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Establishment of a 
postmarket risk identification and analysis 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

• Through the Sentinel 
Initiative, FDA aims to assess 
the post-marketing safety of 
approved medical products
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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.Optum

13.Vanderbilt University Medical Center, Department of Health Policy (Tennessee Medicaid data)

https://www.aetna.com/
https://www.carelonresearch.com/
https://populationhealth.duke.edu/
http://www.healthpartners.com/institute/index.html
http://www.humana.com/learning-center/research/
http://www.kpco-ihr.org/
http://research.kphawaii.org/
http://mapri.kaiserpermanente.org/
http://thrive.kaiserpermanente.org/care-near-northwest
https://www.kpwashingtonresearch.org/
http://www.marshfieldresearch.org/
https://www.optum.com/
https://www.vumc.org/health-policy/welcome-health-policy
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Recognizing the Need to Harness Alternative Data Sources and Methods
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Methodological Focal Points to Advance Causal Inference in Sentinel

Achieve causal 
analysis
Considering:
• Confounding 

adjustment
• Missing data 
• Robustness 

evaluations

Achieve causal 
study design

Considering:
• Study question
• Design choice 
• Bias reduction

Design
Layer

Analytics
Layer

Measures
Layer

Achieve fit-for-
purpose 
measurement
Considering:
• sensitivity
• specificity,
• completeness
• mean sqr diff

Filling Rx
Prescribing Rx, 
self-report, 
infusers, pill caps, 
UDI from OR notes

EXPOSURE

Dx, Px codes
Labs, imaging, 
digital health dev, 
physician notes, 
patient reports

OUTCOME

Dx, Px, Rx codes
Labs, stage, imaging 
reports, BMI, 
genomics, physician 
notes

CONFOUNDERS

Dx, Px, Rx codes
Monitors, physician 
notes, biomarker, 
omics, behavior, socio-
econ

TARGET POPN
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Methodological Focal Points to Advance Causal Inference in Sentinel

Analytics
Layer

Achieve causal 
analysis
Considering:
• Confounding 

adjustment
• Missing data 
• Robustness 

evaluations

Design
Layer

Achieve causal 
study design

Considering:
• Study question
• Design choice 
• Bias reduction

Measures
Layer

Achieve fit-for-
purpose 
measurement

EXPOSURE OUTCOME CONFOUNDERS TARGET POPN

Considering:
• sensitivity
• specificity,
• completeness
• mean sqr diff

Filling Rx
Prescribing Rx, 
self-report, 
infusers, pill caps, 
UDI from OR notes

Dx, Px codes
Labs, imaging, 
digital health dev, 
physician notes, 
patient reports

Dx, Px, Rx codes
Monitors, physician 
notes, biomarker, 
omics, behavior, socio-
econ

Dx, Px, Rx codes
Labs, stage, imaging 
reports, BMI, 
genomics, physician 
notes

Natural Language Processing (NLP)
 



|   13Sentinel System

Leveraging NLP in Sentinel
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Methodological 
Considerations for NLP in 
Pharmacoepidemiology 
Studies
Elise Berliner, PhD
Oracle Life Sciences
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MOSAIC-NLP
Multi-source Observational Safety study for Advanced Information 
Classification using NLP

Use of Natural Language Processing in a 

Pharmacoepidemiology Study: The 

Examination of Neuropsychiatric Events and 

Incident Use of Montelukast Among Patients 

with Asthma

To demonstrate…in a pharmacoepidemiology study

Value
of using claims and EHR 

structured and semi-
structured/unstructured

Scalability
of an NLP model for 

clinical notes across the 
Oracle EHR RWD ~120 

healthcare systems

Transportability
of trained and tuned NLP 
models in 2 external EHR 

datasets
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Research Institute
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Use Case - Montelukast

February 1998
FDA approval of 
montelukast, a 
leukotriene-modifying 
agent (LTMA) 

March 2008
FDA early communication 
about safety review of 
behavior/mood changes 
and suicidality with 
montelukast

Law et al 2018a

(Systematic review) – 
Equivocal with 

‘limited evidence’

2018: 
9.3M US patients 

with Rx
(1/4 children)b

March 2020
FDA adds a Boxed 
Warning for serious 
neuropsychiatric events to 
the montelukast label 

Sansing-Foster et al 2021c 
(Claims) – decreased risk 
outpatient depression?

