s

Embrace Real-world Data and Enhant‘@Your A'-

Approaches with New SAS" Open Platforr_r_\_,’,_;.-‘"_-" ? s

1
3 !

phuse connect EU 201 9 ' f' 5,}, ,.1‘_' ml '
\ J  connectshare-advance “ '. rirlﬁ)

m‘;gm%mb“ The Clinical Data

The Netherlands - Science Conference

Sherrine Eid — MPH, Principal Industry Consultant, RWE, Epidemiology/Biostatistics, SAS
Stijn Rogiers — Principal Industry Consultant, Global Health and Life Sciences Practice

Gsas



Scope

1. Feasibility 2.Enrollment = SIS

) . & Anomaly
Analysis Optimization :
Analysis

Study Planning Phase
Study Initiation /
Setup Phase
Study Submission
Phase
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Comparative
effectiveness
Cost-utility
Budget Impact
Long-term
Outcomes

Direct/Indirect Cost
Cost:Outcomes
Cost Consequences
Resource Utilization
QALY

Maximize product value: Beyond efficacy and safety

Value Message

Society

Payer/HTA

Economic

Efficacy
Safety
Morbidity
Mortality

Clinical

Case Study: Maximize Product Value with Real World Evidence, Maria Kubin, VP Bayer Healthcare —Eye for Pharma

Equal access to healthcare

Return to work
Caregiver burden
Productivity

Patient

Provider

Morbidity, Mortality
Symptoms
Functionality
Preferences

Quality of Life

Effectiveness
Tolerability
Safety
Compliance
Adherence
Convenience
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Recent Industry Activities

US FDA
Framework for FDA's Real World Evidence Program (Dec 2018)

National Academies of Science (US)
1. Real-World Evidence Generation and Evaluation of Therapeutics (Workshop 2017)

2. Examining the Impact of Real-World Evidence on Medical Product Development I. Incentives (Feb 2018)

3. Examining the Impact of Real-World Evidence on Medical Product Development Il. Practical Approaches (Jul 2018)

The Academy of Medical Sciences (UK)
1. Real-World Evidence Generation Scoping Roundtable (Jan 2018)

2. Next steps for using real world evidence (May 2018)
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https://www.nap.edu/catalog/24685/real-world-evidence-generation-and-evaluation-of-therapeutics-proceedings-of
http://nationalacademies.org/hmd/activities/research/drugforum/2017-SEP-19/proceedings-of-a-workshop-in-brief
http://www.nationalacademies.org/hmd/Activities/Research/DrugForum/2018-MAR-06/proceedings-of-a-workshop-in-brief
https://www.nap.edu/catalog/24685/real-world-evidence-generation-and-evaluation-of-therapeutics-proceedings-of
https://acmedsci.ac.uk/more/events/real-world-evidence-scoping-roundtable
https://acmedsci.ac.uk/more/news/next-steps-for-using-real-world-evidence
https://www.fda.gov/downloads/ScienceResearch/SpecialTopics/RealWorldEvidence/UCM627769.pdf

Expanding the Use of Real-
World Evidence in Regulatory

‘ and Value-Based Payment

¢ Decision-Making for Drugs
and Biologics
August 2019

£\

BIPARTISAN POLICY CENTER

Recent Industry Activities

Conclusion

Real-world evidence generated from the application of appropriate research methods and analysis of data derived from clinical, claims, and patient-
facing software and systems can play a significant role in improving and medernizing both the drug evaluation and approval process and new value-
based payment arrangements in the United States. Progress has already been made by the FDA in establishing a framework for the use of real-world
evidence for regulatory decision-making. Significant progress has also been made by ONC and CMS in advancing interoperability and use of common

standards in systems, particularly through the development of recently proposed rules. Recent efforts by HHS to promote regulatory reforms can also
play a key role in modemizing evidence development.

Regulatory and payment decision-making will be informed and improved by improving regulatory clarity; increasing support for real-world evidence
activities; enabling access to and analysis of data; improving its reliability and relevance; expanding pilot and demonstration projects; clearing
regulatory barriers; building capacity within federal agencies; and promoting collaboration among payers, regulators, and other key stakeholders
around the generation and use of real-world evidence. These steps will ultimately help to accelerate the availability of safe, effective, and affordable
medicines for patients in need.

Reference: https://bipartisanpolicy.org/report/expanding-the-use-of-realworld-evidence-in-

regulatory-and-value-based-payment-decision-making-for-drugs-and-biologics/
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Recent Industry Activities

HMA

Heads of Medicnes Agencies EUROPEAN MEDICINES AGENCY

SIGHUESNIGRE MEDICINES HEEZANL EH

HMA Road to defining regulatory acceptability -

FUROPEAN MEDICINES AGENCY

Big Data - Challenges and Opportunities

Moving forward with recommendations from @ @
the HMA-EMA Joint Big Data taskforce @ s

T — - ) ? S Regulatory acceptability

Principal Scientific Administrator
Pharmacovigilance and Epidemiology Department

CDISC European Exchange May 2019 Data Analytics

iagnostics

An agency of the European Union _

Medical Devices / In vitro

Data Standardisation

>Big Data<
Data Quality

CDISC European Interchange May 2019

Data Sha
Access

Skills and Knowledge
Communication and Engagement

Osas



EMA

EUROPEAN MEDICINES AGENCY m

SCIENCE MEDICINES HEALTH

Medicines v Human regulatory v Veterinary regulatory v Committees v News & events v Partners & networks v About us v

How to ensure that novel analytic methods are fit for decision-
making

News 02/10/2019

The past decade has seen the increased generation and availability of
new data sources such as real-world evidence, as well as patient-level
data from completed randomised clinical trials. While these data
provide an opportunity to learn more about a medicine’s benefits and
risks, and can complement the main body of evidence coming from
randomised clinical trials, they will not necessarily translate into
credible evidence for regulators and other decision-makers in the
absence of adequate statistical methods to extract, analyse, and
interpret them.

In an article published in Clinical Pharmacology & Therapeutics, regulators and academics explain how proper
methodological validation can ensure the credibility of these data sources and allow authorities to rely on them
to draw reliable scientific conclusions. The article is co-signed by a number of EMA staff members, academics

https://www.ema.europa.eu/en/news/how-ensure-novel-analytic-methods-are-fit-decision-making
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Recent Examples (Jan, 2018)

J&J performed a pragmatic real-world
trial, a randomized trial that used
measures that are collected in clinical
practice

“INVEGA SUSTENNAZ® (paliperidone palmitate), a
once-monthly schizophrenia treatment, is the first
and only antipsychotic to have the U.S. Food and
Drug Administration (FDA) approve the inclusion of
real-world data in its product labeling”

https://www.janssen.com/landmark-schizophrenia-data-bring-hope-breaking-cycle-hospitalization-and-incarceration-receive-fda

What's scary, and appealing, about real-world evidence (StatNews 2019)

Reference: “Real World Evidence in Clinical development, life cycle management and/or repurposing”
( Julijana Dukanovic, Andrew Leary — Dr. Regenold GmbH, SAS HLS Exec Forum Basel, 25 June 2019 )
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https://www.janssen.com/landmark-schizophrenia-data-bring-hope-breaking-cycle-hospitalization-and-incarceration-receive-fda
https://www.statnews.com/2019/03/06/whats-scary-and-appealing-about-real-world-evidence/

