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Introduction

Real World Evidence (RWE) means evidence obtained from Real World Data 
(RWD), which are observational data obtained outside the context of 
randomized controlled trials (RCTs) and generated during routine clinical 
practice.

 The characteristics of RWD, the 
game changer

 Various formats of data means 
various analytics tools & 
solutions are needed

 Unconventional techniques are 
needed

Source: “GLOBAL REAL WORLD EVIDENCE SOLUTIONS MARKET RESEARCH REPORT FORECAST 2018–2025”
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Problem Definition
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The characteristics of RWD compared to Clinical Trial Data

Real World Data

• Big data
• Unstructured data
• Longitudinal data
• Sparse data
• Not randomized

Clinical Trial Data

• Not so big
• Structured data
• Cross sectional data
• Dense data
• Randomized

The sources of RWD:
Electronic health records, medical claims, wearable devices, patient-reported outcomes 
such as forums, social media, etc.
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Unstructured data
(example)

Many sources of RWD contain large amounts of texts (e.g., EHRs, patient-reported outcomes 
such as forums, social media). We need to parse and vectorize it in order to proceed analytics 
using AI. Topic extraction, sentimental analysis, etc., can be applied. These techniques are 
crucial especially in the field of adverse event detection and pharmacovigilance activities as 
well as regulatory compliance activities.

Topic segmentation based on LSA
Source: “Women’s E-Commerce Clothing Reviews” (Kaggle dataset)
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Sparse data
(example)

The reason why RWD tends to be 
sparse is that many different kinds of 
treatments exist. 

However, the patients of interest do 
not take all. Here emerge the missing 
values that makes the matrix sparse 
when one-hot encoding is applied.

The drawback of sparse data:
In general, it’s difficult to learn 
compared to with dense data, e.g., 
SVMs fail to estimate parameters 
during training.

Patient Treatment Outcome
Alice drug 1 1
Alice drug 2
Alice drug 3 5
Alice drug 4
Alice drug 5
Alice drug 6
Alice drug 7
Alice drug 8

Patient Treatment Outcome
Bob drug 1
Bob drug 2 3
Bob drug 3
Bob drug 4
Bob drug 5
Bob drug 6
Bob drug 7 11
Bob drug 8

Patient Treatment Outcome
Charlie drug 1
Charlie drug 2
Charlie drug 3
Charlie drug 4
Charlie drug 5 9
Charlie drug 6
Charlie drug 7
Charlie drug 8

Alice Bob Charlie drug1 drug2 drug3 drug4 drug5 drug6 drug7 drug8 Outcome
1 0 0 1 0 0 0 0 0 0 0 1
1 0 0 0 0 1 0 0 0 0 0 5
0 1 0 0 1 0 0 0 0 0 0 3
0 1 0 0 0 0 0 0 0 1 0 11
0 0 1 0 0 0 0 1 0 0 0 9
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Not randomized data
(example)

In order to calculate the Average Treatment Effect (ATE) under this restriction, we ideally need both 
Outcome y_0 and Outcome y_1 for each patient. However, it is not realistic to have both in real 
world. 
Traditionally, Propensity Score Matching, Inverse Probability of Treatment Weights (IPTWs) have been 
used to calculate ATE. However, those methods are vulnerable to noise which increases as the 
number of covariates increases.
Here counterfactual prediction methods such as G Computation, Targeted Maximum Likelihood 
Estimation (TMLE), Variational Autoencoder (VAE) , etc., come into play.

Patient Untreated Treated Outcome (y_0) Outcome (y_1)

Alice 0 1 3
Bob 0 1 7
Charlie 0 1 9
Dave 1 0 6
Eve 1 0 7
Frank 1 0 6

RWD is not designed as a randomized 
control trial. You cannot compare the 
outcomes between treated and untreated.
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AI IN HEALTH CARE AND LIFE SCIENCES

INFERENCE PREDICTION

 Two-sample Hypothesis Testing
 ANOVA
 ANCOVA
 Linear Regression Analysis
 Generalized Linear Models

CAUSAL INFERENCE

Randomized Controlled Trial 
Data 

Longitudinal Data         
(Repeated Cross-sectional Data)

Not-randomized Data

 Propensity Score Matching
 Invers Probability of Treatment Weights
 G Computation
 Targeted Maximum Likelihood Estimation
 Variational Autoencoder

 Generalized Linear Models
 Support Vector Machine
 Decision Tree
 Deep Neural Network
 Factorization Machines
 Generative Adversarial Networks



Company  Conf ident ia l  – For Internal  Use Only
Copyright  © SAS Inst itute  Inc.  A l l  r ights reserved.

Technique & Mechanism
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CAS & SPRE
Viya has two compute engines

CAS: Cloud Analytic Services
• The in-memory engine
• Data is distributed across all CAS 

worker nodes and threads
• Processing is done in parallel

SPRE: SAS Programming Runtime Environment 
• Also referred to as Viya’s Compute Server
• Also referred to as Viya’s Workspace Server
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The use case of Text Mining with Viya
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SAS Visual Text Analytics
NLP by combination of ML & Rules-based methods

SAS Visual Text Analytics (VTA) provides integrated functions for text analytics through GUI.  VTA 
automatically extracts information and enables to generate valuable insights with combinations of 
other analytical & machine learning methods from text.

