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What's a problem we’re aiming to solve?

~29% ~909%



21,000

« Who are these pioneers?
 Why did they agree to participate?




Ideal Experience?

Why do people do it?




Traditional
clinical
studies feel
like work.
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Yet, people want
an experience
like this...

Convenient
Flexible
Personalized




Hope for the
real world?




H<ealth_Sys_t_‘ems Want Better Data
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~ #1 Data Everywhere & Curation
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#2 People-Centeredness

Direct to Consumer Direct to Participant
* Flexible « Personalized
* Frictionless « Streamlined
« Fun « Valuable
«wayfair
- - g PELOTON




#3 mHealth Technology

User-Reported Data
What people say

U\ Task-Based Measures
: Measures effort and physiology

Passive Sensing
What people actually do day to day







Looking Back at a Disruptive Technology

EFFECTIVENESS OF INTRAVENOUS .
THROMBOLYTIC TREATMENT IN ACUTE The Lancet Saturday 22 FEbruary 1986 I
MYOCARDIAL INFARCTION
GRUPPO ITALIANO PER LO STUDIO DELLA STREPTOCHINASI
NELL'INFARTO MIOCARDICO (GISSIy*

Summary In an unblinded trial of intravenous

streptokinase (SK) in early acute myocardial
infarction, 11 806 patients in one hundred and seventy-six
coronary care units were enrolled over 17 months. Patients
admirted within 12 h after the onset of symptoms and with no
contraindications to SK were randomised to receive SK in
addition to usual treatment and complete data were obtained
in11 712, At 21 days overall hospital mortality was 10+ 7% in
SK recipients versus 13% in controls, an 18% reduction
(p=0-0002, relative risk 0-81). The extent of the beneficial
effect appears to be a function of time from onset of pain to SK
infusion (relative risks 0-74, 0-80, 0-87, and 1+19 for the
0-3, 3-6, 6-9, and 9-12 h subgroups). SK seems to be a safe
drug for routine administration in acute myocardial
infarction.

“It started with no funding and skepticism in some quarters
but today GISSI is recognized as an Italian achievement that
has changed cardiology treatment worldwide.”

http://eurheartj.oxfordjournals.org/content/31/9/1023.full 17




ADAPTABLE: What's the Right Dose of Aspirin?

eScreening, eEnrollment and eFollow-up

g

N= 15,000 iii OR &> Adaptable

The Aspirin Study

- °
| 5 .
. i call FOLLOW-UP Portal FOLLOW-UP
: : « Patient Reported Outcomes  * Patient Reported Outcomes
: : « Medication use * Medication use
“.. « Health outcomes * Health outcomes
ADAPTABLE C @ 8 12 16 20... @
Enrollee

Q@

HII  pcoRNet Coordinating Center FOLLOW-UP

: » Via Common Data Model
Baseline Data : * Longitudinal health outcomes

HIT cwms, Payer, FOLLOW-UP

 Longitudinal health outcomes

http://adaptablepatient.com




The Participant Portal

adaptablepatient.com
—



Real World Evidence with Clinical Trials Roadmap

Engagement, Electronic Health Data and Embedded Delivery

Pre-study

* Assess sites’ use of
EHR to facilitate
research

«Usability of inclusion
and exclusion
criteria

*Refine protocol

«Community
interaction profiles
with health system

*Feasibility analysis

*Recruitment plan

Study setup

Utilize EHR to
identify local
participants

Embed encounter
instructions and
site content into
EHR

*Pre-consent &
study specific
consent

* Alert clinician
about trial

*Model outcomes

E-consent with
comprehension
questions

Incorporate
screening criteria
into EHR for

- Scheduling patients

- Contacting patients

- Recruiting patients

Alert clinician of
patient eligibility

EHR Health
Portals

- Patient opt in/out for

types of studies

Study conduct

*Trials specific
data capture from
care delivery

 Auto-populated
CREFs fields from
EHR

*Extract data to
facilitate work of
study coordinator

*Query data to
identify events

Participant
retention and
education

*Return of results



Important Matters
Quality & Outcomes




What's the Purpose?

. Clinical Guidance

~ Post Market
Commitments

. Label Expansions
and Revisions

® New Drug

Approval




Desighing to the Purpose

Quality by Design

Protocol
Design

Patient
Safety

: Study
Conduct

Study
Reporting

Third-Party
Engagement

http://www.ctti-clinicaltrials.org/toolkit/QbD




Making Decisions: .

Where do you fall the real world?

Ideal World Real World

« Ideal Population « Routine Population

 Ideal/Perfect Care UsualCare

« Blinding d

« Placebo ntrol

« Coordinator Data Collection « Passive data collection

 $% is limitless « Participant directed data
collection

- $% leveraged with embedded

trials



The Puzzle Coming Together? |

Key areas, preferences
Y L P B Engagement| Enroliment
& questions
A 4
Electronic Health Data — |  EAR PRO Devices, surveys,
extraction
wearables, etc.
Health Systems & & X Personalized Health
Communities / Initiatives
Analysis/
Study data 8 Results
Evaluation &
Feedback/Dissemination Return of Results

Participant Satisfaction

Notifications and Messaging

Participant Alumni Network
Clinician Engagement and Rejuvenation

Hernandez AF and Cruz H. Circ 2017




Emerging Real World Evidence

Match Unmet Needs with....
* Advances in curated health records
— clinical, electronic health records, claims
* Advances in technology
* Advances in capturing digital exhaust
* Advances in phenotyping
* Advances in systems

* Advances in methods...including randomized trials

But to make this work we need...
“patient/clinician/system” engagement & trustworthy data
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A few comments on pragmatic randomized trials

Pragmatic trials: no standard definition - “explanatory” vs “pragmatic” approaches discussed
by Schwartz and Lellouch (J Clin Epi 2009): biological assessment vs clinical relevance

* To support a regulatory decision, the issue is the persuasiveness of the findings to provide
evidence of efficacy

* Randomization and blinding are methods to generate persuasive results
— Randomization provides balance at treatment initiation

— Blinding helps assure balance (of monitoring, adherence, endpoint assessment, continuation) after
treatment initiation

* The “traditional” trial infrastructure is resource intensive and costly, but
— Assures a patient population that is well defined, having the target condition
— Provides careful, regular monitoring for collection of safety information and reliable trial endpoints

— Has data that is well documented, stable, and traceable from source to results

How pragmatic a trial can be (and provide useful results), depends on the trial’s purpose (e.g.,

regulatory, cost-effectiveness, comparative effectiveness, etc.) and the study question it seeks to

answer 29




Regulatory “objectives”: what key questions do we need
clinical studies to answer?

* Does the drug work for the proposed indication?

— Causal inference: substantial evidence of effectiveness Approvability

* Do the drug’s benefits (clinical relevance of efficacy in the
indicated patients) outweigh the drug’s risks (expected or
potential safety or tolerability concerns) in the indicated
population (is it safe for use)?

* Can we properly describe the dose/regimen, and the drug’s

safety profile and risks? (Sections 2, 5, 6: D&A, W&P, Adverse
Reactions)

Labeling

* Can we describe the supporting evidence from clinical trials
(Section 14: Clinical Studies)?

30



Pragmatic trials: two definitions and some questions

Pragmatic trials aim to determine if an
intervention works in real-world settings, so
that results can be generalized to everyday
practice and support decision-making by
patients, providers, and health system leaders;
contrastingly, explanatory trials aim to
determine if and how an intervention works
under well-defined and highly controlled

conditions
Taljaard et al. Trials 2018

Designed for the primary purpose of informing
decision-makers regarding the comparative
balance of benefits, burdens and risks of a
biomedical or behavioral health intervention at
the individual or population level.

Califf and Sugarman
Clinical Trials 2015

Issues raised:

* Assumes that “traditional” RCTs
do not inform everyday practice —
that results from such RCTs are
not generalizable

o What is the evidence for this?
o What underlies differences in
results between traditional
RCTs and “pragmatic” trials?

*When can trials with /ess well-
defined and /ess well controlled
conditions provide useful
information?

-

* Drug adherence

* Patient
populations
studied

* Interventions or
co-interventions

* Monitoring

* Patient follow-up

* Endpoint
assessment

* Data quality and
reliability

31




Wide spectrum of potential uses of RWD / RWE in clinical

Interventional Non-randomized /
non-randomized non-interventional

studies
Randomized Interventional
Traditional Randomized Trial
Using RWD Elements
.
RWE to assess eCRF + selected
erjroll.ment. | %uth?:\e: ! Pragmatic
;:rlte.g.ar/ tria identi Ile. us(;ng RCT using
easibility EHR/claims data eCRF (+/-
Mobile technology EHR data)
RWE to used to capture |
support site supportive
selection endpoints (e.g., to
assess ambulation)

Trials in Clinical Practice Settings

Pragmatic
RCT using
claims and
EHR data

Observational
Studies

Prospective data collection

Registry trials/study

Single arm
study using Prospective Cohort
external Study

control Using existing databases

Case — Control

Retrospective
Cohort Study (HC)

*

Traditional RCT RWE / pragmatic RCTs

*

Observational cohort 32



Pragmatic randomized clinical trials: an overview of components

How well are the analysis
populations constructed — do
we understand the impact of

missing data? ‘

Primary analysis:
usually inclusive

How accurate and reliable
is the endpoint, does it
reflect what it purports to

reflect? ‘

Primary outcome: through claims
or EHR, may use limited eCRF
collection; often no required
procedures; adjudication can be
implemented (all or some)

How well are

we detecting Monitoring: may be no or limited

=

efficacy protocol-defined requirements:
endpoints and follow-up as deemed clinically
safety? appropriate

Adherence: no specific
efforts to assure higher
adherence or to assess
adherence (other than
through claims for

How much do we care to ‘
understand the effect if patients
do not take the drug? Is

adherence per se an issue? refills)

Do the patients actually

Study population:
have the targeted disease?

entry decision often by
participating physician,
few exclusions
| Recruitment: patients
in practice settings

Setting: typically
community practices
(general or specialty, but
not usually at referral
centers)

Organization: often at sites
not previously involved in
research, usually limited or
no research infrastructure

Intervention: usually not blinded; co-
interventions not usually
standardized/controlled

casual inferences?

Based on: The PRagmatic-Explanatory Continuum Indicator Summary 2 (PRECIS-2) wheel BMmJ 2015

&

How well-
controlled and
reliable will
patient
monitoring and
evaluation be?

‘ How important is blinding
in supporting robust

33



Increasing use of trials with pragmatic feature(s)

Identification of relevant questions for
practitioners and patients

Selection of an intervention that can be
appropriately delivered in a clinical
practice setting

For studies of approved drugs,
streamlined safety data collection

Integration of clinical data across health
care systems to maximize data capture

If needed, utilize mobile technologies to
fill in the gaps, including the capture of
patient reported outcomes

Study population: entry
decision often by
participating physician, few
exclusions
Primary analysis: | Recruitment: patients
usually inclusive \ y, in practice settings

Primary outcome: through claims or
EHR, may use limited eCRF
collection; often no required
procedures; adjudication can be
implemented (all or some)

Setting: typically
community practices
(general or specialty, but
not usually at referral
centers)

Monitoring: may be no or limited Organization: often at sites

protocol-defined requirements: not previously involved in
follow-up as deemed clinically

appropriate

research, usually limited or
no research infrastructure

Adherence: no specific Intervention: usually not blinded; co-
efforts to assure higher
adherence or to assess
adherence (other than

through claims for refills)

interventions not usually
standardized/controlled

Many trials can have ‘pragmatic elements’ while maintaining
rigorous standards for data collection and assessment

34



Challenges of pragmatic trials

e Design consistent with purpose — if supporting regulatory decision-making, pragmatic elements
may need to be balanced with elements assuring strong “believability”

* Broader patient population — but retaining minimum patient enrollment criteria to assure that
the indicated population is studied

* Interventions consistent with clinical practice — but assuring patients get treatment to be
studied (and adherence is evaluated)

* May be unblinded — but then need to have objective endpoints, consistent monitoring and
balanced co-interventions

 Meaningful endpoints - that accurately evaluate study objective — whether using an eCRF or
using EHR or claims data

* Data that is reliable - data (at least some) available for review, to assure accuracy of data, and
fidelity of translation from source to analytic datasets

» Patient follow-up sufficient - assure that missingness (imbalanced, or informative) isn’t
confounding results

35
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Session I: Establishing a High-Quality RWD
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UCSF — Quantum Leap healthcare Collaborative

(()) onesource

Integrating Clinical Care and Research

Adam Asare, PhD (UCSF, QLHC)

Laura Esserman, MD, MBA (UCSF, QLHC)
Mitra Rocca, PhD(FDA)

Sue Dubman, PhD (QLHC)




VISION: Integrate care process and research

Data Entry

Continuum
of breast
patient
care

Data Uses =1

TR

=« In clinic

Dashboard / Reports
Summary dashboard bred

Screening

Patient-reported data:
* From home or

Other
Diagnostics

Clinician Report
Patient Report

Tech Report
Elevated Risk Report
Tumor Board Report
etc.