Recent Examples (Apr, 2019)

Pfizer Uses EHR Data to Support Expanded
Indication for Breast Cancer Drug

Ibrance”
| (palbociclib)
' capsules

N L -
5
li
l

e Use Only
For Oncology R Rx :)nh‘

21 Capsules

“The approval is based on RWD from electronic health
records and post-marketing reports of Ibrance™ in
male patients sourced from three databases: IQVIA
Insurance database, Flatiron Health Breast Cancer
database and the Pfizer global safety database”

Weal iy

https://www.raps.org/news-and-articles/news-articles/2019/4/pfizer-uses-ehr-data-to-support-expanded-indicatio

Reference: “Real World Evidence in Clinical development, life cycle management and/or repurposing”
( Julijana Dukanovic, Andrew Leary — Dr. Regenold GmbH, SAS HLS Exec Forum Basel, 25 June 2019 )
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Epidemiology Disease Medical Affairs

Mechanism ‘

Comorbidities
Pragmatic ‘
Trial . Y

. . Drug Outcome . HEOR
Pharmacovigilance Utilioat o Predictions Benefit O

Trial
Optimization

Economic
Regulatory ' ‘ Model ‘ Market Access

Affairs Patient Comparative
Synthetic Recruitment .

Effectiveness
Control Arms Patient Commercial

Journey

(JPRO (JCLAIMS RX (JCOA (/MORTALITY U2l
(JEMR (JLABS (JREGISTRY (JSAFETY (7DIGITAL (7SOCIAL MEDIA

(JCONSUMER



Scope

3. Sensitivity
& Anomaly
Analysis

2.Enrollment
Optimization

0. Real World
Data

Study Planning Phase
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Feasibility Analysis

How can sponsors accurately measure the feasibility of a protocol and plan accordingly to
achieve timely and cost-effective enrolilment and the quality data to advance their pipelines?

= True clinical trial feasibility includes strategic, scientific, operational, and patient recruitment considerations

= Focus is on the enrollability of a clinical trial

Protocol feasibility testing based on real world data

Site selection based on up-to-date information

= Traditional approach in our industry

Patient recruitment progress monitoring

v' Historical Data / Past Experiences, Previous Studies Improved data quality

(CRO, Pharma)
feasibility

v" Discussions with potential sites and Patient Organizations

Trial
execution

Trial site
selection

recruitment

v' Educated guesses

Ggsas



Hypothesis Generation

(example study / protocol)

udy Planning Phase

B u.s. National Library of Medicine

ClinicalTrials.gov

Find Studies « About Studies v Submit Studies = Resources v About Site =

Home >  SearchResults »  Study Record Detail [ Save this study

The PRECISE Protocol: Prospective Randomized Trial of the Optimal Evaluation of Cardiac Symptoms and Revascularization (PRECISE)

ClinicalTrials.gov Identifier: NCT03702244

The safety and scientific validity of this study is the responsibility of the study sponsor and investigators.
Recruitment Status @: Recruiting

First Posted @: October 11,2018
Last Update Posted @ : February 25,2019

Listing a study does not mean it has been evaluated by the U.S. Federal Government. Know the risks and
potential benefits of clinical studies and talk to your health care provider before participating. Read our

disclaimer for details.
See Contacts and Locations

Sponsor:
HeartFlow, Inc.

Collaborators:

Duke Clinical Research Institute
Cardiovascular Research Foundation, New York Study Description Goto EI

Information provided by (Responsible Party): Brief Summary:
HeartFlow, Inc. The study will be a prospective, pragmatic, randomized clinical trial of the comparative effectiveness of diagnostic evaluation strategies for stable CAD, to be performed in outpatient settings, including primary care and cardiology practices.

'—

Condition or disease €@ Intervention/treatment @ Phase @

Coronary Artery Disease Diagnostic Test: cCTA with selective FFRct Not Applicable
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Profiling the data

Home
= ter D_‘
Projects (20) 0 -
% Add-ins Profiling Report for 800K_CMS_ICD10_HAF44_RWE_20181025
Export Data Templates Member Information
rﬁ Index Event Definitions
Distribution By Age Group &% Death Statistics bl Distribution By Age 2 Distribution By Demogr... zu
E Data Sources

(0

100K_ICD10_SEA_RWE

2.3M_CMS_ICDO9_HAF44_20190121

((C

50K_CMS_ICD10_HAF44_RWE_20181023

(0

(((

800K member commercial data

(0

800K_CMS_ICDO9_HAF44_SEA_20181025

(0

800K_CMS_ICD10_HAF44_RWE_20181025 Distribution By Race i Enrollment Eligibility i

E I
H

o System Utilities

Coveage Type Dats Rangs @ fo 1, 2007-0ec 312071

wwerbers.
o

Mz n

e
-

Codes
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Creation ‘Index Event’ Definition
Acute coronary syndrome (ACS) Patients

Criteria

Inclusion Criteria:

*. Agezl8years

= Safe performance of cCTA:

1. Creatinine clearance =45 ml/min

2. For a female participant of childbearing potential, a pregnancy test must be performed with negative results known within 7 days prior to randomization

s Willingness to comply with all aspects of the protocol, including adherence to the assigned strategy and follow-up visits

¢ Ability to provide written informed consent

Index Event Definition: ACS Pts

v

-

Diagnoses - Dx
Diagnosis Related Groups
Prescriptions - Rx

Procedures - Px

+ + + +

«

Inclusion/Exclusion Criteria

v @ [0 ACS P
Expression label: | ACS Pis

Select relative index event optio

v Codes

Codes to be used by the g

Code
1240
4111
41181

1248

OO0 oo oo-g

1249

<«
»

(based on "Diagnoses - Dx")

N: | Use earliest date identified v

Value Set

Description

ACUTE CORONARY THROMBOS. ..

INTERMEDIATE CORONARY SYN...

ACUTE CORONARY OCCLUSIO...

OTHER FORMS OF ACUTE ISCH..

ACUTE ISCHEMIC HEART DISEA...

* Stable typical or atypical symptoms suggesting possible coronary artery disease (CAD) with further non-emergent testing or elective catheterization recommended to evaluate the presence of suspected CAD :

Selectnew codes.. ¥ <4 @
Type Vocabulary

DX ICD-10

DX ICD-9

DX ICD-9

DX ICD-10

DX ICD-10

OK

Cancel
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Creation ‘Index Event’ Definition
Acute coronary syndrome (ACS) Patients — Cont’d

Showing 1 codes out of 1 matching codes.

Voocabulary Code Code Description Chapter Section Level 3 Level 4

O oo 1242 ACUTE ISCHEMIC HEART DISEASE, UNSPECIFED DISEASES OF TH.. ISCHEMIC HEART DISEASES (120-125 OTHER ACUTE ISCHEMIC HEART DISEASES ACUTE ISCHEMIC....

Only show codes with these values

Showdng 9 codes out of 9 matching codes.