Paljarvi et al 2022d 
(EHR) – increased 

risk anxiety & 
insomnia

MOSAIC-NLP
(Claims-EHR-
structured / 

unstructured)

Jewett & Mueller 
2024e

(NY Times OpEd)

Modified from Abdelkader et al. JPPT 2023;28:704
a Law et al. Drug Saf 2018 41:253-65. doi: 10.1007/s40264-017-0607-1
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
c 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:e2213643. doi: 10.1001/jamanetworkopen.2022.13643
e Jewett and  Mueller. NY Times Jan 9, 2024 https://www.nytimes.com/2024/01/09/health/fda-singulair-asthma-drug-warning.html



|   19Sentinel 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
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MOSAIC-NLP

Value
of using claims and EHR 

structured and semi-
structured/unstructured

• Study Design: Retrospective cohort study

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

• Study Cohort: Patients with asthma newly initiating montelukast or inhaled 
corticosteroids monotherapy (comparator)

• Study Outcomes: Neuropsychiatric events
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MOSAIC-NLP

Value
of using claims and EHR 

structured and semi-
structured/unstructured

• Study Design: Retrospective cohort study

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

• Study Cohort: Patients with asthma newly initiating montelukast or inhaled 
corticosteroids monotherapy (comparator)

• Study Outcomes: Neuropsychiatric events

Study Design – Based on Sansing-Foster et al 2021
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MOSAIC-NLP

of an NLP model for 
clinical notes across the 
Oracle EHR RWD 120+ 

healthcare systems

• Study Cohort: 109,076 patients with asthma

• Healthcare Systems: 119

• Clinical Notes: 17+ million
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MOSAIC-NLP

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

Care and coverage Pediatric hospitals
Critical care hospitals
Acute care hospitals

Physician groups
IDN

Commercial
Medicare Advantage

Medicaid Managed Care

Encounters and claims 125M emergency encounters
56M inpatient encounters

972M outpatient encounters

Closed medical claims
Closed pharmacy claims
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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

Linkable data (tokenization)

Claims limits to insured only

Bounded by dates of datasets

Measures

Defining patient eligibility

Disease and treatment history vs. problem list



|   26Sentinel System

Source of Measures

Claims

Prescription or 
OTC 

treatment
Healthcare 

Resource Use Diagnoses

EHR 
structured

Clinical test 
results and 

vitals

EHR 
unstructured

Symptoms Family history Biomarkers StagingProcedures
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MOSAIC-NLP Study Design

Cohort Claims      + EHR structured    + EHR unstructured
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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)

• ≥1 diagnosis of asthma (claims and EHR-
structured) (ever)

• Valid text note (non-null content, non-scannded) 
(EHR-unstructured)

• Medication use (claims)

• Asthma diagnosis during study period (claims or 
EHR-structured)

• Age (claims) 

Exclusion
• Prior medication use (claims) 

• Concomitant medication use (claims)
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MOSAIC-NLP Design of Measures

Cohort Claims      + EHR structured    + EHR unstructured

Covariates

Analysis 1 Claims……….

Analysis 2 Claims      + EHR structured

Analysis 3 Claims      + EHR structured    + EHR unstructured
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MOSAIC-NLP Design of Measures

Cohort Claims      + EHR structured    + EHR unstructured

Covariates

Analysis 1 Claims……….

Analysis 2 Claims      + EHR structured

Analysis 3 Claims      + EHR structured    + EHR unstructured

Outcomes

Analysis 1 Claims……….

Analysis 2 Claims      + EHR structured

Analysis 3 Claims      + EHR structured    + EHR unstructured
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Source of Measures – MOSAIC-NLP

Claims

Prescription 
medication

Healthcare 
Resource Use Diagnoses

EHR 
structured

Clinical test 
results

EHR 
unstructured

Symptoms Family historyProcedures
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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 

Claims/EHR Structured Data 
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
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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 

Claims/EHR Structured Data 
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

Unstructured Data 
 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 
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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
1. Secure environment 

• Separate workspace for data curation and research
• Secure access

2. Use de-ID structured data + identifiable notes to create 
cohort AND study note dataset

3. De-ID notes within an acceptable level 
4. 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!)

5. Train and tune model
• Review and revise entities
• Qualitative and quantitative assessment

6. Run NLP and extract entities
7. HIPAA approval of new data fields
8. Data management
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Entities and NLP Models

Annotation Guidelines Model Training Model Tuning
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Entity Identification
 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 



|   38Sentinel System

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:

1. Trouble concentrating AttentionProblems Absent: not at all
2. Trouble concentrating AttentionProblems: more than half the days
3. Her mother refers she struggles with attention AttentionProblems in school. 
4. He complains of brain fog and attention difficulties AttentionProblems as side effects.
5. Watch for these signs: feeling restless, agitated, or hopeless, having trouble 

concentrating AttentionProblems Hypothetical or making decisions, having unexplained 
physical complaints, feeling irritable, angry, or aggressive.