Treatment
Planning

Services / Referrals

@ OneSource

Clinician data entry Research
* Structure forms Coordinator entry
* EHR text notes * CRFs

Follow-up /

Treatment . .
Survivorship

Quality Improvement
Trial Matching B
Genetic Counseling
Social Work
Nutritionist 4
Peer Support e —L_t
Behavioral / Sleep
Psycho-Onc
etc.

* Other trials, studies
* Registries
> etc.
QLHC | *°



Decision support at point of care

Centralizes and organizes
trusted, structured data for
clinical care,

Provides for tailored decision
support tools not readily
supported by EHR systems

Patients experience
streamlined care delivered by
empowered teams that are
continuously learning and
improving.

OneSource
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THE ONESOURCE SOLUTION (1) OneSource

Structured data as “source”

Enable improvements in technology with changes to clinical workflows

PATIENT-REPORTED DATA

* Health History Billing Pre-Auth
« Social History Billing Authorization
* Health Habits Billing {Institution)
* Family History Payers (Insurance)
| « Symptoms o
- » Quality of life . FINANCE/BILLING
CLINICAL F & 4
+ Diagnostic Findings N e
- Clinical Exam E i '--,_..""- A - .
- Imaging v 7 harma/Biotec
- Biopsy Pathology 2| B OneSource Biobanks
: Staging E E 3 Clinical Tl'ial_S :
* Clinical Trial Matching I K Cancer Registnes
* Treatment I i W
- Systemic : E = « Less cleaning required
- Radiation wm | B¢ * Reduced Staffing
« Adverse Events e 1 L= |
: =
a ACS Quality Auditor
s DATA ACCESS fr-ﬂﬁgm mﬁahﬁm :
* Single-source of truth Valke Ehaﬁ WE;

» Consistency among secondary users gl T
o ADMINISTRATION

Point of Care Data Collection QLHC



OneSource

Process reengineering

Starting with the AS IS and working towards the TO BE

QLHC



OneSource

“Enter Once, Use Many”
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New PATIENT TREATMENT SYSTEMATIC | RADIATION
Domain / Data Elements (ATANYPHASE) SCREENING |DIAGNOSTIC| PLANNING | SURGERY | TREATMENT | TREATMENT | FOLLOW-UP | RESEARCH
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| Supporting clinical trials and data submissions
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RWD Ecosystem
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Developing Real-World Data and Evidence to Support
Regulatory Decision-Making
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CancerLinQ is in a unique position
to evaluate interoperability
been connected to the

1 O O I Organizations 5 o I
TR SIEER Fias CancerLinQ’® platform
Supported EMRs:
Epic, MOSAIQ, Allscripts, ARIA, CureMD, OncoEMR,
Integra Connect, Centricity, NextGen, IntelliDose

1 1 O O OO 0 ‘ Total number of patients with a primary cancer
+ diagnosis in the clinical database
) 4 4

Organizations have

Curated records:
1 6 9 O O O+ Lung (NSCLC, SCLC), breast, ovarian, prostate,
’ pancreatic, colorectal, CLL

PRACTICE TYPE DISTRIBUTION (SIGNED)

159% ‘ Academic

26% ‘ Hospital/Health system

59% ‘ Private/Independent



mCODE

Purpose: To develop and maintain standard computable
data formats, known as Minimal Common Oncology Data
Elements (mMCODE), to achieve data interoperability and
enable progress in clinical care quality initiatives, clinical
research, and healthcare policy development

https://mcodeinitiative.orq/ ASCO



MCODE™ Governance Structure

MITRE || A
ASCO / o
MERICAN SOCIETY OF Tmm ONCOLOG m

Executive Committee

Decision-making: Approve use cases for
development, assemble and manage TRG

. 4

Advisors to EC: Use case sponsors, content
experts, pool of potential Working Group members

v
B

|
Working Groups: User groups assembled in Intermountain
Health ICARE data mCODE Other projects
response to use cases approved by EC to do the work Comparative Clinical Trials i e o S
of developing and testing new data elements EffeCFt)'i‘l’oet”eSS pilot

ASCO

AMERICAN SCCIETY OF CUMNICAL ONCOLDGY



Proceeding through
the HL7 balloting
process for

Standard for Trial Use

© 2019 The MITRE Corporation. All rights reserved. Not for Distribution
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Session I: Establishing a High-Quality
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Nancy Yu
CEO, RDMD
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October 3, 2019



RDMD is a platform that helps to identify patients & generate
evidence to enable drug research in rare disease

Research-activated patients > Regulatory-ready evidence
Patient recruitment & engagement Comparator arms based on natural history
Research e-consent via central IRB protocol Trial qualification based on I/E criteria
RDMD obtains medical records from any facility Real-World Evidence on clinical outcomes
Longitudinal updates to records Healthcare resource utilization data

We specialize in the unique patient, community, & regulatory needs in rare disease

:



Two-sided

software platform for patients & researchers
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The RDMD platform aggregates input from patients & curated
data from unstructured medical records

Participant-facing portal RDMD clinical portal
Unstructured, longitudinal data from medical records

Data from Participants
Demographics Contact Consent & Doctors & D D D D
& general information recontact facilities Radiology Progress Physician Rx
. reports D notes D notes D history D
Screernng PROS ey ey Genetic Procedures, Lab Assessments
questions reports hospitalizations values Symptoms

Diagnosis,

genetic result

RDMD medical data science platform

Disease-specific, curated data

v’ De-identification v  Flexible eCRF andEDC v’ GCP v’ Data validation

I

Research portal

Discovery, analysis, feedback

v 21 CFR11 v' Robust audit trail v Central IRB & consent

Structured data Program dashboard Research & insights Quality improvement
pr———— ] g ____ =) . F|ex|b|||ty around new
= queries, new variables
— * Next-gen quality checks
—— |Il and quality control
L . L ) I LT * Adaptive data model

;
5



Data management challenges in rare disease

Standard of care is often poorly defined or not broadly adopted

Clinical outcomes assessments may 1) not be used, 2) anecdotally
used, or 3) inconsistently / subjectively recorded

Limited overall understanding of conditions to interpret complex
clinical data

Curated data is not equal to standardized data

Dispersed populations requires data from disparate EHRs

Variability in analyzing data across
different sites

Incomplete data used to inform
endpoint validation

Difficulty in developing standard
policies & procedures

Ensuring harmonization with existing
standards is not always pragmatic

Rigorous standards development &
qguality control needed



Our technology platform enables end-to-end
Data Quality Control & Data Relevancy

Patient } Record } Record } Record } Export &
Processing

E-consent Requesting Abstraction Analysis




Data Quality Control: Technology, processes, training

Patient
E-consent

E-signature
capture

ID verification

Two-factor
authentication

IRB update
content
management
system

)

Record
Requesting

Hospital data
verification

Automated API for
e-fax & receipt

Digital & physical
audit trails

)

Record
Processing

Source document
review (ALCOA)

QC: document
verification &
classification

Records attributed
to Participant &
processing staff

System
permissions based
on user roles

Export &

Record }
Analysis

Abstraction

Continuous data
quality monitoring

Data transfer /
export checks

Periodic audits
around consent &
protocol scope

Data monitoring on
both dataset level &
abstractor level

Abstraction quality
measured by quality
spot audits &
percentage of cases
that are abstracted in
duplicate



Data Quality Control: Data abstraction conducted under a
central research protocol

Trained abstractors RDMD technology platform

Trained abstractors with clinical research or Software enables effective document review
nurse practitioner backgrounds & data capture in predetermined forms

RDMD centralized research protocol

Umbrella research protocol & patient informed consent form allows for:
* Flexible /adaptive data capture protocols

* Broad research use on de-identified
prospective & retrospective data

e Patient recontact for future studies

e Data analysis across diseases

59




Evidence linking
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Data Relevancy: Growing clinical module library
maps to industry standards

Standard Modules Therapeutic-Area Specific Modules

Examples: Examples:
( Diagnosis ) (Demographics) (Assistive devices) * Clinical milestone modules
( Lab values ) (Echocardiograms) (Comorbidities> * Disease-specific symptom modules

(Concomitant medications ) (Audiology assessments> * Disease-specific assessments

(Genetic testing ) ( Healthcare utilization ) * Urine GAG testing, MPS enzyme testing

Maps to / Conforms with

« MedDRA, WHODrug, CDISC, NINDS, GRDR, SNOMED, relevant trial protocols, literature

61



Data Relevancy: High confidence in real-world data requires
triangulation of multiple data sources

Patient
Case

High Confidence

Original source documents
available

Medium Confidence

Physician confirms endpoints in
note, but source documents
unavailable

Low Confidence

Endpoints briefly referenced in

physician note; source documents

unavailable

Otitis media & hearing loss
documented in 44 ENT notes, 9
audiograms, & referenced
extensively in physician notes

Urine GAG results copied into
note but original report
unavailable

Physician noted that patient had
a “sleep study available for
review showing AHI obstructive
of 5, but the study was not
referenced again &
polysomnography report
unavailable

. 4

Ideal; include data:

Tag all mentions of the variable
to allow for a robust audit trail

. 4

Acceptable; include data:
Tag all mentions of variable;
contact patient /institution to
track down source if needed

. 4

Likely unacceptable; flagged:
Patient may be contacted to
confirm all institutions

11




Data Relevancy: Patients are key partners in data quality &

completeness

Minimize missing data

Recontact for follow-ups
& future studies

Patients respond with key information, Patients are informed about future research
verifications, & critical documents opportunities

FDA: Rare Diseases: Natural History Studies for Drug Development Guidance for Industry

“Patients’ continuing study participation ensures the robustness of follow-up data”

12



Appendix: Participant case study



Understanding early natural history, diagnosis, & management outcomes
in rare is complex, requiring analysis of multiple sources of clinical data

Hunter Syndrome (MPS 1) Case Study

.Treatment &

®
® Hiatal hernia MPS suspected management
diagnosis & initiated .Neurocognitive
repair (x2) Hearing ® Genetics & behavioral
Birth loss evaluation & concerns
phenotyping
Myopia

Chronic otitis
media

Met early gross &
fine motor skills

Chronic
Gl issues

Elevated
urine MPS

Official Hunter
Syndrome
diagnosis

Abnormal echo
(cardiology)

What sources of data can we use to build out the typical patient journey in a rare condition?
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Analysis of real-world data, in context, can reveal the earliest

Birth
Normal newborn
screen, ABR

signs of rare conditions

® Age 3

Third set of PE tubes;
intra-operative ABR
identifies bilateral
sensorineural hearing loss

Receives hearing aids

’ Age 4:

Signs of MPS
discovered
incidentally

5 months:

Chronic otitis media
first noted; first PE
o tubes placed

0-2 years:
Met early gross & fine
motor skills on time

Age 4

Present to Gl clinic for
chronic diarrhea; X-ray
ordered
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Analysis of real-world data, in context, can reveal the earliest

ENT Notes: 44
Audiograms: 9

signs of rare conditions

o Age 3 ’ Age 4:
Third set of PE tubes; (Sjl_gns of '\QPS
Birth 4-17 months: intra-operative ABR . |s.c<(j)vere“
screen, ABR |denjc|f|ed; repaired sensorineural hearing loss
surgically 2X Receives hearing aids
5 months: Age 4
Chronic otitis media 0-2 years: Present to Gl clinic for
first noted: first PE Met early gross & fine chronic diarrhea; X-ray
~ules el motor skills on time ordered
® p L
Provider: Dr. X (Otolaryngology) ENT Documentation of PE Tubes
Reason for Appointment Provider: Dr, % (Otolaryngology)
1. Earinfection
Reason for Appointment
History of Present liness 1. Otitls media
10004/12: Now patient in consultation for ear infections.
Location: bilateral. Quality: has had 3.5 ear Infections. Severity: 3/5, moderate. History of Present lliness
:":'u‘ro:‘:'. 2 ’““*'::m ':::"‘:t":‘::';‘::‘;:“:m 'z'::"" "‘“‘:::f;: Postop: Post-0p appt for BMT done on 10/XX/12 at ABC Hospital. Mom says she has noticed the
rdmd recurrent following antibiotics, Assoc signs / symptoms: fever with infections, has had Improvement with this hearing. : 67
asst jon and chinorrhea, has had cough, o Surgical Procedure: Myringotomy with PE tube. Location: Bilateral, Surgery Date; 10/XX/12.