O Vocabulary Code Code ST ELEVATION (STEMI) MYOCARDIAL INFARCTION OF ANTERIOR WALL (count = 3 Level 4 Lovel 5 Lovel &
CTELE T10 STE MYOCARD FARCTIO OF FERIOR T -

O e ane et ELEVATION (STE OCARDIAL INFARCTION OF INFERIOR WALL (count = 2

L Co.2 4118 U
STELR STEMI) MYOCARD FARCTION OF OTHER SITES (count =
=1 SLEVAIEON (O e =S AL Vr o = )y Cou =

Oa0ao
o
5

00
0
()]
)
)
ra
4
m
r

Oo0ao

‘

(v}

.
i

3

q
.

Ggsas



Cohort Generation
Selection ‘Index Event’ Definition

(1 ? Cohort 2® Analysis Variables 3 | Add-ins
o 2 v
. -~

Demographics ¥ Index Event ACS Pis = n=98,661 @ 1]
Diagnoses - Dx

ICD-10 Diagnosis Cades 94461 Name A Description Default Base... Default Follo... Owner
Diagnosis Related Groups ACS Pis Newly Diagnosed ACS Pts 12 36 sheidz l

- i i ! 765 U | Atrial Fibrillatior
MS-DRG Diagnosis Codes rla forERen Newly diagnosed Afib patients -6 60 sheidz
Patients
¥ Laboratory Results
U Breast Cancer Pis -6 18 ancoom
LOINC Codes
oy hoy.w ¥ 12 ~ woties [ S ¥ 60 ~

b Chemistry Custom Baseline (months): Custom Follow-up (months):
» Hematology

Ggsas



Cohort Generation
Inclusion Criteria: Age at Study Start (>=18)

Criteria

Inclusion Criteria:

* Stable typical or atypical symptoms suggesting possible coronary artery disease (CAD) with further non-emergent testing or elective catheterization recommended to evaluate the presence of suspected CAD
s Safe performance of cCTA:

1. Creatinine clearance =45 ml/min

2. For a female participant of childbearing potential, a pregnancy test must be performed with negative results known within 7 days prior to randomization
¢ Willingness to comply with all aspects of the protocol, including adherence to the assigned strategy and follow-up visits

» Ability to provide written informed consent

<
| 4

v @ [ 18+ n=98,661
Expression label: | 18+ (based on "Age at Index Event”)

AGE_AT_INDEX_DT | ~= « Value: |18
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Cohort Generation
Exclusion Criteria: GFR (<45

Exclusion Criteria:
s Acute chest pain
* Unstable clinical status
s Noninvasive ar invasive CV testing for CAD within 1 year
s Lifetime history of any obstructive CAD (no prior CABG or PCI, stenosis 250%), or known EF =40% or moderate to severe valvular or congenital cardiac disease

s Contraindications to cCTA including but not limited to estimated creatinine clearance (GFR) <45 ml/min

s Any condition leading to possible inability to comply with the protocol

» Exceeds the weight or size limit for cCTA or cardiac catheterization at the site
» Life expectancy less than 2 years due to non-cardiovascular comorbidities
* Enrolled in an investigational trial that involves a non-approved cardiac drug or device which has not reached its primary endpeint

s Any condition that might interfere with the study procedures or follow-up

v @ (] NOT(CABG OR CV Testing for CAD OR GFR OR Hx of Obstructive CAD )

CABG CV Testing for CAD GFR Hx of Obstructive CAD

Expression label: | gER (based on "LOINC Codes'

4 )
Choose test type:

() Determine whether the selected tests were performed
(®) Compare results from the selected tests with a specific numeric value
(O Compare results from the selected tests with a specific character value

(O Show test results within a range category

- j

< v | Value: |45
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nclusion/Exclusion Criteria

v Codes

Cohort Generation
Exclusion Criteria: GFR (<45) — Cont’d

<
[

Codes to be used by the query:

O O oo ooo oo

TNOET A

Value Set

(o

Deascription

REMAL FUNCTION 2000 PA...

RESIDUAL REMAL FUMCTI...

DEPRECATED REMAL FUN...

STANDARD PROCESS FOL...

CREATININE REMAL CLEAR. ..

CREATIMINE REMAL CLEAR...

CREATININE REMAL CLEAR...

O ATIRNBIC 1L EADARTC

Selectnew codes... ¥ |4 6

Type Vocabulary

LAB LOINC .
LAB LOINC

LAB LOINC

LAE LOINC

LAB LOINC

LAE LOINC

LAB LOINC

AR Nl

Ggsas



Cohort Generation

Exclusion Criteria:

o pcube chest pain

L]

L]

CABG

Expression label: | chest Pain

Unstable clinical status

Honinvasive or invasive OV testing for CAD within 1 year

Exclusion Criteria: Acute Chest Pain

Lifetime history of any obstructive CAD (no pricr CABG or PCI, stenosis =250%), or known EF 40% or moderate to severe valvular or congenital cardiac disease

Contraindications to cCTA including but not limited to estimated creatinine clearance [GFR) =45 ml/min

Chest Pain OV Testing for CAD GFR

v  Codes

Codes to be used by the query:

O o0ooooooo

]

Code Value Set

413

4130

4139

7865

78631

78652

78459

Hx of Obstructive CAD

({based on "Diagnoses - Dx")

Description
ANGINA PECTORIS

ANGINA DECUBITUS

OTHER AND UNSPECIFIED ANGI...

CHEST PAIN

PRECORDIAL PAIN

PAINFUL RESPIRATION

OTHER CHEST PAIN

Selectnew codes... ¥ |4 ®
Type Vecabulary
DX ICD-9
DX ICD-9
DX ICD-9
DX ICD-9
DX ICD-9
DX ICD-9
DX ICD-9
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Cohort Generation
What if scenario’s... What if we loosen exclusion criteria ?

S T AT Topics Opinion Podcast Video Newsletters Events Q Login Subscribe ¥ § TRY STAT PLUS

with newly diagnosed metastatic lung cancer. He had no heart disease,

N ot long ago, I examined an otherwise healthy and active man in his 50s

no kidney disease, no liver disease. He came to myv practice at UT

FIRST OPINION

Unnecessary exclusions shut patients out
Of C“ni Cal trials Disappointingly, one detail in his medical history excluded him from all of our

Southwestern Medical Center specifically for clinical trial options.

available trials. Four vears earlier, he had been treated for stage 1 prostate cancer,

By DAVID GERBER / APRIL 5, 2018

a disease so prevalent and nonaggressive that the U.S. government no longer

recommends routine screening for it. I couldn’t think of a single way in which the
patient’s prior experience with cancer would interfere with treatments or
assessments on a lung cancer trial. And yet I couldn’t enroll him.

Unfortunately, many sick patients are being denied the opportunity to test new

drugs that might save their lives. It’s time for this to change.

Running clinical trials effectively and efficiently 1s critical to medical progress, not
just 1 cancer care but across disciplines. Allowing more patients to be enrolled n
trials will speed the medical innovation process, allow more sick people to access
potentially beneficial therapies, and produce more generalized results. Spurred by
this month’s FDA meeting, lead researchers, sponsors, and regulators must rethink
their approach to clinical trial eligibility (5 Apr 2018).

https://www.statnews.com/2018/04/05/clinical-trials-excluding-patients/
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Cohort Generation
What if scenario’s... What if we loosen exclusion criteria ?

