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* Increasing importance of RWD/RWE in early and late drug
development

* Diverse sources of the RWD used to generate RWE

* Phenotyping of Electronic Medical Records (EMRSs) / Electronic
Health Records (EHRs) and medical claims — background,
workflow and challenges

- Examples of phenotyping
— Frailty
— Heart Failure
— Cancer stage (as a proof of concept)

» Challenges, Future Developments and Broader View of Al in
enrichment of RWD
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Explanations of RWD/RWE

- Real-World Data (RWD) are data relating to patient health status
and/or the delivery of health care routinely collected from a variety of
sources.

* Real-World Evidence (RWE) is the clinical evidence regarding the
usage and potential benefits or risks of a medical product derived
from analysis of RWD.

€9 MERCK



Changing Landscape from Early to Late Stage Development

Towards Acceptance of RWD/RWE

“Real-world evidence is defined as the analysis of RWD in a stud]y designed with a high
degree of pragmatism, regardless of study type. A wide variety of study designs can be
used to generate this evidence, including pragmatic RCTs. Many questions about a drug
remain unanswered at the time of approval, some of them involve optimal dosing
regimen, longer-term outcomes, and outcomes in various subpopulations. It is not
feasible to answer all of these questions with traditional RCTs. Using RWE to begin to
address these questions is preferable to having no evidence whatsoever.”

Jarow JP, LaVange L, Woodcock J: Multidimensional Evidence Generation and FDA
Decision Making, JAMA, 2017

“... there is nothing in our statute or regulations that prevent FDA from using a broad
range of informative sources of evidence. On the contrarz many of our statutory
responsibilities boil down to one principal calculus, what we do know and how we balance
benefit and risks on the fullest possible information.”

Scott Gottlieb, FDA commissioner:
http://nationalacademies.org/hmd/Activities/Research/DrugForum/2017-SEP-19.aspx
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Jacqueline Corrigan-Curay, Real world evidence and path forward FDA,

Duke Margolis conference, 2017
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Timeline of Increasing Importance of the RWD/RWE

2003
Medicare Modernization Act (MMA) {o bolster
the evidence base on which private health
plans participating in the new Medicare drug
benefit can base their coverage decisions

2007 polirg 2007
ISPOR created a task force on OMOP FDA4ed public-private
RWD. Mission ~develop a partnership focused on drug concept of a wearable
framework to assist health-care safety and obtained access to [§ device to monitor personal
decision-makers in dealing with 10-large RWD sources health information
RWD those who benefit on Velcade

2008 2009
FDA sentinel initiative for medical American Recovery and Blue Button Initiative — Departments of Affordable Care Act (Obamacare)
product safety surveillance launched J| Reinvestment Act - Veteran Affairs and Health & Human passed which, drove explosion of
in response to recommendations of | incentivized health care Services provide electronic access for RWD use through risk-based
the Institute of Medicine (IOM) and providers to support veterans and Medicare beneficiaries to structures like accountable care
the 2007 FDA Amendments Act implementation of EHRs their clinical data organizations (ACOs)

2012 2016 2016 2016
Salford Lung Study - first time a Bipartisan Policy Center issues FDA Draft Guidance on 21* Century Cures Act — requires
pRCT was conducted before report calling on FDA to develop RWE in medical device FDA to establish a program to
registration of the treatment being || guidance on use of RWE in regulatory decisions evaluate potential for RWE
investigated regulatory context

Policy Changes to Traditional Payer

Figure 2 Key events leading to the importance of real-world evidence. International Society for Pharmacoeconomics and Outcomes

Research (ISPOR); Observational Medical Outcomes Partnership (OMOP); pragmatic randomized clinical trial (pRCT); real-world evidence
(RWE); real-world data (RWD); electronic health record (EHR).

Swift et al. Clin. Transl. Sci., 11, 450-60, 2018

€9 MERCK
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Sources of RWD

N’

Clinical Medication
Demographics, EHR Data, Medication Orders,
Lab Test Results, Diagnoses, Administration
Procedures, Pathology/ (Dose, Route, NDC/RxNorm
Histology Data, Radiology codes), Concomitant
Images, Microbiology Data, Therapies,
Provider Notes, Admission/ Point of Sale Data,
Discharge and Progress (Prescription & OTC)

Reports, Performance Status  Prescription Refill, Allergies

9.

