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SEC. 905. ACTIVE POSTMARKET RISK IDENTIFICATION AND ANALYSIS.

(a) IN GENERAL.—Subsection (k) of section 505 of the Federal
Food, Drug, and Cosmetic Act (21 U.S.C. 355) is amended by
adding at the end the following:

“(3) ACTIVE POSTMARKET RISK IDENTIFICATION.—

“(A) DEFINITION.—In this paragraph, the term ‘data’
refers to information with respect to a drug approved under
this section or under section 351 of the Public Health
Service Act, including claims data, patient survey data,
standardized analytic files that allow for the pooling and
analysis of data from disparate data environments, and
any other data deemed appropriate by the Secretary.

“(B) DEVELOPMENT OF POSTMARKET RISK IDENTIFICA-
TION AND ANALYSIS METHODS.—The Secretary shall, not

Public Law 110-85
110th Congress
An Act

later than 2 years after the date of the enactment of
the Food and Drug Administration Amendments Act of
2007, in collaboration with public, academic, and private
entities—

“(i) develop methods to obtain access to disparate

To amend the Federal Food, Drug, and Cosmetic Act to revise and extend the | . . A
data sources including the data sources specified in

user-fee programs for prescription drugs and for medical devices, to enhance Sept. 27, 2007

the postmarket authorities of the Food and Drug Administration with respect [HR. 3580] subparagraph (C);
to the safety of drugs, and for other purposes. “(ii) develop validated methods for the establish-
Be it enacted by the Senate and House of Representatives of ment of a POStmarkEt risk identification and analySiS
the United States of America in Congress assembled, Food and Drug system to 1_1nk and analyze fsafety 'data_ from multiple
SECTION 1. SHORT TITLE. mi};rgggiféisogct sources, with the goals of including, in aggregate—

“I) at least 25,000,000 patients by July 1,
2010; and

“II) at least 100,000,000 patients by July 1,
2012; and

“(111) convene a committee of experts, including
individuals who are recognized in the field of protecting
data privacy and security, to make recommendations
to the Secretary on the development of tools and
methods for the ethical and scientific uses for, and
communication of, postmarketing data specified under
subparagraph (C), including recommendations on the
development of effective research methods for the study
of drug safety questions.

“(C) ESTABLISHMENT OF THE POSTMARKET RISK IDENTI-
FICATION AND ANALYSIS SYSTEM.—

“(1) IN GENERAL.—The Secretary shall, not later
than 1 year after the development of the risk identifica-
tion and analysis methods under subparagraph (B),
establish and maintain procedures—

This Act may be cited as the “Food and Drug Administration of 2007,
Amendments Act of 2007”. 21 USC 301 note.

https://www.govinfo.gov/content/pkg/PLAW-110publ85/pdf/PLAW-110publ85.pdf Sentinel System
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FDA'’s Sentinel System

2007 FDA Amendments Act
mandates FDA to establish
active surveillance
system for monitoring
drugs using electronic
healthcare data

2007
« Through the Sentinel

Initiative, FDA aims to assess
the post-marketing safety of
approved medical products

Congress passes
Food and Drug
Administration

Amendments
Act (FDAAA)

FDA launches
Sentinel
Initiative

2008

@ &

History of the Sentinel Initiative

@

2009

FDA launches
Mini-Sentinel
Pilot Program

Mini-Sentinel
distributed
database
reaches 100
million lives
mark mandated
by FDAAA

2011

2012

Mini-Sentinel
has suite of
reusable
programming
tools for routine
queries

FDA launches
Sentinel System
run by the
Sentinel
Operations
Center

2016

2019

FDA establishes
a new Sentinel
Innovation
Center and
Community
Building &

Outreach Center
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Sentinel Distributed Database (SDD)

1.Aetna, a CVS Health company
2.Carelon Research/Elevance Health

3.Duke University School of Medicine: Department of Population Health Sciences (Medicare Fee-for-Service and Medicaid
data)

4.HealthPartners Institute

5.Humana, Inc.

6.Kaiser Permanente Colorado Institute for Health Research

7.Kaiser Permanente Hawai'i, Center for Integrated Health Care Research
8.Kaiser Foundation Health Plan of the Mid-Atlantic States, Inc.

9.Kaiser Permanente Northwest Center for Health Research

10.Kaiser Permanente Washington Health Research Institute
11.Marshfield Clinic Research Institute

12.0ptum
13.Vanderbilt University Medical Center, Department of Health Policy (Tennessee Medicaid data)
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Recognizing the Need to Harness Alternative Data Sources and Methods

FDA Budget Matters: A Cross-Cutting Data
Enterprise for Real World Evidence
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PERSPECTIVE  OPEN ek
Broadening the reach of the FDA Sentinel system: A roadmap
for integrating electronic health record data in a causal analysis
framework

Rishi J. Desai®'™, Michael E. Matheny (7, Kevin Johnson?, Keith Marsolo®, Lesley H. Curtis®, Jennifer C. Nelson®, Patrick J. Heagerty®,
Judith Maro@¥, Jeffery Brown (°, Sengwee Toh®, Michael Nguyen’, Robert Ball &/, Gerald Dal Pan’, Shirley V. Wang @',
Joshua J. Gagne'® and Sebastian Schneeweiss'

June 10, 2018
By: Scott Gottlieb, M.D.