Analysis of real-world data, in context, can reveal the earliest

RADIOLOGY REPORT

ESOPHAGRARM
Attending Physician: Dr. Z [Radwloght)

DATE: 6/04/2012
INDICATION: Stridor, Astess for vasoular ring.

IBAPRESSEOMN:

1 Shding or parsesophagesl histal hernia

Birth
Normal newborn
screen, ABR

1. Mormal esophagus with no findéngs of a vascular ring

4-17 months:
Hiatal hernia
identified; repaired

signs of rare conditions

® Age 3

Third set of PE tubes;
intra-operative ABR
identifies bilateral
sensorineural hearing loss

’ Age 4:

Signs of MPS
discovered
incidentally

Admitting Physician: Dr. Y
Date of Admission: 11/X¥/12
Date of Discharge: 11/XX/12

Admission Diagnosis: Hiatal hernia and GERD
rd-md Discharge Diagnosis: Hiatal hernia. GERD s/p Nissen Fundoplication

Operative Procedures: Laparoscopic hiatal hernia repair and Nissen fundopncation|

Attending Physician: Dr. A (Pathologist)
Collected Date: 7/XX/2013

Diagnosis

Soft tissue, hiatal hernia, excision: consistent with harnia with focal acute serositis and react'w1

serosal changes

surgically 2X Receives hearing aids
5 months: Age 4
Chronic otitis media 0-2 years: Present to Gl clinic for
first noted: first PE Met early gross & fine chronic diarrhea; X-ray
’ motor skills on time ® ordered
o tubes placed o
| SURGICAL PATHOLOGY REPORT
DISCHARGE SUMMARY
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Analysis of real-world data, in context, can reveal the earliest

Right Ear
Aurdr [dEHL}

S00H:
25

signs of rare conditions

RIGHT EAR - testing was perfarmed by De. B AuD, with ABC ENT Spocialists.
Sedaled ABR predicts a mild sensorineursl hearng loss.

1000H: 20e0H:
&0 40

A000H:

LEFT EAR = tasting was performed by Dr. B. Auld, with ABC ENT Specialisis,
Sadated ARR predicts a mild to moderate sensarineural hesring losz,

£l

Right Ear S00Hz 1000Hz 2000Hz 4000H:2 @ Age 3 ’ Age 4:
Airdr [dBHL) a0 45 45 5 ge Signs of MPS
® Third set of PE tubes; d'g 4
Birth 4-17 months: intra-operative ABR . |5F§verell
screen, ABR |denjc|f|ed; repaired sensorineural hearing loss
surgically 2X Receives hearing aids
I Avdiogram
5 months: Audiologist: Ov, C. Au.D, Age 4
Chronic otitis media Visht Date: 3002015 Present to Gl clinic for
first noted; first PE A e e s grr‘:;?;z diarrhea; X-ray
tubes placed af —- | w—>
. Ll - - 4+ —t | Wemey D)
¥ -+ omad
I~ e
!u»——~1.-—-4L.... e ] — ' —
‘: t = Arececql] |
- ! ; jY_ — -.::
-, ' P ::
i 1 “j*"‘_"—---l
L : e s Y
Resuits: Theeshold Re-Check: Patient wad tested via play sudiometry in the sound field by De
C., A 0. Responses to warble tone stimuli ndicate a mild to moderate sensitivity koss in at least
the better car,
rd-md 69



G =
Analysis of real-world data, in context, can reveal the earliest

Birth

Normal newborn
screen, ABR

5 months:

Chronic otitis medi
first noted; first PE

tubes placed

signs of rare conditions

XR Abdomen 1
Date: 11/XX/2016
Resulted by: Dr. K (Radiologist)

CLINICAL HISTORY:
Reason for Exam: Evaluate for constipation
Clinical Signs and Symptoms: Loose stools with suspected constipation

COMPARISON: None

FINDINGS

Catheters / tubes / postoperative changes: None

Bowel: Normal bowel gas pattern

Soft tissues: The liver appears prominent, and clinical correlation is advised. The configuration
of the pelvis and the ribs raises the possibility of an underlying storage disease such as
mucopolysaccharidosis.

Lung bases: Clear

Bones: Lack of complete posterior spinal fusion at the LS level is a finding of uncertain clinical
significance.

IMPRESSION: No evidence of excessive stool burden. The bones raise the possibility of an
underlying storage disease. Probable hepatomegaly.

’ Age 4:

Signs of MPS
discovered
incidentally

Age 4

Present to Gl clinic for
chronic diarrhea; X-ray
ordered
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Clinical, radiological, and laboratory data can help answer key
guestions about a patient’s diagnostic odyssey

Management
begins

Age 4:

Signs of MPS

discovered
} incidentally

ordered confirmed
o

Age 4: Age 4:
Urine glycosaminoglycans Hunter diagnosis

Mucopolysaccharides (MPS) <=16.0 mg/mmol | 98.6 H

I Quantitative Urine MPS (External Lab X)

Note: Lab results sourced from genetics clinic note

7




Clinical, radiological, and laboratory data can help answer key
guestions about a patient’s diagnostic odyssey

Age 4:
Signs of MPS
discovered

Age 4:

Initial Genetics
evaluation identifies
additional signs of
Hunter syndrome

Genetics Clinic Note
Provider: Dr. P (Genetics)
Encounter Date: 12/XX/2016
Chief Complaint: Possible mucopolysaccharidosis

Physical Examination:

General: Awake, alert, no acute distress,

HEENT: Coarse facial appearance with midface hypoplasia, deep philtrum, broad eyebrows.
Pupils are equal and reactive to light. No corneal clouding appreciated. Mouth normal,
dentition and oropharynx clear.

Neck: Supple

Chest: Normal in shape and configuration. Clear to auscultation bilaterally.

CVS: Regular in rate and rhythm, No murmurs, rubs or gallops appreciated on auscultation,
Abdomen: Seft, non-tender. Mild hepatomegaly, palpable about 2.3 cm below the costal

} incidentally

Age 4:
Urine glycosaminoglycans
ordered

margin, No splenomegaly appreciated. Mild umbilical hernia,

GU: Normal male genitalia

Back: Intact

Extremities: Flexion contractures of the hands. Tapered, almost trident appearance of fingers
and hands. All digits intact. Warm and well perfused, with brisk capillary refill, Decreased range

of motion shoulders.

s appear grossly intact. There is normal muscular strength and
normal and symmetric. Sensation appears intact. No cerebellar
movements noted on examination.
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Clinical, radiological, and laboratory data can help answer key
guestions about a patient’s diagnostic odyssey

¢
Management
® Age 4: begins

Age 4: Initial Genetics
Signs of MPS evaluation identifies
discovered additional signs of
incidentally Hunter syndrome

Age 4: Age 4:

Urine glycosaminoglycans Hunter diagnosis

ordered confirmed

Note: Lab results sourced from the 7/2017 metabolic genetics note
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(@] virsemen & ovcones
Analysis of the post-diagnostic journey allows for

tracking of long-term outcomes

4 Age 4:
!nltlatlon of IV Age 4: Age 6:
idursulfase Myopia Bicuspid aortic valve,
diagnosed; no thickened mitral valve
retinopathy noted on echocardiogram

Age 6:
Ongoing neurocognitive

concerns; autism diagnosis
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(@] vorenenis oucones
Analysis of the post-diagnostic journey allows for

tracking of long-term outcomes

4 Age 4:
Initiation of IV Age 4: Age 6:
idursulfase Myopia Bicuspid aortic valve,
diagnosed; no thickened mitral valve
retinopathy noted on echocardiogram
> 1 1 -
Ongoing OPHTHALMOLOGY CLINIC NOTE
Monitoring via ENT,
ophthalmology, cardiology, GI, Provider: Dr. O (Ophthalmology)
orthopedics, developmental Encounter Date: 12/X/2016
pediatrics, genetics Impression: Likely MPS; no corneal clouding noted on limited anterior segment examination

(seen usually with MPS | and MPS VI); no evidence of RPE changes to suggest retinopathy (often
seen with MPS |, MPS II, and MPS Ill); optic nerve appearance today with wnl, though changes
can develop over time; pt would not allow IOP check, but globes felt soft to palpation OU
(reports of glaucoma in MPS |, II, VI). In addition, amblyopia, strabismus, and hyperopia have
been described in MPS (of note, patient has myopia, while hyperopia is more commonly
described in MPS |, and astigmatism, which has been seen in MPV IV).
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(@] vorenenis oucones
Analysis of the post-diagnostic journey allows for

tracking of long-term outcomes

Age 4:
Initiation of IV
idursulfase

NEUROPSYCHOLOGICAL EVALUATION CLUINIC NOTE

Provider: Dr. T {Pxychology)
Encounter Date: 2/X/2017

Impression: The patient’s current neuropsychologicel profile reflects solidly average
intelligence and memory along with weakness in visual-motor integration and significant
symptoms of hyperactivity / impulsivity and aggressiveness. To a lesser degree there also is
some evidence of challenges with attentional control and moodiness. This pattom of
performance appears to be consistent with expectation for Hunter Syndrome.

Diagnoses:
Neurocognitive dysfunction secon
ADHD, predominantly hyperactivity

Age 4:
Myopia
diagnosed; no
retinopathy

Age 4:

NEUROPSYCHOLOGICAL EVALUATION CUNIC NOTE

Provider: Dr. T {Neuropsychology)

Encounter Date: 2/%/2018

Impression: Compared to prior results, there appears to have been siowing in developmental
progression across many domains, including intellectual capacity, memory, and visual-motor
Integration. However, it is important to be mindful of his degree of attentional dysregulation,
which could be impacting his performance in these domains.

In sum, there appears to have been some slowing in overall newrocognitive development,
although in part that could be attributable to increased attentional dysregulation, It is unlikely
that there has been deterioration in cognitive reasoning or memory at this point in time.

Neurocognitive &
behavioral concerns
noted; ADHD diagnosis

Age 6:
Ongoing neurocognitive
concerns; autism diagnosis

BEHAVIORAL EVALUATION
DOCUMENTED PARENT LETTER

Provider: Dr. P (Behavioral Psychology at External Institution)

Encounter Date: 2/X/2019

Summary: The patient meets the DSM-5 symptom criteria for an Autism Spectrum Disorder
(ASD). He exhibits developmental difficulty In the areas of both social communication and non-
verbal communication. His social communication is far below that expected for his general
developmental delay,
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Evaluation of multiple source documents is required to
understand the patient journey in rare disease

Hunter Syndrome ®
4 o, . ® vps suspected Treatment &
(MPS 1) Case Study Hiatal hernia management N
diagnosis & initiated Neurocognltlve
repair (x2) Hearing Genetics & behavioral
Birth loss evaluation & concerns
phenotyping
Myopia
Chronic Abnormal echo
Chronic otitis Glissues Elevated Official Hunter (cardiology) —\
Demographics media Met early gross & urine MPS Syndrome
¢ fine motor skills diagnosis Clinic Notes
Birth Notes
¢ ¢ ‘ ¢ Lab Reports
Lab Values ‘
Clinic Notes Clinic Notes
Clinic Notes Lab Values
Clinic Notes Clinic Notes Lab Reports Developmental Testing
Audiograms Clinic Notes Time to testing Time to diagnosis Behavioral Diagnoses
Surgery Notes Radiology Clinic Notes — Clinic Notes Diagnostic healthcare utilization Rate of cognitive decline
First related symptom Pathology Audiograms Radiology Clinic Notes Dosage
Inpatient Notes Surgery Notes Time to MPS suspicion Time to referral Start Date
Surgery Notes List of all relevant symptoms Other Meds
rd-md Time to recurrence 7T 0 e 26

Medical Record Data

Derived Data




Thank you!