\&)

Environmental

Mobile Health

Fitness Trackers,

Climate Factors,
Wearable Devices,

Pollutants, Infections,

Other Health Apps Lifestyle Factors (diets,
Measuring Activity and stress), Other
Body Function Environmental and

Occupational Sources

$

Claims

Medical Claims,
Prescription Drug Claims,
Other Drug and Treatment
Use Data

Patient Reported

Patient Reported
Outcomes, Surveys,
Diaries (diets, habits),
Personal Health Records,
Adverse Event Reporting,
Quality of Life Measures

§
)

Molecular Profiling
Genomic and Genetic
Testing Data (SNPs/Panels),
Multi-Omics Data
(Proteomics,
Transcriptomics ,
Metabonomics,
Lipidomics), Other
Biomarker Status

Social Media

Patient Communities,
Twitter, Facebook,

Blogs

Family History

Historical Data on
Health Conditions and
Allergies Relating to
Patient and Extended
Family, Smoking
Status, Alcohol Use

Literature

Disease Burden, Clinical
Characteristics,
Prevalence/Incidence,
Rates of Treatment,
Resource Use and Costs,
Disease Control, Quality
of Life Measures

Figure 1 Types of real-world data.

Swift et al. Clin. Transl. Sci., 11, 450-60, 20188

€9 MERCK



Phenotyping of RWD
Concept and Challenges

* Frequently only partial information on important patient descriptors
(phenotypes) is available in the RWD (EMR/EHR and medical claims)

» Examples of RWD phenotypes may include cancer stage, frailty, heart failure
and osteoporosis diagnosis, diabetes mellitus type 2 status, etc.

« Algorithms to ascertain phenotypes developed from RWD databases may be
based on prior knowledge such as clinical decision trees

« Recently, machine learning techniques have been applied in this context with
great promise

« Challenges:

— Relevant or in some cases indispensable confounders are not present or
poorly recorded in RW data bases

— Availability of the linked data-bases (gold standard) to derive desired
phenotype

€9 MERCK



Workflow of Phenotyping RWD on an Example of EHRs

Identify candidate phenotype (condition or event)
Examples: diabetes, stroke, myocardial infarction

v v
Gnalm existing EHR definitions to identify\ C (" Determine “gold standard” R
authoritative computable phenotypes |~ clinical definition/source
Authoritative sources may include professional | Thedefinition needs enough specificity
¢ societies, Joint Commission, CMS, AHRQ, etc. > for unambiguous chartreview and
T kadjudication by appropriatespecialists -,
v v
Implement Develop statistical R l
selected analysl;s pl.an afnd dats C @ Develop protocol for chart review b
computable O SR «—> Includes chart review protocol,
phenotypes Statistical analysis plan IRB approvals, reviewer recruitment
ith EHR data includes sampling <
Q" ' strategy (e.g., supersets))
[ I
Develop
database
Perform chart review to create
“gold standard” cohort
Each chart is reviewed twice, with adjudication
performed for inter-reviewer discrepancies
Database
lock
Analyze results
Includes sensitivity/specificity of individual
authoritative phenotypes against “gold standard”
cohort, reviewer concordance analysis, etc.
v
[ Evaluate fit/utility for the intended use ]
v
(3 Informatics/statistics activity As appropriate: Modify authoritative
() clinician-led activity phenotype to better meet project objectives
(O Jointeffort v
C Communicationtokeepinsync [ Repeat as needed ]

https://sites.duke.edu/rethinkingclinicaltrials/ehr-phenotyping/ 0:9 MERCK
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Linked Data Bases — Key Requirement to Successful Phenotyping

NCI SEER

Linked Databases — SEER-Medicare

SEER data Medicare claims data
Clinical, demographic and cause | . .. aaa CoOvVered health care services
of death information for from the time of a person's
persons with cancer Medicare eligibility until death

DF/HCC

Unique population-based
source of information
Epidemiological and health
services research

DANA-FARBER/HARVARD CANCER CENTER

A Comprehensive Canc

Carol Lowenstein, Cancer registries and medical records rich data sources.

er Center Designated by the National Cancer Institute

https://slideplayer.com/slide/5155954/

.