Over time, as our experience with new medical products
expands, our knowledge about how best to maximize
their benefits and minimize any potential risks, sharpens

with each data point we gather. Every clinical use of a
The Sentinel System is a major component of the United States Food and Drug Administration’s (FDA) approach to active medical
product safety surveillance. While Sentinel has historically relied on large quantities of health insurance claims data, leveraging
longitudinal electronic health records (EHRs) that contain more detailed clinical information, as structured and unstructured
features, may address some of the current gaps in capabilities. We identify key challenges when using EHR data to investigate
medical product safety in a scalable and accelerated way, outline potential solutions, and describe the Sentinel Innovation Center’s
initiatives to put solutions into practice by expanding and strengthening the existing system with a query-ready, large-scale data
infrastructure of linked EHR and claims data. We describe our initiatives in four strategic priority areas: (1) data infrastructure, (2)
feature engineering, (3) causal inference, and (4) detection analytics, with the goal of incorporating emerging data science
innovations to maximize the utility of EHR data for medical product safety surveillance.

npj Digital Medicine (2021)4:170; https://doi.org/10.1038/541746-021-00542-0

product produces data that can help better inform us
about its safety and efficacy.

The FDA is committed to developing new tools to help us
access and use data collected from all sources. This
includes ways to expand our methodological repertoire
to build on our understanding of medical products
throughout their lifecycle, in the post market. We don’t

limit our knowledge to pre-market information,

traditional de novo post-market studies, and passive FDA Commissioner Scott Gottlieb, MD
reporting. Newer methodologies enable us to collect data
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MOSAIC-NLP
Multi-source Observational Safety study for Advanced Information
Classification using NLP

Use of Natural Language Processing in a To demonstrate...in a pharmacoepidemiology study

Pharmacoepidemiology Study: The

Value Scalability Transportability

Examination of Neuropsychiatric Events and
of using claims and EHR of an NLP model for of trained and tuned NLP

structured and semi- clinical notes across the models in 2 external EHR
structured/unstructured Oracle EHR RWD ~120 datasets
healthcare systems

Incident Use of Montelukast Among Patients

with Asthma
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Use Case - Montelukast
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2018:

9.3M US pati

with Rx

(1/4 children)e

o March 2020

FDA adds a Boxed
Warning for serious
neuropsychiatric events to

the montelukast label

1
1
1
1
1
1
1
1
ents:

~

% 6

\ ~

¢ -9 - >

VU :
| | ' Jewett & Mueller
E : ! \ 2024¢
! ! . . (NY Times OpEd)
1 1 1 A
! ! | | MOSAIC-NLP
Law et al 20183 :' | (Claims-EHR-
(Systematic review) — " ' | structured /
Equivocal with ! 1| unstructured)
‘limited evidence’ ! !
, Paljarvi et al 20224
i (EHR) - increased
' risk anxiety &
:' insomnia

Modified from Abdelkader et al. JPPT 2023;28:704
2Law et al. Drug Saf 2018 41:253-65. doi: 10.1007/$40264-017-0607-1

b US FDA. 3-4-2020 FDA Drug Safety Communication. Data from IQVIA. https://www.fda.gov/drugs/drug-safety-and-availability/fda-requires-
boxed-warning-about-serious-mental-health-side-effects-asthma-and-allergy-drug

¢ Sansing-Foster et al. J Allergy Clin Immunol Pract 2021;9:385-93 doi: 10.1016/j.jaip.2020.07.052

d Paljarvi et al. JAMA Netw Open 2022;5:€2213643. doi: 10.1001/jamanetworkopen.2022.13643

¢ Jewett and Mueller. NY Times Jan 9, 2024 https://www.nytimes.com/2024/01/09/health/fda-singulair-asthma-drug-warning.html

Sansing-Foster et al 2021¢
(Claims) — decreased risk
outpatient depression?
Sentinel System



Further Research is Required

“All epidemiology is an exercise in the rational use of limited resources” (Matthew Fox, 2023)

« Incomplete outcome detection
o Structured data typically report more severe outcomes and not mild symptoms

o Identify only outcomes used for billing (claims)

« Timing of study
* Coding changes for self harm or suicidal behavior from ICD-9 to ICD-10

* FDA communications regarding this risk beginning in 2008 may have resulted in higher-risk patients avoiding montelukast

altogether or stopping montelukast upon experiencing minor neuropsychiatric symptoms, thereby reducing occurrence of serious
AEs

« Incomplete confounder control:
o Socio-economic status (higher SES -> seek care, early intervention or increased diagnosis)

o Psychiatric history

Sentinel System | 19



MOSAIC-NLP

*  Study Design: Retrospective cohort study

Value * Study Data: EHR-claims linked structured and unstructured data (2015-2022)

of using claims and EHR

: « Study Cohort: Patients with asthma newly initiating montelukast or inhaled
structured and semi-

structured/unstructured corticosteroids monotherapy (comparator)

« Study Outcomes: Neuropsychiatric events

Sentinel System | 20



MOSAIC-NLP

«  Study Design: Retrospective cohort study

Value * Study Data: EHR-claims linked structured and unstructured data (2015-2022)

of using claims and EHR

structured and semi- « Study Cohort: Patients with asthma newly initiating montelukast or inhaled

structured/unstructured corticosteroids monotherapy (comparator)

«  Study Outcomes: Neuropsychiatric events

Query End Date (Day X)

Washout Window
(ICS, MON, LTRA, LABA)
Days[-183, -1]

Exclusion Assessment Window (EXCL)
Patients with exposure to MON, ICS, LABAs,
LTRAs Days [-183,-1]

Study Design — Based on Sansing-Foster et al 2021

EXCL
(Comparator dispensing, outcome) Days [0, 0]

Covariate Assessment Window
Days [-183, 0]