14

Automatic tagging
(categorization)

123ABC XYZ

Early detection 
of problem

Identification 
of context

Cause analysis 
of problem

Major use cases  Enables NLP with GUI on web browser  
 Creates visual text analytics model through 

only a few clicks
 Realizes not only automatic creation but also 

fine tuning of text analytics model
 32 languages including English & Japanese 

are supported.
 The following functions are provided.

• Extraction of  concept
• Text mining
• Sentiment analysis
• Automatic extraction of topics by machine 

learning and rule creation for categorization
• Tagging 
• Deployment of model for categorizing and 

scoring (Real time scoring is also available)
• Structures text and integrates with predictive 

model

Major functions

Visual Text Analytics
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Use case of demo for NLP: Regulatory Intelligence process

Known
sources

Data Identification 
& Collection

Analysis Strategy

Constantly 
changing…

Planning
Impact assessments

Continual updating
Live feeds

Filter
Compare
Patterns
Review
Trends

Context
interpret

Oral
Written

Searches
Networking

Published articles
Competitor details
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Translate 4.1“Indication” field into English 
using Python & Google API

Merge both outputs and create 
XLS report
(SAS Studio)

Translated text overwrites 
the column in the FINAL XLS 

report

Run Post-Processing code: 
Applying  (1) business rules Deduplication 

(2) Concatenation and (3) Transposing data
(SAS Studio) 

1.2 Run the PAR VTA score code 
to extract fields

(SAS Visual Text Analytics)

2.2. Run the SMPC VTA score 
code to extract fields

(SAS Visual Text Analytics)

2.1b Update (manually) 
Rule in SAS VTA based on output 

quality check 

2.1a Data 
QualityCheck
(SMPC Titles) 
using Python NO Title 

discrepancies

Title discrepancies found SMPC(s) 
versus Existing SAS VTA rule

(start) All PAR/PILs and 
SMPC documents 
available in Viya 

document directory
(data Explorer-Manage data) 1.1 Read the PAR documents 

into CAS table
(data Explorer-Manage data)

2.1 Read the SMPC documents 
into CAS table

(data Explorer-Manage data)

PAR/PILs SMPC
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Text Analytics for automated report generation
(example)
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The Demo for Implementing Factorization Machines with Viya
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Factorization Machines
The overview and its basic algorithm

Factorization Machines are proposed by Steffen Rendle when he was studying in Osaka Universty, 
Japan in 2010. 

Users = {Alice (A), Bob (B), Charlie (C), …}
Items = {Titanic (TI), Notting Hill (NH), Star Wars (SW), Star Trek (ST), …}

The observed data =
{(A, TI, 2010-1, 5), (A, NH, 2010-2, 3), (A, SW, 2010-4, 1), (B, SW, 2009-5, 4), 
(B, ST, 2009-8, 5), (C, TI, 2009-9, 1), (C, SW, 2009-12, 5)}

w_0: 
global bias (the average rating over all users and movies)

w_i, <v_i, v_j>:
per-user bias (the average of the ratings given by the user)
per-item bias (the average of the ratings given to that movie)
pairwise interaction term between the user and that particular movie



Company  Conf ident ia l  – For Internal  Use Only
Copyright  © SAS Inst itute  Inc.  A l l  r ights reserved.

PROC FACTMAC

Generalized matrix factorizations, among other techniques read and write data in distributed 
form, and perform factorization in parallel by making full use of multicore computers or 
distributed computing environments.

The following statements show how to use PROC FACTMAC to predict movie ratings:

--------------------------------------------
proc factmac data=mycas.movlens nfactors=10 learnstep=0.15

maxiter=20  outmodel=mycas.factors;

input userid itemid /level=nominal;
target rating /level=interval;
output out=mycas.out1 copyvars=(userid itemid rating);

run;

Source: “SAS Visual Data Mining and Machine Learning 8.1: Data Mining and Machine Learning Procedures” (SAS Institute Inc.)
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1. ETL

4. SAS Visual 
Analytics

3. Output

Jupyter Notebook 
(Python)

SAS Viya (GUI)2. CAS (SWAT)

5. Recommendation 

Process Flow
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DEMO
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Stay tuned…
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PROC CAUSALTRT

Estimates the average causal effect of a binary treatment, T, on a continuous or discrete 
outcome, Y. 
Good for data from nonrandomized trials or observational studies.

The following statements invoke PROC CAUSALTRT to estimate the ATE of attending a 
Catholic high school on math scores:

--------------------------------------------
ods graphics on;
proc causaltrt data=school covdiffps poutcomemod nthreads=2;

class Income FatherEd MotherEd;
psmodel Catholic(ref='No') = Income FatherEd MotherEd;
model Math = BaseMath Income FatherEd MotherEd;
bootstrap seed=1234 plots=hist(effect);

run;

Source: “Estimating Causal Effects from Observational Data with the CAUSALTRT Procedure” (Michael Lamm and Yiu-Fai Yung, SAS Institute Inc.)
“ENHANCING THE APPLICATION OF REAL WORLD EVIDENCE WITH EPISODE-OF-CARE ANALYTICS” (David Olaleye and Lina Clover, SAS, Cary, NC)
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Conclusion

For sparse data, SAS Viya can be used for handling sparse matrix and missing 
values 

For unstructured data, SAS Viya can be used for handling text data and further 
NLP

For causal inference, SAS provides special procedures to calculate ATE

SAS Viya provides various types of capabilities to handle RWD depending on 
its forms
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Thank you !

http://www.sas.com/
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