS Swdic compute context

View * 6 0ct 2022, 23:30:27 §

Submissios

Code Log  Rosuhts

Results from astore.score

Output CAS Tables

Number Number
of Rows of Columns

) HMEQ_SAMPLES 5000 5

CAS Library Name
CASL

Task Timing
Task Seconds Percent
Loading the Store  0.0000060827 2.2571927E-6
Creating the State  0.355340004 0.0083477147
Scoring 42.211486101  0.991640232
Total 42.567339182 1

Distribution of BAD
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Rhuse  gynthetic Data Generation Using SAS® Data Maker

SAS® Data Maker ? T SAS® Data Maker ? S

3 HLS Test
Source Data Training Evaluation Generation

The model has been trained. Make a copy to train with different settings

Structure | Columns
8 Adverse_Events .

8 Concomitant_M,
B Drug_Administr...
B Laboratory_Res...
B Patient_Disposi.

BB Patient_Informa...

Visit_Schedule

[ Patient_Information 2 R Patient_Disposition
PK:PUD PK: PHID
FK: PUD  Patient_informat

phuse.global

Screenshot For lllust

[ Visit_Schedule

| F: PtiD » Patient_Disposition PtID.

[ Laboratory_Results

FK: PtiD » Patient.Disposition.PtiD.

R Drug_Administration

PatientiD - Patient_Disposition.PtiD

[l Concomitant_Medications
| pK: StantDt
FX: PLID > Patient_Disposition PHID.

[l Adverse_Events

| FK: PatientiD - Patient Disposition.PtiD

) 4 Aug 2025 at 12:01

Make a Copy and Edit

Patient_Disposition

HLS/Patient_Disposition.csv

Table type: ®

Tabular

Primary key: @

PtiD

Foreign keys

Target

PtID Patient_Information...

Date modified:

31Dec1at19:03

24 Jun 2025 at 11:25

772 Bytes

% Clinical Data Project Iteration 7

Source Data Training Evaluation Generation

Summary Scores
Histogram Similarity

Mutual Information Similarity

Cross-Table Mutual Information Similarity
Degree Distribution Similarity

Sample Data

Histogram Similarity

87%

Cross-Table Mutual Information Similarity

64%

Density Disclosure

25%

Aggregated Sequential Histogram Similarity

55%

Histogram Similarity

©  ©210ct 2025 at 18:26

Mutual Information Similarity

80%

Degree Distribution Similarity

93%

Presence Disclosure

100%

Column  Adverse_Events.EventDesc (96.4%) v




p@e Health authorities’ stance on synthetic data =~ o

N

EUROPEAN MEDICINES AGENCY
SCIENCE MEDICINES HEALTH

Exploring possibilities Pilot programs to evaluate novel trial

methodologies, including synthetic data

Guidance draft guidance (January not yet released any formal guidance on synthetic
2025) on the use of data in drug development.
Artificial Intelligence
(Al)

Focus Need for rigorous transparency, reproducibility and audit trails,
validation, bias ethical oversight, and risk validation, rigorous

mitigation, and proper evaluation in synthetic datasets and applications
evaluation methods.
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phuse Key Takeaways
N

« Synthetic data has the potential to be a candidate for a Game
Changer in Drug Development

e Synthetic data should not be used in isolation, but rather in a
well-designed process

« Health authorities are exploring possibilities with synthetic
data
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