Covariate Assessment Window
(age, sex, year)
Days [0, 0]

Follow-up Window
Days [1, Censor k]
T 2

%

Cohort Entry Date (Day 0)
(1st dispensation of MON vs 1C5?) Sentinel System | 21



MOSAIC-NLP

« Study Cohort: 109,076 patients with asthma

Scalability

of an NLP model for * Healthcare Systems: 119

clinical notes across the
Oracle EHR RWD 120+
healthcare systems

* Clinical Notes: 17+ million

Sentinel System | 22



MOSAIC-NLP

Scalability

of an NLP model for

clinical notes across the
Oracle EHR RWD 120+
healthcare systems

Study cohort: 109,076 patients
Healthcare systems: 119

Clinical notes: 17+ million

Oracle EHR RWD Claims
Patients 105+ Million 200+ Million
National representation v v

Care and coverage

Encounters and claims

Pediatric hospitals
Critical care hospitals
Acute care hospitals

Physician groups

IDN

125M emergency encounters

56M inpatient encounters

972M outpatient encounters

Commercial
Medicare Advantage
Medicaid Managed Care

Closed medical claims
Closed pharmacy claims

Sentinel System
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Content

1. Introduce MOSAIC-NLP
2. MOSAIC-NLP Study Design Considerations

3. Entity Extraction
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Study Design Considerations for Claims-EHR Linked Study

Limitations of Linking Data Measures
Linkable data (tokenization) Defining patient eligibility
Claims limits to insured only Disease and treatment history vs. problem list

Bounded by dates of datasets

Sentinel System | 25



Source of Measures

. EHR EHR
Claims unstructured

Prescription or Healthcare Clinical test
OoTC Resource Use Diagnoses Procedures results and Symptoms Family history Biomarkers Staging
treatment vitals

Sentinel System | 26



MOSAIC-NLP Study Design

Cohort

Claims

+

EHR structured +

EHR unstructured

Sentinel System
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MOSAIC-NLP Study Design

Cohort

Claims

EHR structured +

EHR unstructured

Inclusion
Eligibility:

* Present in both claims (medical and Rx) and EHR-

structured (ever)

« >1diagnosis of asthma (claims and EHR-
structured) (ever)

« Valid text note (non-null content, non-scannded)

(EHR-unstructured)
e Medication use (claims)

« Asthma diagnosis during study period (claims or

EHR-structured)
« Age (claims)

Exclusion

Prior medication use (claims)

Concomitant medication use (claims)

Sentinel System
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MOSAIC-NLP Design of Measures

Cohort Claims + EHRstructured + EHR unstructured
Analysis 1 Claims

Covariates Analysis 2 Claims + EHR structured
Analysis 3 Claims + EHRstructured + EHR unstructured

Sentinel System
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MOSAIC-NLP Design of Measures

Cohort Claims EHR structured + EHR unstructured
Analysis 1 Claims

Covariates Analysis 2 Claims EHR structured
Analysis 3 Claims EHR structured + EHR unstructured
Analysis 1 Claims

Outcomes Analysis 2 Claims EHR structured
Analysis 3 Claims EHR structured + EHR unstructured

Sentinel System
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Source of Measures - MOSAIC-NLP

EHR
structured

AN A
" ‘g\

Clinical test
results

EHR

Claims unstructured

Prescription Healthcare

. Diagnoses Procedures
medication Resource Use 9

Symptoms Family history

Sentinel System |
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Outcomes:

Neuropsychiatric Events

FDA’s Boxed Warning
« Agitation, including aggressive
behavior or hostility

Attention problems

Bad or vivid dreams

Depression

Disorientation or confusion
Feeling anxious

Hallucinations

Irritability

Memory problems
Obsessive-compulsive symptoms
Restlessness

Sleepwalking

Stuttering

Suicidal thoughts and actions
Tremor or shakiness

Trouble sleeping

Uncontrolled muscle movements

OO 00000 D O

0000000

Hospitalization/ER
OR
Diagnosis AND/OR Treatment of

Depression

Self harm

Psychotic disorder

Mood disorder

Anxiety disorder

OCD

Manic or bipolar disorder
Personality disorder

Hyperactivity or aggressive behavior or harm

Diagnosis OR Treatment of Sleep Disorder

Insomnia

Hypersomnia

Circadian rhythm disorder
Parasomnia

Movement disorder

Other undefined sleep disorder

—

Sentinel System
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Outcomes: Neuropsychiatric Events

FDA’s Boxed Warning

« Agitation, including aggressive

Suicidal thoughts and actions
Tremor or shakiness

Trouble sleeping

0000000

Circadian rhythm disorder
Parasomnia
Movement disorder

Other undefined sleep disorder

Suicidal thoughts and actions
Tremor or shakiness

Trouble sleeping

Hospitalization/ER O Aggressive behavior or hostility
behavior or hostility OR O Agitation
Attention problems Diagnosis AND/OR Treatment of O Attention problems
. . O Depression
Bad or vivid dreams O Bad or vivid dreams
D . O Selfharm
epression O Psychotic disorder U  Depression
Disorientation or confusion QO Mood disorder O Disorientation or confusion
Feeling anxious O Ancxiety disorder O Dream abnormalities
Hallucinations ) | o 3 Fecting ansions
Irritability - Manic Or'blp(.)lar disorder O Hallucinations
O Personality disorder O Ieritabilit
rritabili
Memory problems O Hyperactivity or aggressive behavior or harm Y
Obsessive-compulsive symptoms 2 Memory problems
Restlessness . . . O Obsessive-compulsive symptoms
Diagnosis OR Treatment of Sleep Disorder
. O Restlessness
Sleepwalking Insomnia
. ) Q Sleepwalking
Stuttering Hypersomnia
O Stuttering
Qa
a
Qa
a