@ Cohort 2@ Analysis Variables 3 | Add-ins

I o
»  Index Event ACS Pts = n=98,661 @ o Cohort Variables
_ : Filters
nclusion/Exclusion Criteria = n=19,243 O
Mame Count / %
T 2

18+ 98,661 / 100%

y @0 18+ o 51 MOT [ CABG OR CV Testing
for CAD OR GFR OR Hx of 19 243/ 20%
Obstructive CAD )

v @ [0 NOT({CABG OR CV Testing for CAD OR GFR OR Hx of Obstructive CAD | ”1 2.3 14” > n=19,243

CABG CV Testing for CAD GFR Hx of Obstructive CAD

Expression label: | mARG (based on "Procedures - Px")

» Codes
User-defined Analysis Vanables

> Options 0 Nams Count / %
(] ChestXRay 79 /0%
]| HearFailurs 62,679/ 64%

{ Cardiac &ngicgraphy

O o EI' ngiegrEen) 46,723 / 47%
D { Hyperlipidemia Labs

OR Hyperiipidemia Dx ) 79,347 /81%



Analysis Variables
Select Pre-defined Analysis Variables

Home . ACS Hypothess Testing . ACS Pts 800K ICD10 Relaxed Criteria

Name: ACS Pts 800k_ICD10 Relaxed Criteria

Description: Created by Sherrine Eid on 9/3/2019, 11:07:02 AM

Date Range: Mov 1, 2007 - Dec 31, 2011

Data scurce: 800K_CMS_ICD10_HAF44 RWE_20181025 a=711.479
Data source description: 800K_CMS_ICD10_HAF44 RWE_20181025

Enroliment: Mone

n=636,950:59.53% ()

Final Cohort Count: n=19,243

Type: Index Event Cohort
B

Actions =

D

Predefined Variables

¥ Demography Varizbles
AGEGROUP_10: Age Group (0-9, 10-19, 20-29,
AGEGROUP_2: Age Group (<65, »=63)
AGEGROUP_4: Age Group (0-17, 18-44 4564,
AGEGROUP_S: Age Group (0-17, 18-39, 40-534,
AGEGROUP_&: Age Group (0-17, 18-34, 35-44,
CEMSUS_STATE: Census Sate Clazsification
ETHNICITY: Ethnicity
GEMDER_CD: Gender
RACE: Race
ZIP: Zip Code

¥ Diagnosis Variables
AFIB: Atrial Fibrillation
AFLUTTER: Atrial Flunter

AKIDMEYFAIL: Acute Kidney Failure

AMI: Acute Myecardisl Infarction

30-39, 4049, )

65+)
35-64, 65+)
45-54, 55-64, 65+)

L4

“

@

Postprocess Variables
Fredefined Varizbles
Mame
AGEGROUP_10
GENDER_CD
RACE
ZIP

ETHNICITY

1 Cohort @ Analysis Variables

Risk Factors

Description

5]

AGEGROUP_10: Age Group (0-9, 10-19, 20-29, 30-39, 4049, )

GEMDER_CD- Gender
RACE: Race
ZIP: Zip Code

ETHNICITY: Ethnicity

Remove

Ggsas



Analysis Variables
Risk Factors

& &
ICI Cohort @ Analysis Variables 3 | Add-ins
Postprocess Variables &
Predefined Variables Rizk Factors
Minimum frequency percent threshold: ~ 0 A Time Period:| Entire period v
0 Mame Description
O cMmsHCC CMS_HCC
O | CHARLSOM Cherlzon Risk Factor Set
0| ccs Clinical Classification Software Risk Factor Set
ELIXHAUSER Elixhauser Risk Factor Set
..... DSTAN}ARDStsr*dar:

Ggsas



Model & Ul development

Use SAS (industry) and company specific models

Add-in Builder: * Test

Properties Code Uszer Interface Add-in Builder: * Tast
MName: Properties Code User Interface
Binary Regression Predictive Model » Code Options Add-in Builder: * Test
Description: " o oy by R Properties Code User Irterface
Binary Regressicn Predictive ModelV1 - Uploaded: 1/10/2019, 2:42:26 PM : } :
1 Create an interface for setting run-time parameters
2 " Controls | Properties
v _— 3 * Macro: rwe_addin_binary_predmodel_main
nEtructans: la * Click a control to add it to the user interfacs.
Use plain text or text with HTML tags 5 * Authar: David Olalsye
- 8 8 5 * Label Checkbox Single Selection Multiple Selection
Model Neme:  Binery Regression Predictive Model . .
Version: 1.0 ; . Dete: June, 2017 Toxt... O v 0 -
escription: -in tas s logisti ssi binary
lefr poon: Lh.e Add .n.ta“k Pero.rm’ |D§ “tcl.refr.ewlgn :f N ”énTr} depen_i:;tc o * Purpose:  Macro to perform predictive model for a binary target model
Jor sensitivity analysis ; - . ) A
callbration and/or sensitivity analysis on te re anility o teh model are providec. [y * Add-in model will work with either a population cohort orindex event| | TextEntry Numaric Entry Diviger Lin=
MNote: This model does not support the “events/trials” modeling option. 11 *
. . i . X ABC123 123.456
12 * Parameters: See the list of required macro variables listed against the first %glc
Procedure Used: LOGISTIC i scripti s
e :i : See the model documentation guide for full description and usage of Usor Intorface - Work
For more information about the LOGISTIC procedure used for this task, please visi |15 * Macro Calls: Data and Input Variables Model Effects and Selection X Medel Output Options X | +
16 * checkVarExist - macro 1o check for existence of reguired variables O —selecttab
= - . Co i ' —selecta P
HTML tags sllowed: <ems <p> <brs 17 checkNonMissing - macro to check for null/empty SAS dataset
18 * rwe_utl_license_checks - check for setinits
19 * rwe_extract_cohaortdata - macro program to extract services data for co| | O Create predicted response data set with score information
Input data: | Cohort v 20 * rwe_utl_get_dataset_pointer - macro program to extract list of patients
121 * rwe_db_connect_info - macro program to connect to metadata databa
* A -
. . 22 rwe_utl_c.ielate_datase‘t macro program to delete temporary SAS detal | (D) Select statistics to display:
Test with project: | Opicids v 23 * rwe_utl_license_checks - macro program to check setinit information
24 * rwe_utl_add_message - macro program to add errors to the global err
. 25 * rwe_utl_load_global_macro_vars - macro program 1o load global maca . .
Test with cohort: - - - - - . artial co n
setwiEh eohe None v 126 * rwe_aa_utl_member_rf_score - macro program to create risk factor vari O 0 Partial correlatio
i ) . 27 * rwe_addin_pred_bintarget_medel - macro program to perform predict
Types of cohorts aailable for this add-in: 128 * rwe_utl_write_status_json - Write status json file to display error/warnin ~ ) -
Population Cohorts ndex Event Cohorts 129 * rwe_create_rf_label - macro to assign labels to risk factors stored in pris O Generslized R Squers:
30 -
31 * Disclaimer:USE-AS_|IS
Category: | B level O Predicive Model 32 * This add-in model is designed to work with RWE 4.2 solution and can | o Hosmer and Lemeshow goodness-offit
egory: | Panent-level Uutcomes Fredictive = 33 * using the add-in medel builder component of RWE 4.2 or run as an ad\
34 * the index event cohort creation process flow
g 35 * (@] [ Influence diegnostics
Visibility: _ ‘ 36 * History [ID |DATE | COMMENT
Public (allow athers to see and run this add-in) 37 * | daolal |06/22/2018 | Initial creation
O Example {for use within the Add-in Builder only) 38 N O Display default plots
39 * Notes:  The macro variables for error checks are temporary and 1o be define
10 “
41
4z /*
43 Copyright (c) 2018 by SAS Institute Inc., Cary, NC 27513 USA
a4 - All rights reserved
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Model & Ul development