Nancy Yu, CEO nancy@rdmd.com
Kristina Cotter, PhD, CGC, MS, Research Director kristina@ rdmd.com
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Collaborating Organizations

Lead — HPHC Inst

itute

DEPARTMENT OF POPULATION MEDICINE
HARVARD @Haward Pilgrim
MEDICAL SCHOOL Health Care Institute
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Partners
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Available Data Elements

Administrative Data

Clinical Data

| Enroliment | Demographic | _ Dispensing ] Encounter | Diagnosis ]  Procedure [l LabResult Vital Signs
Patient ID Patient 1D Patient ID Patient 1D Patient ID Patient ID Patient ID Patient ID
Enrollment Start & Birth Date Dispensing Date Service Date(s) Service Date(s) Service Date(s) Result & Specimen Measurement Date
lecti Ti
End Rates Sex Mational Drug Code Encounter D Encounter ID Encounter ID EOHECHEm LR S jime
Drug Cove Ti Type, Height ight
Lo Zip Code ineel Encounter Typeand  Encounter Typeand  Encounter Type and Im:fn:dﬁac g Sight s Weig
Medical Coverage Etc Days Supply Provider Provider Provider lﬂ:ltiﬂ: Diastolic & Systolic
7 ; BP
Hﬁdi:;:ﬁ:':m:nrd Amount Dispensed Facility Diagnosis Code & Procedure Code & Logical Observation T
i ¥ Etc. Type Type Identifiers Names Type
Principal Discharge Etc. and Codes (LOINC¥) Etc.
Diagnosis

Etc.

Registry Data Inpatient Data Mother-Infant Linkage Data
—

Patient ID Patient ID Patient ID Patient ID Patient ID KMaother ID
Death Date Cause of Death Vaccination Date Administration Date & Administration Start & Maother Birth Date
Source Source Admission Date SIE Stk Patn 8 T Encounter 1D & Type
Confidence Confidence Vaccine Code & Type Encounter ID Encounter ID Admission & Discharge Date
; Mational Drug Code Transfusion
Etc. Etc. Provider
[NDEC) Administration ID S
Etc. i
Route Transfusion Product Child:Birth Date
Code Mather-Infant Match Method
Dose
Etc. Blood Type Etc.
Etc.

https://www.sentinelinitiative.org/sentinel/data/distributed-database-common-data-model



Data Quality Review and Characterization Process

' Distribution

) Transformation

[ Data Partner transforms
source data into the Sentinel
Commaon Data Model

':ﬂ!!' Preparation

Sentinel Operations Center
prepares quality review and
characterization package for
new ETL

[E:I Approval
Sentinel Operations Center

Quality Assurance Manager
approves ETL for use in queries

lﬁl Completion
Data Partner investigates issues
identified in report generated by the
Sentinel Operations Center and
resohves remaining flags

* On average, there are 34 flags identified by the program and 10
additional Mags identified by the Sentine] Operations Cemtes per ETL

https://www.sentinelinitiative.org/sentinel/data-quality-review-and-characterization

T Sentinel Operations Center distributes guality
assurance package to Data Partners

[ ' Model Compliance

Data Partner runs guality review and charactenzation package
completing the following:

* Level 1 checks | > 900 different 4“1

v Level 2 checks checks

Quality review and characterization packape outputs list of ermors or
anomalies (flags) identified during data checks

Data Partner resolves these flags and sends a detalled report to the
Sentinel Operations Center

Bl Review & Characterization

Sentinel Operations Center receives outpul from Data Partner and
reviews

Sentinel Operations Center runs additional quality assurance checks:
= Level 2 checks -

* Level 3checks | * 300 different E

" Level 4 checks

Sentinel Operations Center cvaluates any additional Mags and
creates fssue report for Data Partner to address

Sentinel Initiative | 82




Data Quality Checks and Examples

Completeness
Level 1 v Admission date is not missing value

Sentinel
Common

@G Validity Data Model

Compliance

v'  Admission date is in date format

Accuracy _
Level 2 v Admission date occurs before the patient's discharge date ﬂfﬂ’:-‘-'-a‘:g”ﬂﬂ"?
Checks Integritv Cross-Tabular

v Admission date occurs within the patient's active enrollment period

Level 3 Consistency of Trends
v There is no sizable percent change in admission date record counts Cross-ETLs
Checks by month-year

Plausibility
There is no sizable percent change in the number of prostate cancer BEE—Sait
encounters by sex”

“Under development

https://www.sentinelinitiative.org/sentinel/data-quality-review-and-characterization




Sentinel Quality Review and Characterization Learnings

e NDC codes in the Procedure Table

— SOC: There is a significant change in the number of records where the PX variable has values with
special characters other than a decimal point across ETLs

— Response: due to the addition of the claimline NDC to the PX variable; These NDC values are not
adjudicated like pharmacy claims so often contain dash elements of the NDC code.

ICD9 diagnosis/procedure codes post October 2015
* Claims before birthdate/Claims after deathdate

Multiple patids for same members(kids 0-2) found while mom-baby linkage



Query Specific Quality Review and Characterization

* Cohort Identification and Descriptive Analysis Module (CIDA) identifies and
extracts cohorts of interest from the Sentinel Distributed Database based on
user-defined options

— Exposures, outcomes, continuous enrollment requirements, incidence criteria,
inclusion/exclusion criteria, relevant age groups, demographics

e Data Partners review output from CIDA requests to check for population
plausibility, program errors, code list omissions

— Data ambiguity from the time around birth when the infant does not have his or her own
member number, so claims are submitted under the mother’s ID

— Review of code lists with internal NDC resources within specific queries or review of claim
lines for code modifiers (biologics and biosimilars)



Curation is Often Complex and Hard to Explain =t

Rulewancy tar Rugutiatsey Puarmees

Document

* Eatent ol
provenee

* Protocoks for data

prodesung

Poke ==t~

Transform
Process sach dataset:

Clean
Check each dataset:

* Logx chimihy/ » Common Data
outfers Model
* Complteness * Normallzation
* Imputation
* Componite variables
* Naturs) Language

Proceaiing Research-

Selection of ready
data source(s) RWD

Mainta
Research- S

ready
RWD

* Frovenance
* Trariparency of
procewing
Check

—

a * Ry variables
Link preseat

SRR - Foprseritetivg Clean Transform

* Pooling data papulétion Check each dataiet Process each dataset:

o Patignt dpvel linkage * Logic checky/ + Common Dats
\ outliers Moded

* Comphétensss « Normallzaton
* imptation

Denved vanaldes
Natural Langsage
Procesung

Link
Combine datmoty:
¢ Pookeg data
| * Fatentieved linkage

7 D k MARGOLIS CENTER
u e for Health Policy
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Curation of EHR data

Keith Marsolo, PhD

Associate Professor

Department of Population Health Sciences
Duke Clinical Research Institute

Duke University School of Medicine

® The National Patient-Centered
pcor I I e Clinical Research Network
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Disclosures

< Consulting support from Novartis & IBM

C Co-inventor — Hive Networks, Inc.
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Moving from raw data to fit-for-purpose — PCORnet®

C PCORnet follows a two-stage process to assess suitability

= Foundational curation — establish a baseline level of
data quality (“minimum necessary”)

= Study-specific — ensure data are fit-for-purpose for a
given study or analysis

O

Foundational data curation is not static — view as a
continuous learning cycle

= Continuous assessment of performance

= Close gap between foundational and study-specific —
add new data checks based on study findings

«g2» pcornet’




Why foundational curation?

< Many EHR domains are being
harmonized / standardized for the

Total Number of Laboratory Rawuits and Median Mumber ol LOING Codes, by Refresh Date

first time
C Given volume of data, can be : :
overwhelming to both harmonize 3
and assess fitness for specific 5
study questions at the same time 2 5
% E
Less than 80% of lab results mapped to LOINC 5 - 2
Less than 80% of quantitative lab results specify the normal range
Less than 80% of quantitative lab results mapped to LOINC specify |
SpeCimen source & result unit I April 2017 [n=43) Oet 2017 {n=44]} Aperil 2018 jn=a2] Oct 2008 fnedd] Jidhy 2015 =i}
More than 5% of lab results have inappropriate specimen source Mumw";"‘;;;:Lﬂ‘;wﬂm
[for selected tests]
Median lab result values for selected tests are statistical or clinical 94

B outliers GGG



Study specific curation

< ldentify potential quality concerns for
key variables within a given study i % of cohart with a result for laboratary test X, by DataMart

pOpU'GtIOﬂS Missing results or
] practlce variation?
< Need to determine whether issues :
are related to the data or reflect i
normal practice variation 3
g Data not loaded
into CDM
; | (probably)

Latahau

=]

=

% of cohort witlfesult for lab text ¥

=

.@gj. pcornet’ 05




Minimum necessary data checks

Z Need to align checks with purpose
< Will data be confirmatory, or serve as
stand-alone outcome / endpoint

O

If minimum threshold cannot be met,
can dataset be used for something
else?

Selected lab-related data % of DataMarts passing
checks (failure criteria) (most recent refresh; n=41)

Less than 80% of lab results

0,

mapped to LOINC S
Less than 80% of quantitative
lab results specify the normal 42%
range
Less than 80% of quantitative
lab results mapped to LOINC 379

(o)

specify specimen source &
result unit

Hematocrit 02 Distribution (2 of DMz 40)
DC Mormal Reference Range{ % k lower=34.9 upper=50.4
Median of Q2s=315.4

bl Y]
4]
a
50 fahi
40 o B o H
= 1 o o
- [ LR Bk e e e e e = rmra’m
7 o
= % g B e
ﬁ L1 ]
=
o
1‘|.- r ----------- \ ﬂ LEkY
1
| LY Tane i 1
0- I Y a .t
T L] T L] T T T L T L]
LRESE-E%)  205P0-E%) JI00-Ei%) SI9E-U%] SI65ESN1  Sl055-2%) 00N AR 45HGHEw] ET0RN NG
an CHT 1 L | 3 T 5 i | n L] ]
REC CNT AR50 IMOSF5] e R L LERE a4 5352 41 TET L 67, 27| 058 117 H5
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Curation as a learning process — data latency

< Latency / completeness of data

PCORnet
Office Office Query Date
Visit Visit ) e Benchrork Period I Current Period i
% Barschmark Avarage ormeing Biate
Trial Rx Lab “ - ~ £ 1m0
Enroliment Filled Draw %
No events? S a0 5
Or just no data? E ;
a
. £ b=
< Questions: 3 O E
o e
= “How complete & up-to-date are the data?” (DSMB) 3 a0 ;-
= “What'’s the data censoring date for participants?” % .
(Statistician)
]
C Developed latency calculation & incorporated into data £8¢ § §4333F53538358883883
Curation m [rcounders  ——[ata comploteress

.@. pcornet’ N




Curation as a continuous learning process

10
16
Encounter Data Latency as of January 2019 Variation in LatechyfwnLnn a DataMart, by
Variation by DataMart efres
8
12
6
% ° mCycle 2
- uCycle 3
mCycle 4
4
mCycle 5
mCycle 6
4
Goal ,
) ““““““““““
0

pc( Eligible DataMarts: PCORnet 2.0 DataMarts which include inpatient, ambulatory, DataMart A DataMart B DataMart C
and/or Emergency Department encounters and do not use date obfuscation 08




Summary

< Data curation should be viewed as a process for continuous quality improvement

< May not end up with a single set of “minimum necessary” checks — consider tiered
approach

O As best practices are developed, need a better way to share methods, results, etc.