6. Attention: Easily distracted AttentionProblems ., Thought Content: Appropriate. 

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

1. Trouble concentrating AttentionProblems Absent: not at all
2. Trouble concentrating AttentionProblems: more than half the days
3. Her mother refers she struggles with attention AttentionProblems in school. 
4. He complains of brain fog and attention difficulties AttentionProblems as side effects.
5. Watch for these signs: feeling restless, agitated, or hopeless, having trouble 

concentrating AttentionProblems Hypothetical or making decisions, having unexplained 
physical complaints, feeling irritable, angry, or aggressive.

6. Attention: Easily distracted AttentionProblems ., Thought Content: Appropriate. 

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?

Clinicians “No” 
Two different clinical 

entities

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

As a covariate persistent depressive disorder 
could be a moderator
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Entity Model Training

Clinical text: Persistent Depressive Disorder = Depression?

Clinicians “No” 
Two different clinical 

entities

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

As a covariate persistent depressive disorder 
could be a moderator

Annotation 
Guideline 
Options

Persistent depressive disorder new entity

Persistent depressive disorder = depression
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Entity Model Training

Clinical text: Persistent Depressive Disorder = Depression?

Clinicians “No” 
Two different clinical 

entities

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

As a covariate persistent depressive disorder 
could be a moderator

Annotation 
Guideline 
Options

Persistent depressive disorder new entity

Persistent depressive disorder = depression

DECISION

 Rare

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

 Important moderator/covariate
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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
predict negative, and is negative
 Correct / True prediction
(there is no true negative in NLP)

Text True Label Predicted Label

Entity
Trouble Attention 

problems
Attention 
problemsConcentrating

Entity
Trouble Attention 

problems 0
Concentrating

Entity School 0 Attention 
problems

TP

FN

FP
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Classification Metrics

Name Description Interpretation

Precision 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

When the prediction is positive, how often is it correct?

Recall 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

When prediction is positive, how often does it predict yes?

F-1 score A measure that balances precision and 
recall.

𝐹𝐹 − 1 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ∗
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∗  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 +  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

Balance score between precision and recall  use F-1 score

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 Recall 
(Sensitivity) F1

Self-harm 950 34 37 1021 0.965447 0.962513 0.963978

ADHD 135 6 7 148 0.957447 0.950704 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 11 81 0.828571 0.840580 0.834532

Suicidal Ideation 61 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 0

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
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Entity Model Tuning

Entity TP FP FN Total 
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 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
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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

Note: JSL confidence cutoff >0.5
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Confidence Score Cutoffs
Data presented with confidence scores sorted by delusion, greatest to least

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 
Absent

Description 
Present

Description 
Possible

Description 
family history

Description 
Past

Modifiers

anxiety current anxiety 
absent

present anxiety possible 
anxiety

family history 
of  current 

anxiety

past anxiety

anxiety-
worsened

worsened 
anxiety absent

present
worsened 

anxiety

possible
worsened 

anxiety

family history 
of worsened 

anxiety

past worsened 
anxiety

anxiety-mild mild anxiety 
absent

present mild 
anxiety

possible mild 
anxiety

family history 
of mild anxiety

past mild 
anxiety

anxiety-
moderate

moderate 
anxiety absent

present
moderate 

anxiety

possible
moderate 

anxiety

family history 
of moderate 

anxiety

past moderate 
anxiety

anxiety-severe severe anxiety 
absent

present severe 
anxiety

possible severe 
anxiety

family history 
of severe 
anxiety

past severe 
anxiety

anxiety-
alleviated

alleviated 
anxiety absent

present
alleviated 

anxiety

possible
alleviated 

anxiety

family history 
of alleviated 

anxiety

past alleviated 
anxiety

anxiety-
other_modifier

other modifier 
anxiety absent

present other 
modifier 
anxiety

possible other 
modifier 
anxiety

family history 
of other 
modifier 
anxiety

past other 
modifier 
anxiety

anxiety-
intermittent

intermittent 
anxiety absent

present
intermittent 

anxiety

possible
intermittent 

anxiety

family history 
of intermittent 

anxiety

past
intermittent 

anxiety

• Include anxiety from structured data as:

• Covariate (pre-index) 

• Outcome (post-index) 

• How to distill all this extracted NLP data into 
pre-index data and post-index data? 