Uncontrolled muscle movements

Uncontrolled muscle movements

Sentinel System
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Content

1. Introduce MOSAIC-NLP
2. MOSAIC-NLP Study Design Considerations

3. Entity Extraction
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Entity Extraction Environment
and Process

B

Secure environment
»  Separate workspace for data curation and research
*  Secure access
Use de-ID structured data + identifiable notes to create
cohort AND study note dataset
De-ID notes within an acceptable level
Sampling frame for training dataset
*  Use de-ID structured data for note meta data

» Identify important areas of variability: Healthcare system, age
group, note/encounter type (mental health notes!)

Train and tune model

* Review and revise entities

*  Qualitative and quantitative assessment
Run NLP and extract entities
HIPAA approval of new data fields

Data management

®

Data Curation Workspace

Oracle EHR raw
identifiable notes

Asthma cohort raw
identifiable notes

Oracle EHR RWD
de-identified

Claims
de-identified

= _
Asthma cohort raw Asthma cohort raw
de-identified notes de-identified notes
—@—b T training
B B
Asthma cohort
@ entities
=

@

HIPAA

- il
® = =
| |
{
» Asihma Cohort
—— <t
.

Sentinel System
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Entities and NLP Models

Annotation Guidelines Model Training Model Tuning
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Entity Identification

(WU Uy Iy Iy Uy Uy Ay ey Iy Ny Uy NN Ny

Aggressive behavior or hostility
Agitation

Attention problems

Bad or vivid dreams
Depression

Disorientation or confusion
Dream abnormalities

Feeling anxious

Hallucinations

Irritability

Memory problems
Obsessive-compulsive symptoms
Restlessness

Sleepwalking

Stuttering

Suicidal thoughts and actions
Tremor or shakiness

Trouble sleeping

Uncontrolled muscle movements

Sentinel System
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Annotation Guidelines

Attention problems
In NLP Lab: Attention_ Problems

Definition: this entity contains mentions of clinical findings related to
attention problems.

Extraction rules: extract only symptoms related to attention problems,
but not ADHD since it is extracted under a different entity.

Examples:

Mroubleconcentrating AHSRHoRPISBISHSABSERt: not at all

Trouble concentrating AHERHORPIOBISHS: 1)) ore than half the days

Her mother refers she Struggles with attention AtténtionProbléms i) school.

He complains of brain fog and attention difficulties AtientionProblems ;s side effects.

Watch for these signs: feeling restless, agitated, or hopeless, having fEouble|

concentrating AtERHonPISBISNSEYPOMERE or making decisions, having unexplained

physical complaints, feeling irritable, angry, or aggressive.

6. Attention: Easilydistracted AttentionProblems| Thought Content: Appropriate.

ok M

Assertions: Past, Absent, Family History, Someone else, Possible,
Hypothetical, Present

Sentinel System | 38



Annotation Guidelines

Attention problems
In NLP Lab: Attention_ Problems

Definition: this entity contains mentions of clinical findings related to
attention problems.

Extraction rules: extract only symptoms related to attention problems,
but not ADHD since it is extracted under a different entity.

Examples:

Droubleconcentrating AentonPIoBISHSABSERt: 1ot at all

Trouble concentrating AHSAUORPEOBIEHS: 1)) ore than half the days

Her mother refers she struggles with attention AttentionPeoblems i) school.

He complains of brain fog and attention difficulties AttentionProblems s side effects.

Watch for these signs: feeling restless, agitated, or hopeless, having frouble|
or making decisions, having unexplained
physical complaints, feeling irritable, angry, or aggressive.

6. Attention: Easilydistracted AtientionProblems] Thought Content: Appropriate.

ko dE

Assertions: Past, Absent, Family History, Someone else, Possible,
Hypothetical, Present

Decision to include

Include attention problems for
outcomes and control of psychiatric
history

Pediatric psychiatrists recommended
adding ADHD to entities, as children
are often diagnosed with ADHD as
attention problems.
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Entity Model Training

Clinical text: Persistent Depressive Disorder = Depression?

As an outcome persistent depressive disorder

Clinicians “No” would not be ‘caused’ by the exposure

Two different clinical

ntiti . . . .
SIS As a covariate persistent depressive disorder

could be a moderator

L

Sentinel System
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Entity Model Training

Clinical text: Persistent Depressive Disorder = Depression?

Clinicians “No”
Two different clinical
entities

Annotation
Guideline
Options

As an outcome persistent depressive disorder
would not be ‘caused’ by the exposure

As a covariate persistent depressive disorder
could be a moderator

Persistent depressive disorder new entity

Persistent depressive disorder = depression

L

Sentinel System
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Entity Model Training

Clinical text: Persistent Depressive Disorder = Depression?

As an outcome persistent depressive disorder

Clinicians “No” would not be ‘caused’ by the exposure

Two different clinical

I ALIER As a covariate persistent depressive disorder
could be a moderator
Persistent depressive disorder new entity
Annotation

Guideline /
Options ) - .
@epresswe disorder = depression

DECISION
v Rare

v Clinicians noted the variability of
using ‘official’ DSM diagnoses by
physician type

v Important moderator/covariate

Z
W
:
- e Sentinel System
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Entity Metrics

_ Entity exists Entity does not exist

Prediction an entity
exists

True positive
predict positive, and is positive
- Correct / True prediction

False positive

predict positive, but is negative
- Incorrect / False positive
Type I error

Prediction an entity
does not exist

False negative

predict negative, but is positive
- Incorrect / False prediction
Type II error

True-negative
: e, : :
_)f 5525 quf 5 ;. 5

(there is no true negative in NLP)

Text True Label Predicted Label

Entity Trouble [ Attention Attention | P
Concentrating \problems problems )
Trouble ( : )

Entity Attebr?t'on 0 FN
Concentrating | proolems )
.