Cohort Characterization Report

Tome . ALS Hypothess Testng - ACS Pts BOOK_ICD10 Relaxed Criteria

Relaxed Crizena

Final Cohort Count: n=19,243

Description: Created hormne Ed or 07:02 A) Data source description: - $CD10. Type: Index Eve
Dote Range: Nov1,.2007-Dec3] 2011 Enrolimont: Nong  messessn-sossn O -]
r2 @ Cohort _“I'{} Analysis Variables O Add-ins
d Cohort Characterzation  Sherrine Eid M@ Delate Run
¥ Cohort Characterization Reports (1) —
v § Cohont Cheracterzation (! o —
Sherrine Eid Repony [_\ D
e 5 B}, Demoaraphic Distribution *cts/POSTWDIWcb s/ JMFONNI1 Repont Ganerated 035ep2013:11:15:04
» Comparative Effoctivencss & Outcomes Resoarch (CEOR) (1) B . Acs Pts 22I0k_!l$p21l(r’\d§:':vxeﬁ:j crlte"a
» Incidence and Prevalence Rates (2) Cohort (.:Norview
# . ) TopDegn cedure and Drug de Value
» Patient-level Outcomes Predictive Model (10) Genaral Information
AP RUTREIRE - Nf -mbw o Top Gy Ve Cohort Cohiort Project Data Source Patients
» Custom Add-ins (3) = z Type
0 Ans ablé ACS Pts 800k_ICD10  Index ACS 800K_CMS_ICD10_MAF44_RWE_20181025 19243
7l Relaxed Criteria Event  Hypothesis
Testing
Age at Start of Study Deaths During Study
. . Study Start Date Study End Date Min Max Mean Median Deaths %
Re ma rk: ex|stin g November 01,2007  December31,2011 23 100 72 73 230 120%
*Age Caleulated using the Study Date and Computed Date of Birth
CUStO m er SAS m R Age at Boglnnlnﬁol Study
| H b b Min Max
p rog ra m | ra ry Ca n e Gender Race Patients Mortality
. . Female Black 1138 8 24 100
imported if already Hispanic 257 2 2 s
Other 378 8 26 98
d eve | O p e d White 9,160 98 24 100
: Male Black 737 1" 23 100
Hispanic 154 4 24 98
Other 313 6 26 9%
White 7.106 93 24 100 .
« »
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Visualization / Exploration

SAS® Visual Analytics - Explore and Visualize

o ACS End to End 9-12-19
Baseline Logistic Regression Decision Tree Neural Network Gradient Boosting Model Comparison Automated Explanation
Filters: 1 % > (1 x

Relaxed Eligibility Criteria Stringent Eligibility Criteria

Eligibility
mO
1

Gender-R

Age Groups-R Gender-S

5.4%

6.9%

43.0%

21.6% 57.0%!

1,875 24.1%
&1 a1 468
= s Age Group (0-9, 10-19, 20-29, 30-39, 40-49, =
Gender "z,) B, Y o% % W 70-79 m80-89 mb60-69 Gender %
EBF BM “ < % W >=90 | 50-59 M Other EmF BEM

12.5%

S M I 1|
Eligibility
mo
|1
Age Groups-S
5.4%

36.4%

22.5%

23.7%

Age Group (0-9, 10-19, 20-29, 30-39, 40-49, ...)
W 70-79 m80-89 60-69
| >=90 50-59 M Other

Ggsas



Data Mining & Machine Learning

Logistic Regression

Baseline Logistic Regression Decision Tree Neural Network Gradient Boosting Model Comparison Automated Explanation +

Filters: No selections

Relaxed Criteria

Logistic Regression Ml or Cardiac Cath

Create Pipeline

Fit Summary

Hyperlipidemia
Age at Index Event
Chest X Ray
Gender

(event=1)

_

<0.00001

0.1 0.001

p-value

R-Square

0.0012 Observations Used 19,243

Residual Plot

Residual
4

2

0.30 0.35
Predicted Probability

0.40

Cumulative Lift

0 20 40 60 80 100

Stringent Criteria

Logistic Regression MI or Cardiac Cath (event=1)

Create Pipeline

Fit Summary

Hyperlipidemia
Age at Index Event
Chest X Ray
Gender

<0.00001

0.1 0.001

p-value

R-Square = 0.0014 Observations Used 12,314

Residual Plot

Residual
3

0

2
1
0

0.4 0.6 0.8 1.0
Predicted Probability

Lift
Cumulative Lift
2.5

2.0

0 20 40 60 80 100
Percentile

Model Best
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Data Mining & Machine Learning

Decision Tree

Baseline Logistic Regression Decision Tree Neural Network Gradient Boosting Model Comparison Automated Explanation

Relaxed Criteria

Decision Tree Ml or Cardiac Cath  (event=1) KS (Youden) 0.0331 Observations Used 19,243

Tree Variable Importance

Age at Index Event
Chest X Ray
Gender
ode Digha
0 2 4 6 8 10
Importance
0 1
Lift
Cumulative Lift
25
Yoge 1 doe Hode Biiras
2.0
M or Cardiac Cath
mO m1
15
1.0
0 20 40 60 80 100
Percentile
Model Best

Stringent Criteria

Decision Tree Ml or Cardiac Cath (event=1) KS (Youden)

Tree

Hypetlipidemia

ASe-

Age atin.. Gender

Age... - - Age...

Gen-- B =

MI or Cardiac Cath
mO m1

0.0424 Observations Used 12,314

see

Variable Importance
Age at Index Event
Hyperlipidemia
Gender

Chest X Ray

0 2 4 6
Importance
Lift
Cumulative Lift
2.5
2.0
15

?_ LR
_ 0 20 40 &0 80 100

Iﬂ_q-

Percentile

— \odel




Data Mining & Machine Learning

Baseline Logistic Regression Decision Tree Neural Network

Relaxed Criteria

Neural Network MI or Cardiac Cath  (event=1) KS (Youden)

=

Network

Weight
0.0011 0.0011
0.0001 -r;-.cr;- 0.00 0-0000 0. LU 0.00
Neuron Absolute Average Ne... Link Absolute Link

Neural Network

Gradient Boosting Model Comparison Automated Explanation

Stringent Criteria

0.0000 Observations Used 19,243 MNeural Network MI or Cardiac Cath

see

lteration Plot Network

Objective / Loss
4.00

3.75
3.50
3.25
3.00
2.75

10 15

lterations

Objective Loss

Lift
Cumulative Lift

2.5

2.0

Weight

9 0 ‘r;-

Model Best Neuron Absolute Average Ne...