< Have spent years understanding the pitfalls of working with administrative claims —
will take time to develop that knowledge around EHR data

ﬁ' pcornet’ .
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IBD Plexus is designed to support
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Discovery Clinical Post Approval
Development
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Diverse research cohorts for cutting edge research

Adult Quality of Care
Program

Pediatric Risk
Stratification Study

‘ :ﬁi’ EﬁllJR’TN ERS

Online Patient

Survey Study
¢ =B cHoHN's&anms'ei"“
PLEXUS FOUNDATION

Adult Translational
Research Study




Real-world data integrated & linked within & across cohorts

Patient Electronic case Labs Molecular Medical
surveys report forms data record

= Patient reported data
= Clinician reported data

IBD
SmartForm

SECONDARY RWD




Information Management Lifecycle

Integration & linkage

+ Data integration engine & processing tools
» Master patient index engine
Standardization & normalization - Patient-level linkage

» Data collection standards & protocols
« Common data models
« Data harmonization tools

Quality control

 Built-in data profiling & error reporting
mechanisms

» Balance between system & manual data
checks

* Processing history controls

Registration & authentication

» Master consent / HIPAA authorization
» Multi-study registration functionality
» Patient re-contact capabilities

Prep-to-research tools

« Data querying capabilities
« Data visualization and insight
tools

Data delivery

Automated data provisioning process
Raw & research-ready datasets

Data dictionary

White glove service

€ = BD ; <A
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Achieving Research & Development Efficiencies with RWD

! 8

2, W
o o

G Ee 4 Research study cohorts
“ = Hypothesis generation

Over 70 participating sites = Drug development tools

x|
] +
o |

= Study feasibility & recruitment

8 Pharmaceutical companies L .
|dentification of characteristics

for enrichment or stratification

N X

rr
-
b5

3 Ancillary study awards (CDC, NIH,
PCORI)
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Mindful of the patient journey, we embrace a patient-centric
approach to all decision-making and mission delivery.
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Powering IBD Plexus

EEBROAD
INSTITUTE
Diversigen
& GENEWIZ' =
g METABOLON Rhapsody
Sa'esf W = Brooks evutea Deloitte. ““3'“33"-’“ Deloitte.
Patient&  Bjopank & Lab  Central Data & High Researcher
Clinician Information  Reference Analytic ~ Performance Portal
Engagement Management Labs Platforms Computing
Platform System
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B A
Demonstration Project Goals

= Explore the use of a digital mobile app to fill data gaps
= Capture the patient experience beyond the clinical delivery system

= Establish a more comprehensive picture how medical products function
beyond the controlled restrictions of traditional randomized clinical trials

= Help assess the use of patient-generated health data to support RWE

CHﬂHN's&chLms\ "
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Establishing a High-Quality PGHD Ecosystem:

Patient reported data considerations

0

'Lt

0
Completeness Conformance
m Disease activity m Standards
m UX barriers m Instruments
m Life events m Mechanisms

m Collection windows

Credibility

m Validation
m Recall bias
m Business rules

Error profiling reports & quality checks
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Session IV: Methodological and
Analytical Considerations for
Observational Studies

Where Have We Come From — Where
Are We Now — Where Are We Going?

Til Stirmer, MD, MPH, PhD
October 37 2019

Developing Real-World Data and Evidence
to Support Regulatory Decision-Making

National Press Club ® Washington, DC
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The following personal or financial relationships relevant to this presentation
existed during the past 12 months:

| receive investigator-initiated research funding and support as Principal
Investigator (RO1 AG056479) from the National Institute on Aging (NIA), and
as Co-Investigator (RO1 HL118255, RO1MDO011680), National Institutes of
Health (NIH)

| receive salary support as Director of Comparative Effectiveness Research
(CER), NC TraCS Institute, UNC Clinical and Translational Science Award
(UL1TR002489), from the Center for Pharmacoepidemiology (current
members: GlaxoSmithKline, UCB BioSciences, Merck, Takeda), from
pharmaceutical companies (Novo Nordisk), and from a generous contribution
from Dr. Nancy A. Dreyer to the Department of Epidemiology, University of
North Carolina at Chapel Hill.

| do not accept personal compensation of any kind from any pharmaceutical
company

| own stock in Novartis, Roche, BASF, AstraZeneca, and Novo Nordisk.
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Where Have We Come From?



Intractable Confounding

Sackett DL. How to
read clinical journals:
|. Why to read them
and how to start

reading them critically.
CMAJ 1981

Miettinen Stat Med

1983: “control of the
indication ... commonly
infeasible”

Yusuf, Collins, Peto.
Stat Med 1984: “little
real value®
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Good prescribing leads to confounding of drug
effects on intended outcomes
More severe disease more likely to

Be treated (with higher doses)

Have higher risk of adverse outcomes
Assessment of severity of disease

Often difficult

Intractable for intended effects (Miettinen 1983;
Yusuf, Collins, & Peto 1984)

Drug looks BAD compared with NON-USERS!
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Individuals close to death are

Less likely to receive preventive treatments

E.g., statins, flu vaccination

More likely switched to palliative treatments
E.g., opiates instead of NSAIDs

More likely to receive certain classes of drugs

E.g., loop diuretics vs. other diuretics

Paradoxical drug mortality associations
Drug looks GOOD compared with NON-USERS!
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e
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Ignoring Adherence and Time on Treatment

Epidemiology

Statin Adherence and Risk of Accidents

A Cautionary Tale

Colin R. Dormuth, ScD; Amanda R. Patrick, SM: William H. Shrank, MD;
James M. Wright. MD, PhD: Robert I. Glynn, PhD. ScD:
Jenny Sutherland, BSc: M. Alan Brookhart, PhD

Format: Abstract = Send to-

Am J Epidemicl. 2019 Mar 27. pii. kwz085. doi: 10.10593/aje/kwz065. [Epub ahead of print]

Keeping the Demons At Bay When Handling Time Varying Exposures: Beyond Avoiding Immortal
Person Time.

Edwards JK', Htoo PT", Stiirmer T'.

= Author information

1 Department of Epidemiology, University of North Carolina at Chapel Hill.
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Comparison of prevalent drug users to non-
users standard study design until ~15 years ago

Suffers from all these biases: Often invalid

Statements about validity of nonexperimental
research based on such comparisons/designs

There may be few exceptions where biases
work in our “favor” (e.g., long latent period)
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T2
Diabetes

Obese — Insulin

|

Non-Active Comparator
New User Design:
Confounding by
Indication (Obesity)

|

Normal No

Glargine — CRC
1)
Active-Comparator
New User Design:
No Confounding by
Indication (Obesity)

¥

NPH ., CRC

weight " insulin

+ CRC
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Confounding Control by Design: BMI

Stirmer T, Marquis MA, Zhou H, Meigs JB, Lim S, Blonde L, MacDonald E, Wang R,
-'-_.;:h FTHE LINIVERMTY . . e ey . . .
” I'I of NORTH CAROLINA LaVange LM, Pate V, Buse JB. Cancer incidence among those initiating insulin
e LilLn af CHAPRL HILL therapy with glargine versus human NPH insulin. Diabetes Care 2013;36:3517-25. 145
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Kramer et al. J Chron Dis 1987:40:1073-85:

“Compared with what? .. it is important to compare that
risk with that of some other real therapeutic option for
patients with the same clinical indication. Just as in a
clinical trial investigating treatment efficacy, any
epidemiologic study of treatment risks should compare
two or more viable treatment alternatives.”

“.. measuring risks conditionally on .. indication is ..
essential to reduce confounding”

“For what period of time? The risk posed by a drug for a ..

event is not generally the same in the sixth month of
chronic therapy as in the first or second week.”

New user part previously mentioned by Feinstein 1971 — see: Lund JL, Richardson DB,
Sturmer T. The active comparator, new user study design in pharmacoepidemiology:
historical foundations and contemporary application. Current Epidemiology Reports
2015;2:221-8.
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Active comparator, new user design dramatically
reduces potential for bias due to

Confounding by indication
Confounding by frailty
Non-adherence/time-varying hazards
Immortal time

Focus on intervention needed for causal inference
Comparator selection obviously important
Standard design for nonexperimental CER
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1. On-Treatment Estimates and Selection Bias

= |f stopping study medication is differential by
treatment and staying on treatment is affected
by confounders, conditioning on remaining on
treatment opens up a biasing path

= This path can be closed by inverse probability of
censoring weights

PS: note that this is true in
absence of baseline confounding,
i.e., including RCTs!

Stopping X
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Frequency Missing at Least One Chemo Dose

Fercentage of patients missing at least one dose

>-FU FOLFOX

[Population M MOSAIC B US Oncology |

Jennifer L. Lund, PhD (PI)
——— PHE UNIVERSITY Enhancing Hybrid Study Designs for CER
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On-Treatment Follow-Up in US Medicare

Dabigatran New Users Warfarin New Users
50 - 50 -
40 - 40 -
g - g 30
S S
A 20- B 20-
10 10 -
o : : DI'|‘Illii.llllr_’ll":"rll
0.0 05 1.0 1.5 2.0 0.0 0.5 1.0 15 2.0
On-treatment follow-up (years) On-treatment follow-up (years)
Median OT FU: 152 days (P25: 60, P75: 382) Median OT FU: 259 days (P25: 117, P75: 625)
Slides Adapted from Michael Webster-Clark, PharmD,
AR AR PhD, presented at 35t ICPE, Philadelphia, August 2019

gf CHAPHIL HILL
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Dabigatran vs Warfarin and Ischemic Stroke

On Treatment Initial Treatment

0.04 0.04
Two-year RD: 0.44% (95% Cl: -0.22%, 1.09%)
£ 2
o 003 o
= Two-year RD: -0.73% (95% Cl: -1.40%, -0.06%) =
E 0.02 - il E
5 T g
° ©
S "
A ol
[va [l
0.0 05 1.0 1.5 20
Years

Dabigatran new users

of NORTH CAROLINA Warfarin new users
af CHAPEL HILL 152
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The benefit (and harm) of treatments may not be
realized in the real world due to lack of adherence

This complicates RCT generalizability

Methods to “account” for non-adherence depend
on measured predictors of non-adherence

Linkage of claims with e.g., EHR data will help with
prediction

|dentification of barriers to adherence (subgroups
most likely to benefit from interventions) important

Webster-Clark M et al., under external review
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2. Single-Arm Trials and Confounder Adjustment

* We have data from a single arm trial
of a preventive drug, as well as
insurance claims (comparator) S

= Physicians preferentially recruit
patients that smoke (C) in the single
arm trial since smokers are at higher
risk for (Y)

= We can only measure C,, with high
specificity but low sensitivity in claims

otk pintafilniid by Slides Adapted from Michael Webster-Clark, PharmD,

g NORTH CARCOVLIMNA

@ CHAPEL HILI PhD, presented at 35% ICPE, Philadelphia, August 2019

154



Three Major Graphical Conclusions

= If there is no X->C,, arrow,
adjusting for C,, cannot
generate bias I SR

« Will partially control for C

= If there is a X->C,, arrow but
no C->X arrow, adjusting for C,,
will always generate bias

= |f both arrows exist, their
direction and strength o
determine overall bias

g NORTH CARLCVLIMNA

if CHAPEHEL HILI 155



Confounding Control When Sensitivity is Low (claims)

3-D Figure: P(C) = 10% 4-D Figure: P(C) ranges from 2.5% to 97.5%

C more common in RWD P(C)=2.5% P(C)=50% P(C)=97.5%

[ELI} Ul UOWWO0D 3J0W )

[ =} 1] are

. <50%
B s0-80%

-':-:——"h- THE LINIVERMSITY
| .ﬂ R AL S AR Michael Webster-Clark, PharmD, PhD, unpublished
=

gf CHAPHIL HILL

B >s0%



Bias in Stratum C=1 When Specificity is 0.99

3-D Figure: P(C) = 10% 4-D Figure: P(C) ranges from 2.5% to 97.5%

P(C)=2.5% P(C)=50% P(C)=97.5%

C more common in RWD

[eLI} Ul UOWWO0D 3J0W )

% THE UINIVERSITY
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If sensitivity or specificity of a covariate differ, the
effects of controlling for C,, depend on:

Strength and direction of causal effects on X and Y
Prevalence of the confounder
Type and degree of differential misclassification

Restriction is not always a solution, even when
both data sets have high (not: perfect!) specificity

We can identify parameter spaces where
confounding can be sufficiently controlled for

Webster-Clark M et al., under internal review
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3. PS to Identify Study Population at Equipoise

Ammacan Joumal of Egiderreticy Vol 172 Na 7

+ Tha Agitar 2010, Putsiahed by Oaford Unreprasty Press on bahall of e Johas Hopaong Bocmiang Schasl of 0 0 1 Dk et 10630

Prabsic Heamh. Al nghty reteresd. For peimmigasons, pledss p-rul [Soinals parmeaiong B odoripomals. oy Aghinnicn ABciil pubiason 101093 biomet asn08S$
Axiasd 17, 2010

