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A Realworld data (RWD) infrastructure for generating real -world evidence

(RWE), complimentary to trials

A How to use RWD? A "trial emulation" framework for
A Drug repurposing for AD
A Trial eligibility criteria design

A RWD has data issues that we need to be careful about
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A Misclassification errors -> computable phenotypes

A Missing information -> NLP?




Using Real-world Data to Improve Health
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Real-World Evidence — What Is It and What Can It Tell Us?
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atypical sources, including electronic health records, billing databases, and product and disease

registries — to assess the safety and effectiveness of drugs and devices.
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ALinked mother-baby data (i.e., birth records) ( U zn(b]e powerful when they are linked and
AMany others.. linked with other data of the patients to paint a
complete picture!




e v

Trial emulation for AD drug repurposing

nature communications
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OneFlorida& and MarketScan,
covering over 10 years of
clinical records for over 170
million patients
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High-throughput target trial emulation for Alzheimer’s
disease drug repurposing with real-world data
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Target trial vs
emulated trials

Protocol
component

Target trial specification

Target trial emulation

A7 key components of the
target trial protocol:

A
A

To o Do Do Do

the eligibility criteria,
treatment strategies being

compared (including their
start and end times),

assignment procedures,
follow-up period,
outcome of interest,

causal contrast(s) of
Interest, and

analysis plan.

Eligibility
criteria

Treatment
strategies

Treatment
assignment

QOutcomes

Follow-up

Causal
contrast

High-
throughput
trials

Statistical
analysis

Patients with MCI, age = 50 at MClI
diagnosis, and no upper age limit. No history
of AD or dementia before baseline. No trial
drug prescription before baseline. The
baseline is defined as the date when all
eligibility criteria are met.

Strategy a: Initiation of the trial drug at
baseline. Strategy b: Initiation of an
alternative drug at baseline.

Patients are randomly assigned to either
treatment strategy at baseline and are
aware of the strategy they are assigned to.

AD onset

We followed each patient from his/her
baseline date until the date of his/her first
AD diagnosis, loss to follow-up, or five years
after the baseline, whichever happens first.

Intention-to-treat effect

For a large number of trial drug candidates,

we conducted a target trial for each of them
by following the above protocol to estimate

its effect.

Intention-to-treatment analysis as the time-
to-first event. Applying IPTW to adjust for
baseline covariates. Non-parametric
bootstrapping for 95% Cls

Same as for the target trial. We defined MCI diagnosis according to the selected ICD-9/10 codes between
January 2012 and April 2020 in the OneFlorida data, and January 2009 and June 2020 in the MarketScan
data We required a minimum of one year and no upper limit from one individual's first record in the database
to his/her index date. We required no AD or related dementia five years before the index date. We required
the first MCI diagnosis before the trial drug initiation. The index date is defined as the first date of the trial
drug prescription and at that time point, all eligibility criteria are met.

Same as for the target trial. We defined a drug initiation date to be the first date of a prescription of the trial
drug and we required at least two prescriptions separated at least one month from the initiation date as a
valid initiation.

We classified patients into different arms according to their baseline eligibility criteria and treatment
strategy. We assumed that the treated group and control group were exchangeable by adjusting for
covariates collected before the baseline, including age, gender, comorbidities, medications, time lag
between MClI initiation and index date, etc.

Same as for the target trial. We defined the incident AD outcome by using selected ICD-9/10 diagnosis
codes in the follow-up period.

Same as for the target trial.

Observational analog of intention-to-treat effect.

We emulated target trials for all drugs in the database with = 500 patients in the trial drug group, and for
each drug, we emulated 100 trials by constructing different comparison groups by selecting eligible patients
exposed to either a random alternative drug or a similar drug within the same therapeutic class. Patients
who were prescribed the trial drug were excluded from comparison groups.

Same intention-to-treat analyses. Applying ML-PS models to adjust for baseline covariates under the IPTW
framework. The best ML-PS model was selected by our proposed model selection strategy. Adjusted hazard
ratio by CoxPH, survival difference by KM method, and sample mean with 95% bootstrapped Cls for
balanced trials from high-throughput emulations were reported. The Bonferroni corrected significance level
was adopted for screening. Sensitivity analyses regarding different comparison groups, different follow-up
periods (e.g. two years), different covariates selected by existing knowledge and causal discovery algorithm,
and different significance levels.

MCI mild cognitive impairment, AD Alzheimer’s disease, KM Kaplan-Meier, aHR adjusted hazard ratio, CoxPH Cox proportional hazards, Cls confidence,




GLP1 Receptor Agonists Repurposing for ADRD:
A Target Trial Emulation Study using OneFlorida + EHR

A A total of eligible 33,858 patients with type 2 diabetes f@neFlorida were included
A Incidence of ADRD was lower in @BRAs users vs. those receiving otjlecoselowering drug (GLD)
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Trial Eligibility Criteria Design OneFm:

Novel Methods
Jiang Bian, University of Flori@akFlorida; Fei Wang, Weill Cornell Medicine/INSIGHT
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Eligibility criteria design for Alzheimer's trials with re&orld data
and explainable Al

iy Population
(SP)

A A privacypreservindederated trial emulation frameworkr
distributed data sources.

A An explainable Al (XAl) framework for assessing the quantitati
impact of eligibility criteria to clinical outcomes using RWD. &
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Real-world data have real -world problems!

A RWD like EHRsareMESSY! e.g.,
A Misclassification errors ->computable phenotypes (still has misclassification errors)
A3EOIl w 0ail POl UANUzwEDUI EUI wWEUWEOwI BEOXx Ol
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A Missing information: a multi-fold challenge!
A 780% of clinical information is locked in free -text narratives?
A natural language processing
A Along list of other data types that are not readily accessible for research:

A Imagining , genomics microbiome, etc.

A ?7?? Abetter data infrastructure
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