Entity School 0 'S:(t)ebr?:r(:; FpP

.

Sentinel System
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Classification Metrics

Precision true positives When the prediction is positive, how often is it correct?
true positives + false positives

Recall true positives When prediction is positive, how often does it predict yes?
true positives + false negatives

F-1score A measure that balances precision and Balance score between precision and recall > use F-1 score

recall.
precision x recall

F — 1 score = 2 % —
precision + recall

As a rule of thumb, ~80 in f-1 is considered a good model
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Entity Model Tuning

Entity TP FP FN Total labels Precision (Selfwiii?\l/lity) F1

Self-harm 950 34 37 1021 0.965447 0.962513 0.963978
ADHD 135 6 7 148 0.957447 0950704  0.954064
Suicide Attempt 89 9 10 108 0.908163 0.898990  0.903553
Aggressive / Hostility 229 33 43 305 0.874046 0.841912 0.857678
Agitation 58 12 1 81 0.828571 0.840580  0.834532
Suicidal Ideation ol 4 25 90 0.938462  0.709302  0.807947
Attention Problems 53 5 22 80 0.913793 0.706667 0.796993
Completed Suicide 0 0 9 9 -- 0 O

Stuttering 0 0 2 2 -- 0 0

F1 is the weighted average of precision (PPV; TP/(TP+FP)) and recall (sensitivity; TP/(TP+FN)) metrics

- Sentinel System
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Entity Model Tuning

Total

Entity TP FP FN labels F1

Self-harm 950 34 37 1021 0.963978
ADHD 135 6 7 148 0.954064
Suicide Attempt 89 9 10 108 0.903553
Aggressive / Hostility 229 33 43 305 0.857678
Agitation 58 12 11 81 0.834532
Suicidal Ideation 61 4 25 90 0.807947
Attention Problems 53 5 22 80 0.796993
Completed Suicide 0 0 9 9 0

Stuttering 0 2 2 0

Decision to remove
Rare event/difficult to identify in model

Since for HIPAA conformance this cannot
be used for patient, the added value is low
for family history or ‘someone else’
Decision to remove

Rare event/difficult to identify in model
High cost time/effort

I
W
3 - Sentinel System | 46



Implications of Adding
Unstructured Data to
Pharmacoepidemiology
Studies

Dena Jaffe, MSc, PhD
Oracle Health
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Extracted Data to a Full Study-Ready Dataset

Data from Clinical
notes extracted
using NLP models

Additional study
data
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Sculpting from Marble -
Unstructured Data Management

Things to consider:

Confidence score cutoffs

Current variables and what is going to be added and how

« Unstructured data sources (e.g., types of entities, types of assertions,
types of modifiers).

- scope and scale

« Temporality

Input from healthcare providers
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Confidence Score Cutoffs

Data presented with confidence scores sorted by delusion, greatest to least

aE’c documentld th delusion hE’c substance_abuse .&Bc exercise th obsessive_compulsive th aggressive_behv_hostility
10008228609 0.999 0.9631 0.0 0.0 0.0
10024091330 0.9985 0.0 0.0 0.0 0.0
10024706670 0.8582 0.0 0.0 0.0 0.0
1002789805 0.9985 0.6772 0.0 0.0

10038824818 0.9986 0.0 0.0 0.0

10066168172 0.9103 0.0 0.0 0.0

10066710469 0.9084 0.0 0.0 0.0

10069957827 0.9982 0.6732 0.0 0.0

10074486383 0.9981 0.0 0.0 0.0

10075733850 0.9981 0.0 0.0 0.0

10080306729 0.9989 0.4907 0.0 0.0

Note: JSL confidence cutoff >0.5
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Confidence Score Cutoffs

Data presented with confidence scores sorted by delusion, greatest to least

aE’c docum... E$ &E’c delusion &E’c substance_abuse &E‘c exercise &E’c obsessive_compulsive &E’c aggressive_behv_hostility
10008228609 1 1 0 0 0
10024091330 1 0 0 0 0
10024706670 1 0 0 0 0
1002789805 1 1 0 0

10038824818 1 0 0 0

10066168172 1 0 0 0

10066710469 1 0 0 0

10069957827 1 1 0 0

10074486383 1 0 0 0

10075733850 1 0 0 0

10080306729 1 1 0 0

Consider implications of using a different cutoff score for identifying binary data
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Data Management:
What is going to be added and how