UMASS
BOSTON
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Example 1:
Phenotyping of Frailty

* Frailty — physiological state of increased vulnerability to resulting from
age and disease decreased physiologic reserves in multiple systems

« Unmeasured or residual confounding by frailty is an open and
potentially profound challenge in analysis of administrative claims
data

* Frailty hallmarks
— Nutritional decline, fatigue, decrease activity and weakness

* Frailty vs. comorbidity — frailty is not linked to specific disease codes

* Frailty is strongly associated with the adverse effect (AE) of health
outcomes including mortality

» Operational definition of frailty — based on dependency in activities of
daily living (ADL) thus representing a suitable proxy for frailty

€9 MERCK
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Example 2:
Phenotyping of Heart Failure from EHR/Medical Claims Data

* HFrEF vs HFpEF

— Heart Failure with Reduced Ejection Fraction vs. Heart Failure with
Preserved Ejection Fraction

— HFpEF patients have left ventricular EF > 50%
* HFpEF of great interest

— it has prevalence of nearly 50% of patients and it is not well
understood and there are very few treatments available for the
patients

- EMRs/medical claims typically do not contain the HFpEF
diagnosis, therefore case ascertainment (phenotyping) of
the HF strains is highly desirable

€9 MERCK
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Example 1:
Phenotyping Cancer Stage (Proof of Concept)

» Cancer stage is the most important risk factor associated
with survival and its ascertainment from the medical

claims data is desirable to support RWE
— Cancers are historically diagnosed at late stage

* Identification of cancer stage from administrative data a

major challenge
— Traditionally used algorithms based on “clinically” defined decision

trees deliver poorly on achieving high sensitivity/specificity
simultaneously

- Classifier ensembles (superlearner) are showing promise
in classification tasks when using with big data such as

medical claims
€9 MERCK
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Stacked Generalization (Metalearning)
Superlearner

- Level-zero data: The original training set (X, Y)

 Level-one data: The cross-validated predicted values (Z -
becoming meta-features)

- Learner Library: Set of basis learners (learning
algorithms)

* Meta-learner: Algorithm trained using
— cross-validated predicted values Z and
— the original target Y
— typically linear

€9 MERCK
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Superlearner for Linearly Separable Data

SL: AUROC Coefficient:LDA
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€9 MERCK
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SEER and Medicare Linked Data

» Alinkage between SEER cancer registry and Medicare administrative claims
database

— SEERis a large cancer registry that covers 25% of the US population

— Medicare claims cover comprehensive inpatient/outpatient diagnosis and
procedures received by Medicare beneficiaries

« Study included patients who were diagnosed with lung cancer and received
chemotherapy in 2010-2011

- Cancer stage classification algorithms were developed from Medicare
inpatient/outpatient claims

- Cancer stage classification from SEER registry served as gold standard
for validation

— Early: AJCC stage I/lI/11 (local)
— Late: AJCC stage IV (metastatic)

€9 MERCK
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Study Cohort and Data Set Construction

 Atotal of 11,198 patients were included

» The constructed data set included three sets of predictors (Bergquist et al,
2017)

- C1: clinical variables (suggested by a clinical tree algorithm)

- C2: demographics, lung surgery, radiation therapy, chemotherapy
regimen, comorbidities

- C3: lung and secondary malignancies diagnosis

 Atotal of 101 predictors
— Qualitative (categorical): 68
— Quantitative (continuous): 33

 Target class — late stage lung cancer according to SEER (gold standard)
- Early: AJCC stage I/lI/Ill n=6,039
- Late: AJCC stage IV n=5,159

€9 MERCK
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Results and Visualization by Unspervised Random Forest

seer_stage
® Early

® Late

All variables projected to two
dimensions denoted as V1 and V2

Superlearner comprising of logistic
Regression, xgboost and Random Forest
achieved balanced sensitivity/specificity ~0.8

20

S 000-

-0.25-

-04 -02 0.0 02
V1

Top 5 variables obtained from random forest

C3_11_198_per: % metastases codes other site

C24_3 noncranial_cnt: Number of claims for non-brain radiation
C23_3 lobec: C23_3 _lobec

C3_8 _met_cnt: Number of claims for metastases claims
C3_9 196 per: % metastases codes lymph node site
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Summary of the Cancer Staging POC

* From the simulations

— Ensembling by a superlearner shows good performance for larger
data sets

— Coefficients obtained from the superlearner are informative and
provide insights about the data geometry