Iblicatson 24 January 2009

Practice of Epidemiology

Treatment Effects in the Presence of Unmeasured Confounding: Dealing With average
Observations in the Tails of the Propensity Score Distribution—A Simulation
Study

Camnarative Fffactivenece Rocsarch Dovenress
Received: 5 Oictober 2018 T Revisedt & Manch 2019 Accoplied: & May 2017 : )

DOl: 10,1002/ pds 4844

Til Stirmer*,
e ORIGINAL REPORT WILEYIODOLOGY

rative

Comparison of alternative approaches to trim subjects in the

tails of the propensity score distribution 1 Walker'

fatrick’
1 2 3 4 Lol
Robert J. Glynn® 0 | Mark Lunt® | Kenneth J. Rothman® | Charles Poole” | nbrook?
Sebastian Schneeweiss® | Til Stiirmer® & Marin®
Lepariment of Leonomics, mversity of Miann, Coral Ganles, riorida 331249, UD. Richard Platt®
omitniki@miami.cdu Véronique L Roger’
Paul Stang®
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Trimming Patients Treated Contrary to Prediction to
Reduce Unmeasured Confounding by Frailty

A
N P ' RITTITITITITIY >

Non- : : Non-
overlap; Untreated : overlap
- — — = o -——i————»
Trimming | Trimring

(5t perc. I (95t perc. of
of treated : untreiated)

Treated

% THE UINIVERSITY

Il.ﬂ R Stiirmer et al. AJE 2010
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Focus on treatment decision is unique PS advantage
Little equipoise between treatments in tails of PS

Heterogeneity of treatment effects in tails plausibly
due to unmeasured confounding (vs. real)

Trimming small proportions of study population in
tails of PS can improve validity

Need more work/guidance on amount of trimming

Define bias vs. treatment effect in target population
(target validity; Westreich et al AJE 2019) promising

Til Stirmer (PI)
Propensity Scores and Preventive Drug Use in the Elderly.
National Institute on Aging (R0O1 AG056479)
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4. Evaluate Adequacy of Sensitivity Analyses

ObjeCtiveS 1. Methodological 2. Evaluating performance
literature review of sensitivity analyses

* Aid CDER in the development of guidance on
use of sensitivity analyses to evaluate
uncontrolled confounding

* Enhance the capacity of FDA to critically
evaluate adequacy of sensitivity analyses of

unmeasured confounding for assessment of D)

guidance and

non-experimental studies rule-making
3. Tailored on-site 4. Dissemination

ACtiVitieS F';A.t:irgng " of findings

* |dentify and evaluate methods for assessment g S |
of bias due to uncontrolled confounding

* Provide tailored training for scientists at FDA

* Disseminate findings to research community

THIL USISERMITY
af RiGETIE L RMLIN i RS

41 ICILA FILE IRRLE

f:_:ﬁh of NORTH CAROLINA Michele Jonsson Funk (Pl) FDA Contract Award No.
”ll ar CHAPEL HILL 75F40119C10115. Methodological Advances in the Assessment of

Uncontrolled Confounding



Thank you

sturmer@unc.edu
til.sturmer@post.harvard.edu
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RCT replication with
observational data

William Crown, PhD
Chief Scientific Officer, OptumLabs

October 3, 2019
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Current (limited) literature suggests observational studies yield results
similar to RCTs

The Cochrane Collaborative! examined 14 prior reviews
comparing RCTs to observational studies: “Our results showed

Collectively, these reviews included data on 1,583 meta analyses that, on average,
spanning 228 medical conditions. there is little

* 11 of 14 studies (79%) found no difference in ratios of odds difference between

ratios (ROR) the results obtained
for RCTs and
* One review suggested larger ROR for observational studies observational
studies.”

* Two reviews suggested smaller ROR for observational studies

Earlier studies showed similar results.?3

1. Anglemyer A, Horvath HT, Bero L. Healthcare outcomes assessed with observational study designs compared with those assessed in
randomized trials (Review). The Cochrane Library 2014, Issue 4. 2. Benson K, Hartz AJ. A Comparison of Observation Studies and
Randomized, Controlled Trials. N Engl J Med 2000; 342: 1878-86 . 3. Concato J, Shah N, Horwitz Rl. Randomized, Controlled Trials,
Observation Studies and the Hierarchy of Research Designs. N Engl J Med 2000; 342: 1887-92.
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Causal frameworks are needed to actually replicate
the RCTs

« Pearl, J (2013). Causality: Models, Reasoning, and Inference. 2" Edition. New York,
NY: Cambridge University Press.

* Van der Laan MJ, Rose S (2011). Targeted Learning: Causal Inference for
Observational and Experimental Data. New York, NY: Springer-Verlag.

* Rubin, D (1974). Estimating Causal Effects of Treatments in Randomized and
Nonrandomized Studies. Journal of Educational Psychology 64, 688-701.

* Heckman, J (1976). “The Common Structure of Statistical Models of Truncation,
Sample Selection, and Limited Dependent Variables and an Estimator for Such
Models.” Annals of Economic and Social Measurement 5: 475-492.

« Zellner A, Theil H (1962). Three-Stage Least Squares: Simultaneous Estimation of
Simultaneous Equations.” Econometrica 30(1):54-78.

PR T S el . . P : iagi
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There are many methods for causal modeling
with health care data

« Standard regression models with quasi-
experimental design

* Propensity score matching or inverse probability

weighting / \

« G estimation and marginal structural models

* Doubly robust methods

* Instrumental variables \ l /
« Differences in differences

« Targeted maximum likelihood estimation

PR T S el . . P : iagi
w CLIMICAL THIALS Confidential property. Do not distribute or reproduce without express permission from MRCT Center and O;ﬂumLabs
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We've learned a lot about how to do comparisons correctly

1. Active comparator, same treatment

modality
2. New users
3. High-dimensional proxy When and How Can Real World Data Analyses
adjustment Substitute for Randomized Controlled Trials?
Jecaksa Al Frankiin' sml Scbusbian % hmoeacis’
4. Control for medication adherence g A g <o AP AR BT 0 g g
naied o dals o AGTR harh B s pistrass mndli Tk hrare o can
. . . Wﬂimihfmi.“wmm“r“t | Py’ L Gapdlpd ek o e il e ]
5. Avoiding design flaws: D gt areas g o e, e s, e I g
renasls sirmidn 1o HCEs My when N Fom ATy Fom regalsioey
e i e e WL Gl o sy g et wil hud mangcamane o ral MW o impleeml o ol FOWD araiysdy
a. reverse causation iy MOV s o v v s A e i

Franklin J. and Schneeweiss S. When and How Can Real World Data Analyses Substitute for Randomized
Controlled Trials? Clinical Pharmacology and Therapeutics 2017.

b. adjustment for causal
intermediaries

c. immortal time bias

d. depletion of susceptibles

FARILT 0o WS S P . . : : i issi
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There are a limited and growing number of observational studies
replicating RCTs

Observational study followed by RCT:

« Schneeweiss S, Seeger J, Landon J, Walker A. Aprotinin during Coronary-Artery Bypass Grafting
and Risk of Death. NEJM 358(8), 2008

» Fergusson D, Hebert P, Mazer D, et al. A Comparison of Aprotinin and Lysine Analogues
in High-Risk Cardiac Surgery. NEJM 358(22), 2008

RCT followed by observational study:

« Connolly S, Ezekowitz M. Yusef S, et al. NEJM. Dabigatran versus Warfarin in Patients
with Atrial Fibrillation. 361(12), 2009

» Seeger J, Bykov K, Bartels D, et al. Safety and Effectiveness of Dabigatran and Warfarin
in Routine Care of Patients with Atrial Fibrillation. Thrombosis and Haemostasis 114(12):1277-89, 2015

Observational study conducted concurrently with RCT:

* Noseworthy PA, Gersh BJ, Kent DM, et al. Atrial fibrillation ablation in practice:
Assessing CABANA generalizability. Eur Heart J. 2019 April 21;ehz085.
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A high profile case where RCTs and observational studies differed

The Nurses Health Study (observational) had found a protective
cardiovascular risk from HRT.
Stampfer MJ et al. Postmenopausal Estrogen Therapy and Cardiovascular Disease:

Ten-Year Follow-up from the Nurses’ Health Study. N. Engl. J. Med 325, 756-762 (1991). | was

randomization
the issue?

The Women'’s Health Initiative (RCT) found just the opposite.

Rossouw JE et al. Risks and Benefits of Estrogen Plus Progestin in Healthy
Postmenopausal Women: Principal Results from the Women’s Health Initiative
Randomized Controlled Trial. JAMA 288, 321-333 (2002) |

And subsequent studies revealed the reasons why.

Hernan MA et al. Observational Studies Analyzed Like Randomized Experiments: Study design
An Application to Postmenopausal Hormone Therapy and Coronary Heart Disease. V"_?fs the
Epidemiology 19, 766-779 (2008) difference.

Goodman SN, Schneeweiss S. and Baiocchi M. Using Design Thinking to Differentiate
Useful From Misleading Evidence in Observational Research. JAMA 317, 705-707 o
(2017).
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What is the role of real-world data in regulatory decision making?

OPERAND (Observational Patient Evidence for Regulatory Approval and uNderstanding Disease)

Improve the confidence in observational data to generate evidence supporting treatment effectiveness
and safety for patient populations beyond those studied in randomized clinical trials (RCTs).

Approach

* Replicate two clinical trials: ROCKET for atrial
fibrillation and Lead-2 for Type 2 diabetes control

— Using OLDW claims and clinical data
— Applying methods expertise

« Engage diverse experts in government,
academia, industry to advise the program

Potential impact

* Inform policy on the use of real-world evidence
to support regulatory approvals of new drug
indications and to satisfy post-approval safety
surveillance requirements

« Validation of using observational data to
complement evidence from RCTs

* Innovation in clinical trial design, thereby bringing
new treatments to market faster and more cost-
effectively

PRI T 0o 0 O 0
ELiMFCAL THIALS
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OPERAND study design

Focus: On-label effectiveness in defined subgroups

Two academic institutions will independently replicate two identical target trials:
1. ROCKET for atrial fibrillation
2. Lead-2 for Type 2 diabetes control

Number of
teams and trials

+ (a) Claims data alone and (b) Claims + EHR, each used for sensitivity analyses
Data + Data will be restricted to inclusion and exclusion criteria of pivotal RCT
and on-label indication

Bootstrapping methods along with bias analysis will be used to understand variability

Methodology in treatment effect estimates

Documentation  Research team must document assumptions and choices made when emulating trials

To ensure comparability, the teams will:

» Be given a common clinical question and the study RCT protocol
Approach « Be given defined set of anticipated methods

» Hauve flexibility to use their own methods in certain areas

* Initially, be restricted to inclusion/exclusion criteria

FRILT IR ER PR i L . . : : i issj
w CLIMICAL THIALS Confidential property. Do not distribute or reproduce without express permission from MRCT Center and OaumLabs
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Measures of replication

Regulatory agreement

Defined as statistically significant result with directional
equivalence between the RCT and observational study.

Estimate agreement

Defined as the point estimate of the observational study
falling within the 95% confidence interval of the ATE
from the RCT using the reported standard errors of the
RCT to define the confidence interval.

--------------
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Preliminary Results: Distribution of estimates from ROCKET AF Trial
and the replication study

Trial ———
RWD, Method 1 |
RWD, Method 2 n—.—-—|
RWD, Method 3 e
RWD, Method 4 ——
RWD, Method 5 B
RWD, Method 6 i '_'_‘i"
RWD, Method 7 Bt
RWD, Method 8 '—'—*
RWD, Method 9 e
RWD, Method 10 —a— |
I |
0.50 1.0 2.0

Hazard Ratio, 95% CI
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The potential for using supervised machine learning methods

Traditionally machine learning methods focused on prediction and
classification — not causal inference

Many methods

 Classification trees * Support vector machines

* Random forests « Ensembles

- Bagging and boosting models * Neural networks

* Ridge, lasso, and elastic net * And many others...
regression

Hastie T., Tibshirani R., Friedman J. The Elements of Statistical Learning: Data Mining, Inference, and Prediction. 2" Edition.
New York: Springer.
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|s causal inference compatible with machine
learning?