0.0005
0.0001

0 20 40 100

Percentile

.00

(event=1)

0.0005
0.0000

Link Absolute

KS (Youden)

-0. [_.U 0.00
Link

0.0000 Observations Used 12,314

lteration Plot

Objective / Loss
3.6

34
32
3.0
2.8

2.6
10 15

lterations

Loss

Objective

see

Lift
Cumulative Lift

2

2.0

100
Percentile

Model Best




Baseline Logistic Regression

Relaxed Criteria

Gradient Boosting Ml or Cardiac Cath

Variable Importance
Age at Index Event
Hyperlipidemia
Gender

Chest X Ray

4

Importance

(event=1) KS (Youden)

Gredient Boosting Model Comparison

lteration Plot

Misclassification Rate
0.8

0.7
0.6
0.5
0.4
0.3
0.2

(]

3
Number of Trees

Lift
Cumulative Lift

s

2.0

0.0606 Observations Used 19,243

Automated Explanation

(%3]

0 20 40 60
Percentile

—— \ode|

Best

Stringent Criteria

Gradient Boosting Ml or Cardiac Cath

Variable Importance

Age at Index Event

Hyperlipidemia
Gender
Chest X Ray

0

Importance

(event=1)

Data Mining & Machine Learning

Gradient Boosting

KS (Youden) | 0.0661

lteration Plot

Misclassification Rate

Observations Used 12,314

0.38
0 10 20 30 40 50
Number of Trees
Lift
Cumulative Lift
25
2.0
1.5
1.0
0 20 40 60 80 100
Percentile
"rj-.’.'cl-" :Jl-‘F'T
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Baseline

Relaxed Criteria

Logistic Regression

Decision Tree

Model Comparison MI or Cardiac Cath

Fit Statistic
KS (Youden)

0.06

0.04

0.00

Selected

Model

Data Mining & Machine Learning

Neural Network

(event=1)

Model Comparison Ml or Cardiac Cath  (event=1)
Lift Fit Statistic
Cumulative Lift KS (Youden)
1-20 Selected
0.06
1.15
110 0.04
1.05
0.02
1.00
0.00 T T T
(cf? O"“:' %o %,
B 5 ey 3
7y 0 8
e 7, % s
O 8 %, o,
S5 . ) o,
0 "o, T %, 6”(
el [s) 7 =
i 1 Q o 1,
Percentile 7/01 - @,D;G ’“(;ry. .
Model “, Q. % Y.
Logistic regression - Ml or Cardiac Cath 1 Cs (-1 N (:9,6 %
== == ==+ Decision tree - Ml or Cardiac Cath 1 C9¢5 N <
= = == MNeural network - Ml or Cardiac Cath 1 <
== (Gradient boosting - Ml or Cardiac Cath 1 Model

Model (automatic) Comparison

Gradient Boosting Model Comparison Automated Explanation

Stringent Criteria

Lift
Cumulative Lift
1.2

0 20 40 60 80
Percentile

Model

Logistic regression - Ml or Cardiac Cath 2

== == == Decision tree - Ml or Cardiac Cath 2
= = == Neural network - Ml or Cardiac Cath 2
= (Gradient boosting - Ml or Cardiac Cath 2
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Data Mining & Machine Learning (NLG)

Automated Explanation

Baseline Logistic Regression Decision Tree Neural Network

Relaxed Criteria

What are the characteristics of Ml or Cardiac Cath?

Gradient Boosting Model Comparison Automated Explanation

Ml or Cardiac Cath has a 37.86% chance (7.3K of 19K) of being 1. It's the least common Ml or

Cardiac Cath value.

What factors are most related to Ml or Cardiac Cath?

Race

Gender

What are the groups based on Age at Index Event by
the chance of Ml or Cardiac Cath being 17

High Low >

56.25% If Age at Index Event is between 81
and 83, Race is Hispanic or Other,
then Ml or Cardiac Cath has a
56.25% chance (36 out of 64 cases)
of being 1.

51.67% If Race is Hispanic or White, /Age'at
Index Event is between 61 and 62,
then Ml or Cardiac Cath has a
51.67% chance (62 out of 120 cases)
of being 1.

AE 700/ If Rarea iz Hiznanie ar Whits Naaiay

What is the relationship between Ml or Cardiac Cath
and Age at Index Event?

2,500

2,000

1,000

500

0
225 325 425

525 625

725
Age at Index Event

825 925 1025

1 mo

The average Age at Index Event when Ml or Cardiac Cathis 1
is 73, with a minimum of 24 and a maximum of 101. The
average Age at Index Event when M| or Cardiac Cath is O is
73, with a minimum of 24 and a maximum of 101. Average
Age at Index Event is 73, and it ranges from 24 to 101,

Stringent Criteria

What are the characteristics of Ml or Cardiac Cath?

Ml or Cardiac Cath has a 37.99% chance (4.7K of 12K) of being 1. It's the least common Ml or

Cardiac Cath value.

What factors are most related to Ml or Cardiac Cath?

Age at Index Event |:I
Hyperlipidemia r |
Race

Gender |

What are the groups based on Age at Index Event by
the chance of Ml or Cardiac Cath being 17

High Low >

38.98% i
then Ml or Cardiac Cath has a

38.98% chance (2.6K out of 6.5K

cases) of being 1.

36.86% If
then Ml or Cardiac

Cath has a 36.846% chance (2.1K out
of 5.8K cases) of being 1.

What is the relationship between Ml or Cardiac Cath
and Age at Index Event?

1,500

1,000

0
225 325 425

525 625
Age at Index Event

725 825 %25 1025

E1 mO

The average Age at Index Event when Ml or Cardizc Cath is 1
is 73, with a minimum of 25 and a maximum of 101. The
average Age at Index Event when Ml or Cardiac Cath is O is
73, with a minimum of 24 and a maximum of 101. Average
Age at Index Eventis 73, and it ranges from 24 1o 101,
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Scope

1 3.
Feasibility ée:r?g;;\/;[?;
Analysis Analysis

Study Initiation /
Setup Phase

Ggsas



Enrollment Optimization
Phuse EU connect 2018

Paper TT08

Simulating Enrollment Plans
Jim Box, SAS Institute, Cary, NC, USA

ABSTRACT

Developing a plan to reach a Study Enrollment goal can be a tricky business. Choosing countries and sites with their
associated rates and costs complicates things. Simulation is an excellent way to understand sources of variability and
comparing options to meet the enroliment goals.

https://www.lexjansen.com/phuse/2018/tt/TT08.pdf

Ggsas
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Enrollment Optimization
State/Site Selection

‘ Reports Qutput Data Preview Log

cohort_demographic_smry v D‘ @
[Genuer o FemdE i vide | [RaCe & DRCK I AISpanic o omer e wime

Geographic Distribution of Patients

Patients
1 No Data

d1-316
M 317-632

633-948
[ 949-1.264
i 1.265-1.579

»
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Enrollment Optimization

Projected Enrollment (Quantiles)

2000

1800 |

1600 |

1400 |

1200 |

1000 |

800 |

600 |

400 |

200 |

2
ob
o

B =vcaoc [ best

f"f"
,-
—
f‘
f ’f
o f
— /‘~“’~““
2020-02-25
[ best: 577
S° PO S S o S
Qo ¢e® K 2 Qo <<