* From the real-world study

— Current ML approaches significantly outperformed secondary
cancer diagnosis

— Random forest and superlearner exhibited superior performance in
terms of sensitivity and specificity with respect to the logistic
regression and xgboost

— Superlearner also provided balanced sensitivity and specificity

€9 MERCK
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Ongoing and Future Work

-« ECOG (Eastern Cooperative Oncology Group) phenotyping
from EMR data (Flatiron data base)

— Currently ongoing as an analysis data set is being constructed

* Phenotyping of frailty from medical claims data

— Medicare Current Beneficiary Survey (MCBS) provides linked
database of claims and self reported functional status (activity of daily
living)

* Phenotyping of heart failure
— Main challenge: finding appropriate data sources

— Work on EMR conducted by Rishi Desai’s team at the Harvard
medical School

€9 MERCK
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Broader View on Added Value of Artificial Intelligence (Al) and
Statistical Learning in Enrichment of RWD

- Analysis of non-structured heterogeneous data sources with Atrtificial
Intelligence (Al) approaches including natural language processing (NLP)
and deep learning Is currently intensively researched (Shickel et al. 2018,
Liao et al. 2015)

— Natural Language processing (nlp) for EI—I_R/EMRﬁhenotype_s in heart failure
p?tlents identification, identification of patients with pancreatic cancer history,
etc.

— Supervised Deep Learning:

- Long-Short-Term-Memory (LSTM) networks and convolutional neural
networks (CNNSs) in diagnosis classification from multivariate time-series
obtained from EHRs

— Unsupervised Deep Learning:

. éu{toencoder (Deep Patient) generation of patient representation from EHR
ata

* Leveraging recent fast emer%nrc); developments in relevant Al techniques
provides for enrichment of RWD and enables its use towards generation
of reliable RWE in early and late stage drug development

€9 MERCK
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Implementation Challenges

- Many Software Available
R vs SAS
— R 15,000 statistical packages
— R first released the latest cutting edge techniques

— Rless “standard” documentation /too many packages (same function,
statistics with many algorithms, packages) /validation

— R less/no support

— SAS easy to learn with enormous variety of statistical functions and
great GUI (Enterprise Guide & Miner) and with new standard in
analytics & data management (like Viya etc)

— SAS with strong data manipulation functions

— SAS less ML options, needs additional package beside SATA, like EM
for (k-fold-cv) RF, SVM and many High-Performance Procedures etc

- Chose SAS extracting from big databases, R for ML

€9 MERCK
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Improvement of Running Time (SuperLearner)

* PC Rstudio

— >30 hours

* R Parallel Package
— many different levels, with ‘coarse-grained parallelism’
- library(parallel)
- library(snow)
- library(doMC)

* Requesting CPUs (Cores or Slots)
— Default request for the number of CPUs is one
— “-pe threads 4” (Syntax in Grid Engine)

— Use parallel and 4 cores in HPC Rstudio (Linux)
— Time: 1.149801 days (27.6 hours)

- Use parallel and 8 cores
— Time: 20.75816 hours

- Use parallel and 8 cores process (8-way jobs on the same node)
— Time: 7.99262 hours

25
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R Platforms/Tools/Issues

* PC R, RStudio vs HPC Rstudio (Linux)
— Syntaxes/Comments
— Tools
— Running time

* Not Stable of Run Time (R Parallel in Linux)
— Known issue using parallel code in R when using fork.

— need to switch over to use Rmpi which uses the
openmpi module

€9 MERCK
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ECOG Performance Status

The ECOG performance status is a scale used to assess how a patient's
disease is progressing, assess how the disease affects the daily living abilities
of the patient, and determine appropriate treatment and prognosis

« Grade 0O: fully active, able to carry on all pre-disease performance without restriction

« Grade 1: restricted in physically strenuous activity but ambulatory and able to carry out
work of a light or sedentary nature, e.g., light housework, office work

- Grade 2: ambulatory and capable of all self-care but unable to carry out any work
activities, up and about more than 50% of waking hours

« Grade 3: capable of only limited self-care, confined to bed or chair more than 50% of
waking hours

. Gr:a_de 4: completely disabled, cannot carry on any self-care, totally confined to bed or
chair

* Grade 5: dead

https://radiopaedia.org/articles/ecog-performance-status
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