Assertions
Variable Description Description Description Description Description
Absent Present Possible family history Past I
| |
anxiety current anxiety  present anxiety possible family history past anxiety
absent anxiety of current
anxiety
anxiety- worsened present possible family history past worsened
worsened anxiety absent worsened worsened of worsened anxiety
anxiety anxiety anxiety
anxiety-mild mild anxiety present mild possible mild family history past mild
absent anxiety anxiety of mild anxiety anxiety
anxiety- moderate present possible family history =~ past moderate e Include anXiety from structured data as:
moderate anxiety absent moderate moderate of moderate anxiety
anxiety anxiety anxiety C . . d
. [} -
Modifiers anxiety-severe severe anxiety present severe possible severe family history past severe ovariate (pre 1n eX)
absent anxiety anxiety of severe anxiety
anxiety * Outcome (post-index)
anxiety- alleviated present possible family history past alleviated
alleviated anxiety absent alleviated alleviated of alleviated anxiety ° L : :
anxiely amiety e How to distill all this extracted NLP data into
-1 -] ?
anxiety- other modifier present other possible other family history past other pre lndeX data and pOSt lndeX data'
other modifier anxiety absent modifier modifier of other modifier
anxiety anxiety ‘;‘r‘:ji‘g‘;" anxiety « How to add to structured data variables?
anxiety- intermittent present possible family history past
intermittent anxiety absent intermittent intermittent of intermittent intermittent
anxiety anxiety anxiety anxiety

Sentinel System
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T e m p o r a I ity Extraction rules:

Present: No assertion label has to be added, entities are considered to have the

Exa m p I e: An Xi ety present assertion by default if they do not have other assertion label.

Past entities are found in phrases in past tense or that include words such as
past, before, remote, previously, former, etc.

Absent or negated entities are found in phrases that include words such as no,
without, lack, etc.

Family history: Only consanguinity relations are to be asserted as family

history.
6-months
prior to INDEX STUDY
: OUTCOME
index PATIENT A END

l

Present Anxiety Present
Anxiety Absent Past Anxiety AnX|et¥
Present Family Hx Past Anxiety
Anxiety Past Anxiety Anxiety Family Hx
. Family Hx Anxiety Anxiety
Past Anxiety Anxiety Absont
Family Hx :
Anxiety Past Anxiety
Family Hx
Anxiety

Sentinel System
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Tem po rality Possible

In NLP Lab: Possible

[
Exa m p I e: P OSSI b I e Definition: This label is assigned to entities that are possible but not confirmed.

Extraction rules: Possible entities are found in phrases that include words such as
might, maybe, perhaps, could, likely, uniikely, to rule out, suspects etc.

Use Hypothetical assertion instead of Possible when a general description of a disease
is provided, like in patient information forms, or when literature quotations are made.

Examples:

1. | will also order other tests, including tests to rule out other conditions, such as

2. Additional tests will be done to rule out other possible causes of your symptoms

such as
3 |t has not been confirmed yet, but the staff suspects it was a SUicide attempt

SRR
4 Based on the symptoms, Gifcadian Fhythim diSOrder SIeadianhytim dissrdsrPossible s

suspected.
6-months
prior to INDEX STUDY
. OUTCOME ?
index PATIENT A END

!

P t Anxiety Possible
resen . Anxiet
Anxiety Absent Past Anxiety e y

Present Bt Amy Familly Hx | Past Anxiety

Anxiety ast Anxiety Anxiety ~ Anxiety  Family Hx

Family Hx Absent Anxiety
Past Anxiety Anxiety Past Anxiety
Family Hx Family Hx Sentinel System | 54
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Temporality & Covariates:
Added Value of Structured and Unstructured EHR

(6m prior to index)

GERD COPD
= Montelukast 40% 40%
N=39,665 35% 35%
mm (CS e o
N=69,411 2 %
0% 1a6% 15.2% 15.2% 20%
15% 11.6% 12.3% 12.3% 15%
10% I I I I 10% 5 595 6.2% 5.8% 6.6% 6.1% 6.9%
" mE mEE =R
0% 0% -
Analysis 1 Analysis 2 Analysis 3 Analysis 1 Analysis 2 Analysis 3
Cough Substance abuse
40% 36.0%>/-8% 40%
35% 35%
30% 26.5%26.1% 28.6%28.6% 0%
25% 25%
20% 20%
15% 15%
10% 10% 4.6% 5.3% 6.8%
> % 0.5% 0.7% 3.0% .
. =mE N
Analysis 1 Analysis 2 Analysis 3 Analysis 1 Analysis 2 Analysis 3
Sentinel System | 55
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Anxiety Data Sources in MOSAIC-NLP

30000
25000
7))
=
o 20000
>
(0]
U
o 15000
| &
o
£
= 10000
Z
5000
O .
Pre-index
B Unstructured only 2678
B Structured only 17277
Both structured and
5458
unstructured

Pre-index (unmatched covariates) — Anxiety 6-month prior to index (n = 25,413)
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Anxiety Data Sources in MOSAIC-NLP

50000

45000

40000

35000

Number of events
N N W
O o (@]
O (@] (@]
(@) (@] (@)
@) o (@]

15000
10000
5000
(0] . .
Pre-index Post-index
B Unstructured only 2678 6502
B Structured only 17277 26716
Both structured and c4c8 13725
unstructured

Pre-index (unmatched covariates) — Anxiety 6-months prior to index (n = 25,413)
Post-index (unmatched outcomes) — Anxiety post index (N = 46,943) Sentinel System | 57



Temporality & Covariates: Look back window (Analysis 3: Ever vs 6 months)

GERD
60%
mm Montelukast S0,
N=39,665
40%
B |CS
N=69,411 30%
20% 13.4%
0%
Ever
Cough
59.4%

60%

50%

40%

30%

20%

10%

0%

Ever

Analysis 3 = claims + EHR structured data + EHR unstructured data

13.4%

6mo

37.2%

6mo

COPD

60%

50%

40%

30%

20%

10% 7.8% 6.6%

. ] I

Ever 6mo

Substance Abuse

60%
50%
40%
30%

20%

12.8%
0% ]
Ever 6mo
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Healthcare Providers & Covariates:
Added Value of Structured and Unstructured EHR