Relaxed Criteria

925 | median 0 q75 [ worst

wel

Enroll Duration (Months)
67.7

50.0
400

300

7.7
ACS Stringent Criteria

ACS Relaxed Criteria

7 7
?e"l@ we' 8
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Enrollment Optimization
Monthly Visits Projection

Monthly Visit Count Milestone Chart Key Dates Duration Distribution Individual Enrcllment Graphs Site Initiation Monthly Site Cost Forecasting Page 8
| Derry Medical Center Heizenberg Medical Center | Lazsen General Hospital Princeton - Plainsbora Teaching Hospital Sacred Heart Hozpital | Shasta Regional Hospital 5t. Eligus Hospital | Tower Medical Group Twin Pines Medical Center ‘Western Regional Hospital |
| Screening | V1 V2 | V3 | V4 V5 |
Visit Count

500
400
300
200
75
100 91 | l |
 ———
=3 142 128
15 55
0 s | T -
T T
Sep2017 Oct2017 Mov2017 Dec2017 Jan2018 Feb2018 Mar2018 Apr2018 May2018 Jun2018 Jul2018 Aug2018 Sep2018 Oct2018 Nov2018
Vist Month
Visit Name

B Screening Vi BVZ EV3I EV4 mVS
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Milestone Target ¢ Number of Sites enrolling

Startup Goal

Replications Reaching Site Startup Target

89%

Frequency of FirstSiteStart
Frequency

8

0 | |

nrollment Optimization
Milestone Metrics

Milestone Metrics

Target Date

25Aug2019 015ep2019

085ep2019

155ep2019

225ep2019

295ep2019

FirstSiteStart

060ct2019

130ct2019

200ct2019

270ct2019

03Nov2019

10Nov2019
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Scope

0. Real World 1. Feasibility 2.Enrollment
Data Analysis Optimization

Study Submission
Phase

Ggsas



SAS Viya: Using CAS for faster inference

Review a workflow

: | . : Collect
Model Data Candidate Resample Fit Candidate Parameters And More!
Model Data to Resamples :
from each fit

CAS = Cloud Analytics Services

Gsas


https://developer.sas.com/apis/cas/actions.html

SAS Viya: Using CAS for faster inference

* Framingham Heart Study — Original Cohort
e 1948 Study commissioned by Congress (USA)
e 5209 women and men
e Age at entry from 30 up to 62
* No history of heart attack or stroke
 Some participants were doctors and nurses. They signed up to set an example
for patients to participate
* Variables Considered: 1 row per patient
e Status = Dead, Alive
* Measurements: Sex, AgeAtStart, Height, Weight, Diastolic, Systolic, MRW,
Smoking, AgeAtDeath, Cholesterol
* Graded variables: Chol Status, BP_Status, Weight_Status, Smoking_Status

6Sas



Model Data

SAS Viya: Using CAS for faster inference

I Ca

I Model

R N ™ e

ndidate Fit Candidate
Resample Data
to Resamples

/ / / \

N
Collect

Parameters And More!

from each fit

e SAS PROC syntax compared to CASL Syntax
SAS Proc

g /* example with traditional SAS Proc Syntax */
18 @ proc logselect data=mylib.sample;
11 class sex chol status bp status weight status smo
From SAS |nterface 12 model status = sex chol_status bp_status weight_s
1l 13
Famlllar to SAS Users 14 selection method=stepuwise;

Viya CASL syntax
From SAS Interface with PROC CAS;
From other languages with SWAT library:
Python, Java, LUA, R, REST

More flexible model specification!

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

/* model - select ef

= proc cas;
loadactionset / a
logistic / table

class = {'S
model = {
selection =

15 run;

fects with stepwise, consider 2-way interactions, include some poly(2) */

ctionset="regression’;
= {name="sample’'},

king status;
tatus smoking_status

"}rinteraction="BAR" ,maxinteract=2}

ex', 'Chol Status','BP_Status', 'Weight Status','Smoking Status'?,
clb=TRUE,
target = "Status’
effects = {
{vars={'Sex", 'Chol_Status', 'BP_Status’, 'Weight_Status’, 'Smoking_Status"’,
"AgeAtStart', 'Height', "Weight', 'Diastolic’, "Systolic’, '"MRW', 'Smoking’, 'Cholestercl’,
I "AgeAtStart', "Height', "Weight', 'Diastolic’, "Systolic’, "MRW', "Smoking’, "Cholestercl
}

I

"STEPWISE';

AgeAtStart Height Weight Diastolic Systolic MRW Smoking Cholesterol / CLB;

Ggsas


https://github.com/sassoftware/python-swat
https://github.com/sassoftware/R-swat

SAS Viya: Using CAS for faster inference

~ > N e ~ ™
: I : : Collect
Candidate Fit Candidate |
Model Data | Resample Data Parameters And More!
Model tn Recamnlac .
' Results from regression. logistic
/ Fit 5tatistics
-2 Log Likelihood 520808335
AIC (smaller is better) 524108325
AICC (smaller is better) | 5241.18148
. . 3 ) . SBC (smaller is better) | 5345.51445
55 /* spec out final selected model above with lower level effects included for inf
56 [‘E‘I PI"OC C?S " . . Parameter Estimates
57 logistic / table = {name='sample'}, e
ca class = { 'Sex’ R ' Smoking_statug ' } R Parameter DF | Estimate Error | Chi-Square | Pr=ChiSq | 95% Confidence Limits
59 dee 1 - { Intercept 1 T.266858 1.308052 30.8162 <0001 470118 883255
66 Cl h=TRUE_~| Sex Female 1| -2.743128 @ 0.581510 21.5074 <.0001 -2.80253 -1.58385
51 target = 'Status’ Sex Male ? 0
62 E"F'Fect 5 = { Smoking_5tatus Heawvy [16-25) 1 | -0.870704 | 0.725378 02548 0.3552 -2.08241 0.75101
63 {'L"EII’"S‘{ ' SE‘XI 1 Smoking S‘tatus' 'AgeAtS‘tar“t' IS}"Stl Smoking_Status Light (1-5) 1 | -0.450480 @ 0.837723 0.3021 0.5829 -2.10248 1.18155
64 {"."El P 5_{ ' AgeA‘EStar“t o EEX ' i;TtE‘PEICt iCIﬂ ' CE‘J}SS ' } Smoking_5tatus Moderate (6-15) 1| -0.701218 | 0.814542 07411 03823 -2 2878 0.88525
= s 1, -
. . . . . . . Smoking_Status Non-smoker 1| -0.264848 | 0672018 0.1548 08938 -1.53375 1.05405
b5 vars={"'Systolic Sex interaction="CROS5" }
{ { . }" * - }J - . . = a Smoking_Status Very Heavy = 25) 0 1]
66 {vars={"AgedtStart’', 'AgeAtStart'}, interaction="1 - — -
, Y h l £ l . Smgkin Status . } iﬂter"ac‘t‘ AgeAtStart 1 0.040701 | 0.0484085 D677 0.4100 -0.055613 0.13753
6? {"' ar 5_{ C olestero 4 g— o | Systolic 1 | -0.028238 | 0.002835 201783 <001 -0.03380 -0.02268
b8 } Cholesteral 1 | -0.007074 | 0.002568 70314 0.0020 -0.01220 -0.00185
ba }J AgeAtStart * Sex Female 1 0.037520 | 0.008417 158324 <.0001 0.01813 0.055058
76 display = {names={'ParameterEstimates’, 'FitStatistics'}}, AgeAtstart* Sex Male 2 0 ) ) _ ) )
71 outputTables = {names={'ParameterEstimates’'="sample PE"}, replace=TRUE} Systaolic * Sex Female 1| 0012113 | 0.002468 12.2126 0.0005 0.00532 0.01881
72 output = {casOut={name="sample_pred', replace=TRUE}, pred='Pred’, resid Systolic * Sex Male 0 a ) ) ) ) )
73 run; AgeAtStart * AgeAtStart 1| -0.001834 | 0.000551 12,8007 0.0003 -0.00306 | -0.00000523
— Cholesterol * Smoking_Status Heawy (16-25) 1 0.004118 0.003115 17473 91582 0001ee 001022
Cholesterol * Smoking_5Status Light {1-3) 1 0.005562 | 0.003522 2.3831 01215 -0.00148 001260
Cholesterol * Smoking_5tatus Moderate (6-15) 1 0.004535 | 0.003511 1.7425 01868 -0.00225 0.01182
Cholesteral * Smoking_5tatus Non-smoker 1 0.005818 | 0.002883 40452 0.0443 | 000014338 0.01114@
Cholesteral * Smoking_5tatus Wery Heavy (= 25) 1} 0