There are two paths forward:

1) Sequential approach

- Estimate prediction/classification models using machine learning techniques to select
features

- Estimate causal models with epidemiologic or econometric approaches using selected
features in the model specifications

2) Targeted Maximum Likelihood Estimation (TMLE)

FRILT IR ER PR i L . . : : i issi
W CLIMICAL THIALS Confidential property. Do not distribute or reproduce without express permission from MRCT Center and Oﬂtg‘mLabs
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A snapshot of targeted maximum likelihood estimation

‘Q] OPTUM Labs’

L

American Journal of

Epidemiology
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Practice of Epidemiology

Targeled Maximum Likelihood Estimalion for Causal Inference in Observational
Studies

Megan 5. Schuler and Sherri Roso®
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Session I'V: Methodological and Analytical
Considerations for Observational Studies

a Join the conversation with #RWE2019 DE’ ‘ :::n I-Tfa?tlﬁliuﬁﬂﬁn 180



% Real World Evidence from Healthcare Databases:
We have come a long way

Sebastian Schneeweiss, MD, ScD
Professor of Medicine and Epidemiology

Division of Pharmacoepidemiology and Pharmacoeconomics, Department of Medicine
Brigham and Women’s Hospital, Harvard Medical School, Boston

October 2019
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Reminder: Why we love RCTs

Randomized Controlled

4 QT

Trials

Random treatment
assignment

Controlled outcome
measurement

Easy to understand and
communicate

183
Franklin, Glynn, Martin, Schneeweiss, CP&T 2019

And how we get to causal
associations with RWE
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@ Causal study designs: Contemplate the target trial

e Parallel group RCT
§

Washout period w/o

study drug use Exposed 1) Why do we like new user cohort studies?
% r A N / * Patients at a clear inception point
—Yzzzzz7zzz7zzz7z777) R
\ e Confounders measured before exposure

Comparator (or placebo)  Compatible with propensity score analyses

* Allows to describe time-varying hazards

Cohort study
Washout period w/o : ;  Also reduces the risk of immortal time
study drug use XpOs€
_AL
' Y
2) Why do we like active comparators?
e Patients are more similar
Comparator

[ = New-user, active-comparator cohort study ]

184 2019 Harvard / Brigham Division of Pharmacoepidemiology




RCT RW

ame New users E Current users

O:

(|
i
1

il .
)
? " AKD THE RISK | ‘00 AR DISEASE
Fraxcne Groostes, 5.0, Mem J. STaeern . MUD., Graxas A Cowprz, MB., B
WaLTER L. WilieTT, MUD., BerssrD ADShER, LD, Ao CHamges WL Hesssxens, M.
Risk of CHD events Risk of CHD events Risk of CHD events
1.68 (1.15-2.45) 1.42 (0.92-2.20) 0.60 (0.43-0.83)

Dahigntmn use in Danish atrial

Dabigatran versus Warfarin in Patients with Atrial Fibrillation QRIGINALARTICLE. fibrillation pat <
M. Michas v : Sequential Mo Comparative H : 1o gby
Effectiveness a abigatran in e o 0
Routine Car i F—
D oo tosriacrs® Y ST e

Wortes Lt | bions O b, Gemgeey ¥ H L,
Wi Lowh Harmsh'

Risk of stroke Risk of stroke Risk of stroke
0.66 (0.53-0.82) 0.75 (0.58-0.98) 5.79 (1.81 to 18.6)
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RCT

8
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o

Effects of pravastatin on mortality in patients with
and without coronary heart disease across a broad
range of cholesterol levels

The Prospective Pravastatin Paoling project

o Simen’, C. 0. Furberg”, . Braunwais®, B, A. Davie®, |. Ford®, A, Tonkin®,
J. Erepherd”, for the Progpactive Pravastatn Pooling project irvesSigeiors

4

Risk of death (any)
0.78 (0.68-0.89)

(3 MRC,/BHF Heart Protection Study of cholesterol lowering with
simvastatin in 20 536 high-risk individuals: a randomised placebo-
controlled trial

v Brodnornn oy Tommicrrer Sagrt

Risk of hip fracture
1.05 (0.88-1.25)
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RW

Active comparatpr

Increasing Levels of p~-t=-*i~= i~ Di~—macoepidemiologic
Database Studie: mparison With
Ran iits

Sebwrtian Schneewern. MDD,
M Alen Mrocthert J
Kenneth J Rothman

' TN Setrwer, MO NPIL®
- Mochery, 00 *
Wy, PRD. 8D

Risk of death (any)
0.79 (0.60-1.03)

Use of Statins ractures
For P WL TS
Risk of hip fracture

1.02 (0.83-1.24)

Non-user comparator

Increasing Levels of Restriction in Pharmacoepidemiologic
Database Studies ¢ nparison With

Randc . . s

Sebastion Schasewetr. MD, S | W Seirwer, MO MPIL®
M Alsn Brocthert PAD Mochury, S0 *
Keonoeth J Rothman, DI \ . PRD. Dt

Risk of death (any)
0.62 (0.58-0.66)

Inhibitors of hydroxymeth reductase and risk
of tracture amongolderw = @ @

\"
s ) (v, deaar | dopoe b ot \’ Gmeee e e

ey A St Al O L, et P

Risk of hip fracture
0.48 (0.27-0.83)
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@ How to ...

§

(%

— 4. Proceed if

a) Outcome observable with specificity

b) Sufficient outcome surveillance

c) Sufficient patient similarity is reached?

Data-
dependent

~ 5. Avoid known design and analytic flaws

a) Avoid immortal time bias

b) Avoid adjusting for causal intermediates
c) Avoid reverse causation

< d) Deal with time-varying hazards

Investigator-
controlled

6. Do robustness checks
a) Negative/positive controls
b) Check balance of unmeasured factors

2019 Harvard / Brigham Division of Pharmacoepidemiology
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RCT RW
No immortal tine

Canagliflozin and Cardiovascular and Renal

Events in Type 2 Diabetes :ﬁfm““ﬂ"ﬁ img:::
register based cohort

Risk of death (any) Risk of death (any)

0.87 (0.74-1.01) 0.80 (0.69-0.92)

188

Immortal study time

Lower Risk of Hea
Initiated on Sodiu
Inhibitors Versus |

" Jeath in Patients

ransporter-2
Lowering Drugs

The CVD-REAL Study (Co ‘ o553 of Cardiovascular
Emln New Users | @ stransportes2
Risk of death (any)

0.49 (0.41-0.57)
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@ Transparency in process and implementation

nao
%

? * Transparency of implementation

* Protocol + registration
* Reproducibility of implementation

* Validity/robustness of findings

identify tools to quickly and confidently discriminate between
actionable RWE and erroneous RWE.

189 2019 Harvard / Brigham Division of Pharmacoepidemiology
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@ Nothing wrong with sharing programming code but is not helpful...

190

... as it does not clarify whether the indented study was implemented accurately
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Making it easier for decision makers to fully understand RWE

Longitudinal design visualization Study design parameter table
- p:;m"‘;{fg“ i} Revitintlins fot protesst: imeapie 1 Do A voven ooy
Day O :: :u::-l.::::l.._..._-. l_ln!-mnlumlhmrtdltamummﬂmﬂwlr:]
Exclsion Ansasament Wirdew nginccraressett e L. v AR Y L -
(inbermittant medical and dnug coverage)® o s
Ss FUL =Y T .~ R R NN,
‘Wazhout Window (aspasire. outcome) [ —— Sttt ey o a—
{Ho ACE], ARB, angioedsma) “2f s MR ST

Days [-183, =1}
Excluslon Assamimenl Window I

{Age =18 y, initiate both ACT] and ARE)
Days {d, O

Covariale Asgessment ¥Window l

[Age. sex)
Days [0, O]

Covarlate Assessment Window
[Beseline conditions
Dhays [-183, -1

L =
Tima
Annats of Internal Medicing R ESEARCH AND RI:I;{HE]'[N[' M FTHODS Wang etal. in preparation with an FDA—HTA—industry consortium
Graphical Depiction of Longitudinal Study Designs in Health
Care Databases
Sabsien WD, Sl i Sc0; Sty . Brows, PhO; Kesnath J, Bothmss, Db
oo, P NP ottt WO oo, W o G, P, s Wk P 2019 Harvard / Brigham Division of Pharmacoepidemiology
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Reporting to Improve Reproducibility and Facilitate Validity
Assessment for Healthcare Database Studies V1.0

Shirley V. Wang®2 &

| Sebastian Schneeweiss** | Marc L Berger® | Jeffrey Brown*

Frank de Vries® | lan Douglas® | Joshua J. Gagne'* " | Rosa Gini’ | Olaf Klungel® |

C. Daniel Mullins? | Michael D. Nguyen'® | Jeremy A. Rassen! | Liam Smeeth® |

Miriam Sturkenboom? |

on behalf of the joint ISPE-ISPOR Special Task Force on Real World Evidence in Health Care

Decision Making

International Society
for Pharmacoepidemiology

1spe

TABLE2 Reporting specific parameters to increase reproducibility of database studies’
A Reporting on data source should include:
Al Data provider Data source name and name of oresntzation bt
that provided data. D. Reporting on exposure definition should inchsde:
0.1 Type of exposure  The type of exposure that s captured or
A2 Data extraction The dabe (or wersion nimibser) measured, eg. drug versus procedure, new
date [DED) extracted from the dynamic ra use, incident, prevalent, cumulative, time-
data stream [e.g. date that the Varying.
_ eyl T e D2 Exposurerisk  The ERW is specific to an exposure and the
A3 Data sampling The search/extraction criteria ag window (ERW) outcome under investigation. For drug
source data accessible to the exposures, it is equivalent to the time
subset of the data svailable between the minimum and maximum
A4 Source dato range  The calendar time range of data hypathesized induction time following
(SDR) study. Note that the img ingestion of the molecule.
use only a subset of the avallal D.2a Induction period®  Days on or following study entry date during

which an outcome would not be counted as
“exposed time® or “comparator time”,

The algorithm appSed to handle leftover days
supply if there are earty refills,

DE:BMW The algorithm appled to handle gaps that are
episodes” loeger than expected if there was perfect
adherence (o2 non-overlpping dispenaation
+ day’s supplyl.

D.2b Stockpding

We evaluated risk of outcome 2 following
inchdent exposure to drug X or drug .
Incident exposure was defined as beginning
on the day of the first dispensation for one of
these drugs after at least 180 days without
dispensations for either [SED). Patients with
inchdent exposure to both drug X and drug ¥
on the same SED were excluded. The
cxposune risk window for patients with Doug
¥ and Drug ¥ began 10 days after incident
exposune and continued uniil 14 days past
the last days supply, Including refills. If a
patient refilled early, the date of the early
refill and subsequent refills were adjusted so
that the full days supply from the initial
dispensation was counted before the days
supply from the next dispensation was
tallied. Gaps of less than or equal to 14 days EPisode gap, grace period,
in between one dispensation plus days persistence window, gap
supply and the next dispensation for the days
same dnug were bridged (Le. the time was

Dwrug era, risk window

Blackout period




@ Replicating 150 database studies RE F.'“’E AT

[ Ty pe— LSRN Pr——" e, e

Differences in binary/categorical characteristics* of cohort PI: Wang,
(publication - replication) Schneeweiss
10 ® %
8 y x X .
S : z % By © é ¥ 0 ® Ki
o E RoxBy o oo x % X o ¢ ﬁ %
3 L IS I 3 : )
: e W - - -
3 !E"E‘ig "E% !Eii: El ii!'i% | E Ex 2 i E i :E No difference
= 8% x % ¥ . }‘oé
- T B
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e o e S o
Study ID

# Covariate codes not reported
O Covariate codes reported
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@ Replicating 150 database studies B :,nil?mr

eSS r— ] SR, eSS

Differences in binary/categorical characteristics* of cohort PI: Wang,
(publication - replication) Schneeweiss
1 .0' ® % o
3 " . x
xg = xb-c . . i o
E ) o B o % ; -:-CI y : ®x,
A oxH w00 . o By
S “MaEhon IR R o X
c %8 X oo C
2 *Eiggiggiiigiiil Elﬁii!'i% EHQ GE’QiéEE g”éi‘ * = No difference
= E% oxf  BNERKo w0
5 Eo;é NDX Xx xﬁ ¥ i gg w io ®
X % o S ' %,  Authors provided citation to comorbidity score
x " * All patients in replication had score = 2 because
@‘ x * tumor/malignancy was part of inclusion
B e et S e o] * >75% in original had score = 0
Study ID

# Covariate codes not reported
O Covariate codes reported
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Effect Size and Confidence Limits G"ﬂll:

REPEAT

R e e Y, B

] i Pl: Wang,
Correlation between effect sizes Schneeweiss

(publication vs replication)

e Correlation coefficient = 0.74
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Replication
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Effect Size and Confidence Limits G"ﬂll:
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Correlation between effect sizes Schneeweiss

(publication vs replication)

e Correlation coefficient = 0.74
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@ A pathway with regulatory validation

Validated RWE analytics platform with audit trails

Regulator checks and re-analyses

( Sponsor implements analysis
Is setting
adequate ' Isdata e Statistical _s Feasibility " regstr Analvsis —> Structured
for RWD quality fit for - Ivsis* protocol y -
or o analysis plan analysis reporting
ic? urpose:-
\anaIyS|s. w PUrP " \o \
RCT RCT RCT ClinicalTrials.gov registration:
TECOS ~ NCT03936062
LEADER - NCT03936049
CARMELINA -~ NCT03936036
CANVAS - NCT03936010
SAVORTIMI -~ NCT03936023

Franklin, Glynn, Martin, Schneeweiss. CPT 2019
* Feasibility analysis can include 1) checking covariate balance after applying the chosen confounding adjustment strategy, 2) checking statistical power, 3) evaluating
positive or negative control outcomes, and 4) other analyses, without evaluating the study outcomes in the two treatment groups.