(6m prior to index)

Suicide Ideation or Attempt/Self-Harm

4.0%

mm Montelukast
N=39,665

B ICS 3.5%
N=69,411

3.25%

3.0% 2.80%

2.5%
2.0%

1.5%

1.0% 0.68% 0.76%

Analysis 1 Analysis 2 Analysis 3

0.5%
0.01% 0.01%

0.0%

Study 1= claims only data; Study 2 = claims + EHR structured data; Study 3 = claims + EHR structured data + EHR unstructured data Sentinel System | 59



Stay tuned for results

Huge thank you to my fellow sculptors

(statisticians and data scientists)
Bridget Balkaran

Kyla Finlayson
Rob J. Taylor
Austin Yue
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NLP and Drug Safety at
the US FDA

Sarah K Dutcher, PhD, MS
US Food and Drug Administration
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FDA and Artificial Intelligence

(plY U.S. FOOD & DRUG

ADM|N|STRATION

Artificial Intelligence
& Medical Products:

How CBER, CDER, CDRH, and OCP
are Working Together

Advance the Development of

Foster CO||abOI’atI0n to Regu'atory Approaches that

Area of Focus

Promote the Development of Support Research Related to
Harmonized Standards, Guidelines, the Evaluation and Monitoring
Best Practices, and Tools of Al Performance

Figure 1. Four areas of focus regarding the development and use of Al across the medical product lifecycle.

U.S. FOOD & DRUG (s | [=wen

ADMINISTRATION

+Home / Science & Research / Science and Research Special Topics / Artificial Intelligence and Machine Learning (Al/ML) for Drug.

Artificial Intelligence and Machine Learning
(Al/ML) for Drug Development

| Fsnare | Xpost | in Linkeain | & emai | & prm

Artificial Intelligence and . Y IPN] . . . .
Machin Leaming fo brug What is Artificial Intelligence and Machine Learning? .
Development

Artificial Intelligence (AI) and Machine Learning (ML) can be described as a branch of Regulated Product(s)

computer science, statistics, and engineering that uses algorithms or models to perform Biologics

tasks and exhibit behaviors such as learning, making decisions, and making predictions. Drugs

ML is considered a subset of Al that allows models to be developed by training algorithms Radiation-Emiting Products

through analysis of data, without models being explicitly programmed.

— —————

What role is Al/ML playing in drug development?

FDA recognizes the increased use of AI/ML throughout the drug development life cycle
and across a range of therapeutic areas. In fact, FDA has seen a significant increase in the
number of drug and biologic application submissions using AI/ML components over the
past few years, with more than 100 submissions reported in 2021. These submissions
traverse the landscape of drug development — from drug discovery and clinical research to
postmarket safety surveillance and advanced pharmaceutical manufacturing.

Additionally, AI/ML is increasingly integrated in areas where FDA is actively engaged,
including Digital Health Technologies (DHTs), and Real-World Data (RWD) analytics.
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FDA Guidance on Real World Data

Real-World Data: Assessing
Electronic Health Records and
Medical Claims Data To
Support Regulatory Decision-
Making for Drug and Biological
Products

Guidance for Industry

DRAFT GUIDANCE

This guidance document is being distributed for comment purposes only.

Comments and suggestions regarding this draft document should be submitted within 60 days of
publication in the Federal Register of the notice announcing the availability of the draft
guidance. Submit electronic comments to https:/www.regulations gov. Submit written
comments to the Dockets Management Staff (HFA-305). Food and Drug Administration. 5630
Fishers Lane. Rm. 1061, Rockville, MD 20852, All comments should be identified with the
docket number listed in the notice of availability that publishes in the Federal Register.

For questions regarding this draft document or the RealWorld Evidence Program. please email
CDERMedicalPolicy-RealWorldEvidence@fda hhs gov

U.S. Department of Health and Human Services
Food and Drug Administration
Center for Drug Evaluation and Research (CDER)
Center for Biologics Evaluation and Research (CBER)
Oncology Center of Excellence (OCE)

September 2021
Real World Data/Real World Evidence (RWD/RWE)

Technological advances in AI (NLP, ML) permit more rapid processing
of unstructured EHR data to:

1. Extract data elements from structured fields and unstructured text
in EHRs

2. Develop computer algorithms to identify outcomes
3. Evaluate images or laboratory results

These computer-assisted methods currently require significant human-
aided curation and decision-making, injecting an additional level of data
variability and quality considerations into the final analytic dataset.

Study protocols should specify:
« Assumptions and parameters of the computer algorithms used

 The data source from which the information was used to build the
algorithm

*  Whether the algorithm was supervised (using expert input and
review) or unsupervised

e Metrics associated with validation of the methods

« Relevant impacts on data quality

https:/ /www.fda.gov/regulatory-information /search-fda-guidance-documents /real-world-data-assessing-electronic-health-records-and-medical-claims-data-support-regulatory Sentinel System |
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ICH M14 Guideline

https:

International Council for Harmonisation of Technical
Requirements for Pharmaceuticals for Human Use (ICH) M14
draft guideline focuses on non-interventional
pharmacoepidemiological studies and includes basic principles
that may apply to these studies when RWD elements are
included

« Endorsed by ICH 21 May 2024
« Released for public consultation

“Key clinical information are often unstructured data within
EHRs, either as free text fields (such as healthcare practitioner
notes)...To enhance the efficiency of data abstraction, a range of
approaches, including both existing and emerging technologies
(e.g., natural language processing...) are increasingly being used
to convert unstructured data into a computable, structured data
format.”

