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• Introduction
• Solving Complex Problems
• SAS Real World Evidence
• Supervised and Unsupervised Signal Detection Methods
• Use Case
• Diabetes Medications and Acute Myocardial Infarction

• Conclusion
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Real World 
Data

WHAT

Real World 
Patients

HOW

Real World 
Questions

EXECUTE

Patient safety and 
drug surveillance

Treatment pathways

Solving Complex Problems

Market safe and 
effective products

Increase shareholder 
value

Volume
Velocity
Variety
Veracity
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Keys to Signals Detection and Safety Analysis

• Guided analysis
• Ad hoc analysis
• Medical review
• Planned studies

• Monitoring
• Triage
• Auditing
• Optimization

• Signal 
algorithms

• Data mining
• Text mining
• Exploration

• Integration
• Quality data
• Batch analysis
• Monitoring

Data 
Integration/
Process 
Automation

Signals 
and 
Hypothesis 
Generation

Safety
Signals 
Analysis

Signals 
Management
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SAS® Real World Evidence

• SAS® Visual Analytics platform  
• Manage, analyze, and visualize real world data
• Cohort creation and discovery

- Process cohorts based on simple/complex query logic and rules

- Temporal relationships across different event codes – diagnoses, procedures, prescriptions, labs, etc.

- Create user-defined and pre-defined analysis variables

• Pre-built analytical add-in models 
• Integrated with SAS Visual Analytics for visualization and reporting
• Advanced analytics using SAS® Viya® machine learning algorithms
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Analytic Cohort Discovery and Creation
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Simplified Cohort Creation Logic and Rules
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User-defined and Pre-defined Analysis Variables
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Built-in Add-in Model and Analysis Templates

10



This information  i s  conf ident ia l  and covered under  the  terms of  any  SAS 

agreements as executed by  customer  and SAS Inst i tute  Inc . .

Signal Detection Methods
Goal: Measure strength of dependency between a product and a specific AE term

• Unsupervised (disproportionality analysis) methods

• Frequentist: PRR, ROR, Chi-square 

• Bayesian: BCPNN/IC-2SD, MGPS/EBGM, BBR, AdjRS

• Supervised methods

• Propensity score and causal analysis

• Logistic/Linear/Mixed-effects regression

• Advanced machine learning methods

- Neural Networks, Decision Tree, SVM, etc.

• Others

- SAS® Detection and SAS® Visual Investigator

Condition Event No 

Event

Total

Drug

Exposed n11 n10 n1.

Not exposed n01 n00 n0.

Total n.1 n.0 n..

Score = Observed(O)/Expected(E)
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Unsupervised Methods
BCPNN/IC – Lindquist and Bates et. al. (1998)

• Score metric (IC): E(IC) -2√ V(IC) > 0

• E(ICij) = log2{ 
[(cij+γij)(C+α)(C+β)]/[(C+γ)(ci+αi)(cj+βj)]}

• γ =  γij{ [(C+α)(C+β)] / [(ci+αi)(cj+βj)] } and

• γij=1, αi=1, α=2,  βj=1,  β=2; C= n.., cij= n11, ci= n1., cj= n.1 

ROR
• Score metric:(ROR–1.96SE) > 1 
• ROR = (n11*n00) / (n10 *n01)

• SE(In ROR) = 
√(1/n11 + 1/n10 + 1/n01 + 1/n00)

MGPS/EBGM/EB05 – DuMouchel (2000)

• Score metric: EB05 > 2

• EBGMij = 2EBlog2ij

• EB05 ≈  EBGMij * exp {-1.645/√(cij + 1)} and

• EB95 ≈  EBGMij * exp {1.645/√(cij + 1)}

where cij = n11

PRR – Evans et. al. (2001)

• Score metric:(PRR–1.96SE) > 1 

• PRR = (n11/n1.) / (n01 / n0.)

SE(In PRR) = 

√(1/n11 - 1/n1. + 1/n01 - 1/n0.)
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Supervised Methods
PROC STDRATE 
• computes directly standardized rates and risks for study populations.
• PROC STDRATE data=<name of dataset>  METHOD=mh STAT=risk/rate EFFECT=diff/ratio plots=all; 

POPULATION GROUP=<treatment variable> EVENT=<outcome event> TOTAL=<Patients/PYears>;

STRATA  <List of stratification variables> / order=data STATS(cl=<options>) EFFECT; RUN; 

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.

• PROC CAUSALTRT data=< name of data set > method=AIPW covdiffps PPSMODEL
POUTCOMEMOD; 

• CLASS < list of class variables >; 

• PSMODEL <treatment variable> =  < List of variables for propensity score matching > / 
plots=(PSDist pscovden(effects(name of variables))); 

• MODEL <outcome variable> = < List of variables for outcome event prediction > / <options>; 

• BOOTSTRAP bootci(all) plot=hist seed=1234;  RUN;
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Cohort Use Case and Demonstration
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Use Case: Study Objectives

• Perform unsupervised signal detection of adverse events that may be 
associated with disproportionate reporting of diabetes medication drug 
codes

• Investigate association between diabetes medication drug codes and 
incidence of AMI in T2DM patient cohort
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Use Case: Study Cohort Design and Setup

• At least one prescription for diabetes medications in the following drug classes: alpha-
glucosidase inhibitors or dopamine agonist or dipeptidyl peptidase-4 or glucagon or 
meglitinides or sodium glucose transporter or sulfonylureas or thiazolidinediones or 
biguanides (Medication first-fill date = index event date)

• Diabetes Dx: ECQM value set =“2.16.840.1.113883.3.464.1003.103.12.1001”
• Age >= 18
• Demographics, Charlson comorbidity risk factors, etc.

Study Start 
Date

Index Event 
Date

Baseline Period

Exposure Group Observation  Window

01/01/2008 – 12/31/2010
Study End 

Date

Follow-up Period 

Covariates/Comorbidity Risk Factors
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Use Case: Study Cohort Setup Using SAS®RWE 
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Unsupervised (Disproportionality) Signal Detection Analysis
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Disproportionality Analysis: Diabetes Medications and AMI
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Disproportionality Analysis: Diabetes Medications and AMI
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Disproportionality Trend Analysis: Selected Diabetes 
Medications and AMI
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Supervised Signal Detection Analysis: Diabetes 
Medications and AMI
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Supervised Signal Detection Analysis: Diabetes 
Medications and AMI
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Observational
Data

WHAT

SAS Real World 
Evidence

HOW

Signal detection 
analyses

EXECUTE

Investigate and 
answer real world 

questions

Discover and visualize 
patient cohort

Conclusion

Proactively detect 
and act on adverse 

drug reactions

Minimize errors and 
reduce false-positive 

signals

Early detection of 
drug safety issues

Patient healthcare 
journeys
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