• How to add to structured data variables? 
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Temporality
Example: Anxiety 

Extraction rules: 

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

INDEX
PATIENT A

STUDY 
END

Present 
Anxiety

Present 
Anxiety

Past Anxiety
Family Hx 

Anxiety

Anxiety 
Absent

Past Anxiety
Family Hx 

Anxiety

Past Anxiety
Family Hx 

Anxiety
Anxiety 
Absent

Past Anxiety
Family Hx 

Anxiety

Present 
Anxiety

Past Anxiety
Family Hx 

Anxiety

OUTCOME
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Temporality
Example: Possible

6-months 
prior to 
index

INDEX
PATIENT A

STUDY 
END

Present 
Anxiety

Present 
Anxiety

Past Anxiety

Family Hx 
Anxiety

Anxiety 
Absent

Past Anxiety

Family Hx 
Anxiety

Past Anxiety

Family Hx 
Anxiety Anxiety 

Absent

Past Anxiety

Family Hx 
Anxiety

Possible 
Anxiety

Past Anxiety

Family Hx 
Anxiety

OUTCOME ?
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Temporality & Covariates: 
Added Value of Structured and Unstructured EHR 

(6m prior to index) 

Montelukast
N=39,665

ICS
N=69,411

Analysis 1 = claims only data; Analysis 2 = claims + EHR structured data; Analysis 3 = claims + EHR structured data + EHR unstructured data

14.6% 15.2% 15.2%
11.6% 12.3% 12.3%
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COPD 
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36.0%

26.1%
28.6%

37.8%

0%

5%

10%

15%

20%

25%

30%

35%

40%

Analysis 1 Analysis 2 Analysis 3

Cough
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Substance abuse
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Anxiety Data Sources in MOSAIC-NLP

Pre-index
Unstructured only 2678
Structured only 17277
Both structured and

unstructured 5458
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Pre-index (unmatched covariates) – Anxiety 6-months prior to index (n = 25,413)
Post-index (unmatched outcomes) – Anxiety post index (n = 46,943)
 

Anxiety Data Sources in MOSAIC-NLP

Pre-index Post-index
Unstructured only 2678 6502
Structured only 17277 26716
Both structured and

unstructured 5458 13725
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Temporality & Covariates: Look back window (Analysis 3: Ever vs 6 months)

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

13.4% 13.4%
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Ever 6mo

COPD
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Cough

12.8%
6.2%
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Ever 6mo

Substance Abuse

Montelukast
N=39,665

ICS
N=69,411
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Healthcare Providers & Covariates: 
Added Value of Structured and Unstructured EHR 

(6m prior to index) 

Suicide Ideation or Attempt/Self-Harm

0.01%

0.68%

2.80%

0.01%

0.76%

3.25%

0.0%

0.5%

1.0%

1.5%

2.0%

2.5%

3.0%

3.5%

4.0%

Analysis 1 Analysis 2 Analysis 3

Montelukast
N=39,665

ICS
N=69,411

Study 1 = claims only data; Study 2 = claims + EHR structured data; Study 3 = claims + EHR structured data + EHR unstructured data
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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

https://www.fda.gov/science-research/science-and-research-special-topics/artificial-intelligence-and-machine-learning-aiml-drug-development 

https://www.fda.gov/science-research/science-and-research-special-topics/artificial-intelligence-and-machine-learning-aiml-drug-development
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FDA Guidance on Real World Data
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

• 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 

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

https://www.ich.org/page/multidisciplinary-guidelines 

https://www.ich.org/page/multidisciplinary-guidelines
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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 

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

• FDA evaluated an NLP tool’s ability to extract age, 
gender, weight, ethnicity, race from FAERS case 
report narratives, when missing in structured fields

• NLP tool implementation provided meaningful 
improvements in the availability of age and gender 
information to support pharmacovigilance activities 
conducted with FAERS data

• NLP tools had minimal impact on the extraction of 
weight, ethnicity, or race from free-text fields 
largely because the information was infrequently 
provided by the reporter

Dang V, Wu E, Kortepeter CM, et al. Front Drug Saf Regul. 2022;2:1020943.
Pham P, Cheng C, Wu E, et al. Pharmaceut Med. 2021 Sep;35(5):307-316.
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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)”

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 

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

mailto:rdesai@bwh.harvard.edu
mailto:elise.berliner@oracle.com
mailto:dena.jaffe@oracle.com
mailto: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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