www.ich.org /page /multidisciplinary-guidelines

harmonisation for better health

)' ICH

INTERNATIONAL COUNCIL FOR. HARMONISATION OF TECHNICAL
REQUIREMENTS FOR FHARMACEUTICALS FOR. HUMAN USE

ICH HARMONISED GUIDELINE

General Principles on Plan, Design and Analysis of
Pharmacoepidemiological Studies That Utilize Real-World
Data for Safety Assessment of Medicines

Mi4

Draft version
Endorsed on 21 May 2024
Currently under public consultation

At Step 2 of the ICH Frocess, a consensus draft text or guideline, agreed by the
appropriate ICH Expert Working Group, is transmitted by the ICH Assembly to the
regulatory authorities af the ICH regions for internal and external consultation,
according to national or regional procedures
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Use of NLP for Pharmacovigilance: FAERS

« Use of the FDA Adverse Event Reporting System (FAERS) for pharmacovigilance complements
pharmacoepidemiology studies in FDA’s overall approach to monitor and promote drug safety

» FAERS receives over 2 million reports every year

» The Center for Drug Evaluation and Research’s (CDER) Office of Surveillance and Epidemiology
(OSE) implemented the Information Visualization Platform (InfoViP) in 2022 to
support safety reviewer’s examination of individual case safety reports in FAERS

« InfoViP incorporates NLP capabilities, machine learning (ML), and advanced data visualizations
in a tool to support postmarket safety surveillance

1. InfoViP uses NLP to scan case report narratives to find and visually display relevant clinical
information in a timeline

2. InfoViP uses NLP to scan, extract, and compare numerous data points among a large group of ICSRs
to detect duplicates automatically

3. InfoViP uses ML to classify case reports based on their level of information quality, which safety
reviewers can use to triage high-quality reports for priority review to detect safety concerns more
rapidly

https: //www.fda.gov/drugs/cder-conversations /information-visualization-platform-infovip-cders-new-artificial-intelligence-safety-surveillance
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Use of NLP for Pharmacovigilance: FAERS

Pharmaceu tical Medicine (2021) 35:307-316
https://doi.org/10.1007/540290-021-00398-5

o « FDA evaluated an NLP tool’s ability to extract age,

Leveraging Case Narratives to Enhance Patient Age Ascertainment gender Weight ethniCity race from FAERS case

from Adverse Event Reports ¢ . ¢ ’ . . . .
report narratives, when missing in structured fields

Phuong Pham'?2 . Carmen Cheng?® - Eileen Wu? - Ivone Kim? - Rongmei Zhang? - Yong Ma3 -
Cindy M. Kortepeter?® - Monica A. Mufioz'?

« NLP tool implementation provided meaningful

This is a U.S. government work and not under copyright protection in the U.S.; foreign copyright protection may apply 2021

improvements in the availability of age and gender

Introduction Missing age presents a significant challenge when evaluating individual case safety reports (ICSRs) in the

FDA Adverse Event Reporting System (FAERS). When age is missing in an ICSR’s structured field, it may be in the report’s [ info rm ati O n tO S upp O rt ph arm acovigil an Ce actiViti eS

free-text narra
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Srocessing 100l for Gxtracting weight, ethnicity, or race from free-text fields
gender, weight, ethnicity, and largely because the information was infrequently

race in the US food and drug

s hres s administration adverse event provided by the reporter
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Sentinel’s Strategic Plan

“FDA will focus its investment on innovations emerging from new data
science disciplines, such as natural language processing and machine

learning, and seek to expand its access to and use of electronic health records ,
(EHRs)” Sentinel System

FIVE-YEAR STRATEGY
2019-2023
January 2019

FDA

Goal: Use Sentinel projects using NLP of unstructured data to establish
standards and inform best practices for regulatory use
Thinking evolved during implementation of the strategic plan:

« Original emphasis on use of NLP-extracted data to identify previously
undetected complex health outcomes that require multiple data elements

« Using NLP to extract data and implementing into a study is very complex

« Can be used to improve capture for other data elements, not just
outcomes

« NLP algorithm transportability across healthcare systems cannot be
assumed

 Efficiency gains, but still requires substantial manual input

https://www.fda.gov/media /120333 /download
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Summary

e Benefits of NLP

o Improves identification or extraction of multiple data elements needed for drug safety assessments
(exposures, outcomes, covariates)

o Increases efficiency: speed (time saving), scale (can process a larger volume of unstructured data for
the same manual effort)

o Automated approach reduces potential for manual error or disagreement
» Considerations for using NLP in pharmacoepidemiology studies

« NLP algorithm accuracy is dependent on multiple factors: source data system, selection of notes for
training

« Users need to understand how study results may be impacted by the performance of NLP algorithms
and how NLP-extracted data are operationalized for the study

» Requires a team with a variety of expertise

Applying NLP to semi- and unstructured EHR data can capture valuable clinical and
patient information that enriches structured data available via claims data, thus
enhancing our abilities to assess medical product safety
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Sentinel

Thank You

Rishi J. Desai
rdesai@bwh.harvard.edu

Elise Berliner
elise.berliner@oracle.com

Dena Jaffe
dena.jaffe@oracle.com

Sarah K. Dutcher
Sarah.dutcher@fda.hhs.gov
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Questions and Answers
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Discussion Questions

« Look back window

«  Weight given to entities in notes

« Events are therapeutic area dependent

» Credibility Assessment Framework — outline considerations on new methods/technologies of acceptability
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