Ggsas



[ ] [} [ ]
[
SAS Viya: Using CAS for faster inference
™ s N ‘r' s N ay ™ “
: : : Collect
Candidate [ Fit Candidate
Model Data [ Resample Data | Parameters And More!
Model I I to Resamples from eachE
- - p—— - o e 7
96 /* create bootstrap resamples */
o7 = proc cas;
58 builtins.actionSetFromTable / table={caslib="Public" name="resampleActionSet.sashdat"} name="resample";
59 DE resample.bootstrap / intable="sample' B=1000 sesd=12345 Bpct=1 case="unique case’;
16& run;

* Easily Create Bootstrap Resamples:
* This is an example of a user contributed action
e https://github.com/statmike/Resampling-Methods-in-SAS-Viya
e Contains actions for many common resampling techniques
* With a single line of syntax you can create the desired number of resamples
(B) in the size you want relative to the original sample (Bpct), specify a seed for
repeatability of sampling, and even specify a variable that links rows into cases
if needed.
 The resamples are automatically evenly generated and distributed across all
the computing cores of all the machines in the environment. Osas



https://github.com/statmike/Resampling-Methods-in-SAS-Viya

Model Data

~

123
124
125
126
127
128
129
138
131
132
133
124
135
136
137
138
139
148
141

SAS Viya: Using CAS for faster inference

( ™ ,
Candidate | Fit Candidate I collieret
Resample Data | Parameters
Model | toResamples :
\ i from each fit
4 h 7 A g ~ o

/* analyze/train each bootstrap resample with the same model effects selected on the full sample data */

=) proc cas,
logistic result=myresult / table = {name='sample_bs', groupBy="bsID']},
class = {'Sex','Smoking Status'},
model = {
clb=TRUE,
target = 'Status’

effects = {
fvars={"Sex", 'Smoking_Status’', 'AgeftStart’, 'Systolic', "Cholesterol’}},
{fvars={'AgeAtStart’, 'Sex"'}, interaction='CRO55'},
fvars={"'Systolic', "Sex'}, interaction="CROS55'},
fvars={'AgeAtStart’, 'AgeAtStart’'}, interaction='CRO55"},
{vars={'Cholesterol’, "Smoking_Status'}, interaction='CROS5'}
3
Ta
partByVar = {name="bag",train="1",test="8"},
outputTables = {names={"'ParamsterEstimates’'="sample BS_PE"}, groupByVarsRaw=TRUE, replace=TRUE},

output = {casOut={name="sample hs pred', replace=TRUE}, pred='Pred’', resid='Resid', copyVars={"caseID","bsID","bag"}};

run;

And More!

e Specify groupBy in order to fit the same model to each of the B
bootstrap resamples
e Automatically distributes the computation to all the
computing cores of all machines in the environment to
complete the task in parallel rather than sequential

gsas



SAS Viya: Usmg CAS for faster inference

~ - ~ - ~ r -—-—-—-—~ p— ——
. . . Collect |
Model Data Canclegis Resample Data FioCane R I Parameters | And More!
Model to Resamples | from each fit |

164
165
166
167
168
169
i7e
171
172
173
174
175
176
177
178
179
18e
181
182
183

/* create percentile intervals for the bootstrap samples and merge with full model CI
this action expects table intable_BS_PE and intable_PE */

= proc cas;

resample.percentilePE / intable="sample' alpha=0.65;
run;

/* plot the pgpawete" effects and CI from the full sample data with BS percentile interwals on top */

= data sample_B5 PE_PLOT;

set mylib.sample_pe pctCI;
run;

title "Evaluate Parameter Estimates with 95% CI (percentile)”;
proc sgplot data=sample BS PE PLOT;
where lowerCL is not null;
scatter y=Parameter x=Estimate / xerrorlowsr=LowerCL xerrorupper=UpperCL markerattrs=(symbol=circle size=9 color=red) legendlabel='Full Data';

scatter y=Parameter x=B5_Estimate / xerrorlower=B5_LowerCL xerrorupper=B5_UpperCL markerattrs=(symbol=circlefilled size=6 color=green) legendlabel='Bootstrap’;

*xaxis grid;
yaxis display=(nolabel);
refline @ / awis=x;

run;

v / h 4 ' \ B -

Another user contributed action brings the Parameter Estimates together from all the resamples
and the original full data

A data step moves the data from CAS to SAS 9.4 so that...

Use Proc SGPLOT to visualize the Parameter Estimates with both types of confidence intervals
This fit generalizes very well with both intervals types being almost identical

gsas



SAS Viya: Using CAS for faster inference
\ caT. \ \ \ e | £

Fit Candidate I
Model Data Resample Data Parameters And More! |
Model to Resamples . i
from each fit \ |
j / J J \ Y 1 R 4
Bootstrap Confidence Intervals for Individual Predictions Residual Plot with 85% Bootstrap Intervals (percentile)
Cases where prediction is consistently highly inaccurate (residual >0.94) Cases where prediction iz conzistently highly inaccurate (residual =0.94)
Status = Alive Status = Dead Status = Alive Status = Dead
5000 — E—— 1007 I E
099 - 3 ]
4000 — T - -
e T Fir gl »
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Bootstrap Confidence Intervals for Individual Predictions
Cases where prediction is consistently highly inaccurate (residual >0.94)
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Bootstrap Confidence Intervals for Individual Predictions
Cases where prediction is consistently highly inaccurate (residual >0 94)
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Scope

1. Feasibility 2.Enrollment = SIS

) . & Anomaly
Analysis Optimization :
Analysis

Study Planning Phase
Study Initiation /
Setup Phase
Study Submission
Phase
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