@ How well can RWD analyses reproduce RCT findings?

Process Products PI: Franklin,
Schneeweiss

=

Candidate

o List of RCTs to be
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Substantial Evidence of Effectiveness Consists of Adequate and Well-
Controlled Clinical Investigations

Summary of Essential Characteristics of Adequate and Well-Controlled Investigations -

1 There is a clear statement of the objectives of the investigation and a summary of the proposed or actual methods of
analysis in the protocol for the study and in the report of its results.

2 The study uses a design that permits valid comparison w/ a control to provide a quantitative assessment of drug effect.
3  The method of selection of subjects provides adequate assurance that they have the disease or condition being
studied, or evidence of susceptibility and exposure to the condition against which prophylaxis is directed.

4  The method of assigning patients to treatment and control groups minimizes bias and is intended to assure
comparability of the groups with respect to pertinent variables, such as age, sex, severity of disease, duration
of disease, and use of drugs or therapy other than the test drug. Ordinarily...assignment is by randomization.

5 Adequate measures are taken to minimize bias on the part of the subjects, observers, and analysts of the data.
6 The methods of assessment of subjects’ response are well-defined and reliable.

7  There is an analysis of the results of the study adequate to assess the effects of the drug. The report of the
study should describe the results and the analytic methods used to evaluating them, including any appropriate
statistical methods. The analysis should assess...the comparability of test and control groups with respective
to pertinent variables.
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Analytical Methods for Addressing Unmeasured Confounding in

Observational Studies of Treatment Effectiveness

¢ Standard bias control methods assume “no unmeasured confounding”

¢ Wil unmeasured confounder(s) be strong enough to create bias based on quantitative assessment?
¢ If yes, then conduct sensitivity analysis to evaluate the impact of unmeasured confounding

No information
on unmeasured confounder(s)

Internal information
on unmeasured confounder(s)

Plausibility assessment set |
Megative control
Pseudo treatment
Manski's partial identification
Empirical distribution calibration

Adjusted analysis set I:
Instrumental variable
Regression discontinuity
Difference in difference method
Missing cause approach
Trend-in-trend method
Perturbation variable

Zhang X, Faries DE, Li H, Stamey JD, Imbens GW. Pharmacoepidemiology and Drug Safety, 2018;

10/3/2019

External information
on unmeasured confounder(s)

Plausibility assessment set ll:
Plausibility assessment set |
+

Rosenbaum-Rubin sensitivity analysis

Rosenbaum sensitivity analysis

Adjusted analysis set ll:
Adjusted analysis set |
+
Bayesian twin regression
Multiple imputation
Propensity score calibration

Company Confidential © 2019 Eli Lilly and Company

Plausibility assessment set lll:
Plausibility assessment set |
+
Rosenbaum-Rubin sensitivity analysis
Rosenbaum sensitivity analysis

Adjusted analysis set lll:
Adjusted analysis set |
+
Bayesian twin regression
Propensity score calibration

27(4):373-382,
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rwEndpoints Use Case: Assessing
Frontline Treatment Regimens in Real-
world Patients with Advanced Non-Small
Cell Lung Cancer

Jeff Allen, PhD
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Background and Pilot 1.0 Findings

Initial Pilot Project Focus:

 Evaluated the performance of real-world endpoints across multiple data sets by focusing on a

Can real-world endpoints be used to accurately characterize differences between available
interventions?

Can further alignment on data quality and standards be used to develop an analytic
framework to evaluate real world endpoints?

feated WIith mmmuane cneckpormt mnipltors rom diverse RwWo sources.

 Several extractable endpoints from EHR and claims data correlate with OS. Survival among patients
as assessed through EHR and claims data fall within the range of median OS values observed in
several immune checkpoint inhibitor trials.
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Pilot 2.0: Establishing a Framework to Evaluate Real-World

Endpoints

Project Goals: Explore potential endpoints that may be fit for assessing long term benefits of a product

compared to an existing alternative

Project Focus

What is the ability of different real-world endpoints (rwOS, rwTTD, rwTTNT, and rwPFS) to reflect effectiveness
previously observed in clinical trials across two frontline treatment pairs in advanced non-small cell lung cancer
(@NSCLC) patients?

Research Objectives

Objective 1: Description of demographic and clinical characteristics of patients with aNSCLC receiving Frontline
doublet chemotherapy, PD-(L)1 monotherapy; or PD-(L)1 + doublet chemotherapy.

Objective 2: Evaluate and compare rwOS, rwTTD, rwTTNT, and rwPFS among select frontline therapy pairs in
aNSCLC patients:

* Doublet chemotherapy versus PD-(L)1 monotherapy

* Doublet chemotherapy versus PD-(L)1 + doublet chemotherapy

Study Design

This is a retrospective observational analysis of data derived from electronic health record (EHR) and claims based
databases. The datasets generated for the study will include all relevant, retrospective patient-level HIPAA-
compliant de-identified data available for eligible individuals up to a single specific data cutoff date of March 31,
2018.

Data Partners

ASCO CancerLinQ/Concerto HealthAl, COTA, Flatiron Health, IQVIA, Kaiser Permanente/CRN, Mayo
Clinic/OptumLabs®, McKesson, SEER, Syapse, and Tempus
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Real-World Endpoint Assessment

Real-world derived endpoint definitions

Overall survival (OS)

e  Data definition / computation: Length of time from the index date to the date of death, or disenrollment, or last structured recorded clinical activity within the
network or prescription, office or institutional billing claims data, or end of follow-up period, whichever occurs earliest. For claims data, health plan disenroliment
date are incorporated if deaths are not captured among those who leave health plan coverage.

Time to Next Treatment (TTNT)

e  Data definition / computation: Length of time from the index date to the date the patient received an administration of their next systemic treatment regimen or
to their date of death if there is a death prior to having another systemic treatment regimen.

Time to Treatment Discontinuation (TTD)

e  Data definition / computation: Length of time from the index date to the date the patient discontinues frontline treatment. The frontline treatment
discontinuation date is defined as the last administration or non-cancelled order of a drug contained within the same frontline regimen.

Definition of progression in aNSCLC as evident in the EHR

A progression event is a distinct episode in which the treating clinician concludes that there has been growth or worsening in the aNSCLC. The progression event
(and date) is based on review of the patient chart.

Progression Free Survival (PFS)

e  Data definition / computation: Length of time from the date the patient initiates frontline treatment (from the date the patient received administration for the
first product in their frontline treatment) to the date of a rwP event, at least 14 days after frontline treatment initiation, or death. For patients without a rwP event
prior to TTNT, rwPFS will be censored at the date of rwTTNT. For patients without a rwP event or a rwTTNT event and at least 180 days follow-up from last
frontline treatment, rwPFS will be censored at rwTTD. Patients with a rwP event within 14 days from frontline treatment initiation will be excluded.

FRIENDS

of CANCER
RESEARCH




Demographic and Clinical Characteristics

Group Stage of Patients with aNSCLC Per
Treatment Category

Percentage of Male aNSCLC Patients

PD-(L}1 + Doublet Chemotherap PD-(L)1 Monotherapy Piatinum Doublet Chemotherapy s 8 = w8
100 ! 100 ]
z &0 2 &0 _.-"i
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P : . 7
0 | s e —— i
SerodDooum | ] ]! A7) ZeioDocun | L] 1 v
Stage Stage PD-iLY1 Monotherapy w o B e
Platinum Doublet Chemotherapy
100 . For patients where group
@ B0 ] stage was reported,
L o | . .
: W / patients with unknown
;_E 40 v group stage not included
% - o in percent calculations. PDL}1 + Doublet Chemotherapy . a8 & &
ZeioOcol | n m W 40 45 50 55 60
Stage Percentage

85

Graphs are based on structured or unstructured information
depending on the data source

Graphs represent data of patients with values reported.
Missing/unknown data are not represented in these graphs
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Demographic and Clinical Characteristics

Median and Lower/Upper Quartiles of Age at

Index

Percentage of aNSCLC Patients Age 75 or Older
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Platinum Doublet Chemotherapy

PD-(L)1 Monotherapy

Median Age in select

RCTs:

* 63 yearsin PD-(L)1
arms

* 64 years in Chemo

%W arms

at Index
Platinum Doublet Chemotherapy ®0 e ® o 0
8O
PD-(L)1 Monotharapy L O o0 0 00
PD-(L)1 + Doublet Chemotherapy @ o e o o :
15 20 25 30 35 40
Percentage

FRIENDS

of CANCER
RESEARCH




Demographic and Clinical Characteristics

Histology of Patients with aNSCLC Per Year of Index Date Per Treatment Category
Treatment Category

PD-(L)1 + Doublet Chemotherap: PD-(L)1 Monotherapy PD-{L)1 + Doublet Chemotherap: PD-{L)1 Monotherapy
100 i 100 100 100
B, -,
o PN F . . § A &%

- y %, : f s & 4 % e
5 40 \x 5 40| e ey 5 40 o /N g \'
" - ; o 20 } = 20 r
=/ R . | S | | 3

ﬂﬂs Nt Squame r.'mﬂ ST Bemaamesca 200 22 iﬂu 206 2018 20 2012 im.:- 2Mn6 2018
Bl Al
N Platinum Doublet Chemotherapy Histolo aqy of pati ents Platinum Doublet Chemotherapy
2 from select RCTs: 100
& ! o . 80
£ w AN Nonsquamous: E;Eu
E B . ,—*"'“"I iy I 81.2% E A0
s e . o . o) & 2 : ==y
ol Squamous: 18.8% = - f-fuﬁ-;_
NOS MNon-Squamois SOUAMOLUS 10 an1s 14 2016 2018
HOS: Histology not otherwise spocifed L

FRIENDS

of CANCER
RESEARCH




Kaplan Meier Curves per Treatment Group
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Estimates of Median Time per Treatment Category
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Conclusions

* It is possible to coordinate the efforts across numerous real-world oncology data
organizations to reach high-level alignment on important data elements and definitions
for real-world endpoints in the context of a focused research question.

» The depth of data varied across data providers and distinct characteristics were identified
among the cohorts provided lgly each organization, likely attributable to the characteristics
of the'data source and the underlying population it is capturing.

» The results of this phase of the pilot project highlighted the ability to show differences in
iImportant prognostic demographic as well as clinical characteristics between trial patients
and heterogenous real-world patient populations (e.g., median age, histology).

* It also demonstrated the ability to provide insight into recent trends in clinical care.
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Next Steps

» Carefully review data and assess potential differences in the population characteristics,
data source, and/or subtle differences in methodological assumptions made during the
analysis that could impact outcomes

 Evaluate Treatment effect size in frontline therapy regimens using real-world endpoints
« Stratified analyses: PD-(L)1 status, other patient demographics

 Conduct analysis among real-world patients that match RCT eligibility requirements in
order to assess comparability to clinical trial populations. Such analyses may:

« Help identify sources of variability — data source, treatment settings, provider level
variation

« Model methodology for potential data quality control
* Inform a framework to assess performance of real-world endpoints
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