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My work’s aim is to fill the gap in 
traditional post-licensure systems

Signal EvaluationSignal RefinementSignal GenerationHypothesis Generation Hypothesis Strengthening

Data mining of passive 

spontaneous reports 

(VAERS) to identify 

possible associations 

between many vaccine 

& adverse event pairs 

(100’s, 1000’s)

Fast, but lower quality 

data & not targeted

Phase IV trial or 

rigorous epidemiological 

cohort study to establish 

or refute causality 

between a specific 

product & adverse 

event.

Higher quality data, but 

slower & more narrow

Proactive sequential 

surveillance to rapidly 

assess the magnitude of 

suspected associations 

between several target 

vaccine-event pairs.

Rapid assessment of 

targeted high-quality 

outcomes (“just right”)

Hypothesis Confirmation
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More specifically…

Problem

To rapidly & accurately identifying safety concerns after a 
new vaccine is licensed or authorized for emergency use

Setting

Large, multi-site claims & electronic health record (EHR) 
data (i.e., observational data not collected for research)

Statistical challenges

▪ Misclassification of safety outcomes (using ICD codes)

▪ Adapting sequential methods (from trials) to this context 

– Identifying an appropriate sequential design

– Minimizing impacts of an uncontrolled setting

April 4, 20243



Who are we at KPWHRI?

• Kaiser Permanente Washington Health Research Institute

• Established in 1983 (as Group Health Research Institute)

• Became KPWHRI via acquisition in 2015

• Public-interest research center in downtown Seattle

• Improves health, well-being & health equity for all 
communities through collaborative research & evaluation

• Funded primarily (78%) by federal external grants and 
contracts from NIH, PCORI, FDA, CDC, … (~$67M in 2023) 

• ~85 physician and public health scientists

• ~275 research support staff

• Areas of study include biostatistics, epidemiology, mental 
and behavioral health, preventive medicine, health care 
delivery, and community health and evaluation

• Academic group embedded within KPWA

• Kaiser Permanente Washington (KPWA): non-profit health 
system in Washington State providing health care & insurance 
coverage for >700,000 people (1 of KP’s 8 regions in the U.S.)



Biostatistics 
Division at 
KPWHRI

• 10 PhD-level Investigators, all Univ of WA affiliates

• 10 Collaborative Biostatisticians (PhD/MS-level)

• Our role: develop, evaluate & apply methods that…

o are inspired by scientific collaboration

o generate actionable evidence from complex health 
data to address pressing scientific questions

• Proud home to many ASA…

o Fellows: Pam Shaw, Susan Shortreed, Jen Nelson

o Committee of Presidents of Statistical Societies 
Emerging Leaders:  Jennifer Bobb, Yates Coley

Biostatistics investigators

Collaborative biostatisticians



Examples of the work we do: Statistical & Clinical Areas 

Substance use disorder

Cancer prevention

Mental health

Drug & vaccine safety

Aging, dementia, and Alzheimer’s

Equity in health care

Other diseases and health 
conditions

Pragmatic trial design

Longitudinal / clustered data analysis

Machine and statistical learning

Survival analysis

Causal inference

Risk modeling

Measurement error

Missing data

Using clinical data generated 
during routine health care:
-medical charts & notes
-electronic health records
-health surveys
-administrative claims
-imaging reports
-laboratory values 



UW Biostatistics 
Students & Alums 
involved in vaccine 
safety at KPWHRI
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Outline

• Introduce the data setting: national multi-site post-
licensure medical product safety surveillance systems

o  Vaccine Safety Datalink (CDC)

o  Sentinel Initiative (FDA)

• Provide some vaccine safety examples

• Discuss methodological challenges (& some solutions)

• Where do we go from here?
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Big (Health Care) Data 101

• What is it?

o Data collected by public and private organizations for registration, 

transaction and record keeping during the delivery of health care

o Also called administrative, clinical, or electronic health care data

• How does it get generated?

o Health care system encounters (outpatient, inpatient, pharmacy) 

create electronic claims to the payer for reimbursement

o Paper or electronic health record (EHR) captures standard 

medical and clinical data gathered in one provider’s office

• What kind of information is collected?

o Diagnosis codes (ICD-10), procedure codes (CPT/HCPCS), dates

o Pharmacy dispensings (drug name, dates), immunization records

o Patient demographics, care setting, type of provider, vitals…

o Test results from laboratory, radiology, other specialty visits

o Unstructured clinical notes & text

9 April 4, 2024 Content courtesy of Denise Boudreau PhD, KPWHRI



Big (Health Care) Data 101

• How can it be re-purposed for research?

o Link data across various sources within a person 

o Commonly define these data elements (common data model) 

o Link them across data partners for multi-site research

o An integrated picture of health/healthcare emerges for large cohorts

• Is this a new idea?

o No (Health Care Systems Research Network has been used for 

decades for research) but…

o Their use has been rapidly expanding with development of new 

national multi-purpose big data networks (PCORnet, NIH Collab)

• Is this a good idea?

o Yes, we need efficient and cost-effective ways to fill evidence gaps 

left by traditional RCTs and observational studies

o But one should proceed with caution & deep knowledge of the data

10 April 4, 2024 Content courtesy of Denise Boudreau PhD, KPWHRI
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12 participating integrated healthcare organizations + CDC

https://www.cdc.gov/vaccinesafety/ensuringsafety/monitoring/vsd/index.html

Vaccine Safety Datalink (VSD)
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Vaccine Safety Datalink (VSD)

▪ Established in 1990 

▪ A collaboration between CDC  & numerous integrated 
healthcare organizations 

▪ Captures administrative & clinical data and uses it for research

▪ Have assembled vaccine, medical care & demographic data on 
over 12.1 million persons per year (~3.7% of U.S.)

▪ Prior to 2005, mostly studied links between vaccines & health 
outcomes using traditional retrospective observational studies

▪ In 2005, weekly data updating facilitated active surveillance
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Birth and death 
certificate 
information & 
family linkage

Immunization 
records

Enrollment and 
demographics

VSD electronic information + chart review 

Linked by 
study IDs

Images created by Wilson Joseph, Megan Mitchell, Ananth, and Iga from the noun project

Outpatient and 
clinic visits

Emergency room 
visits

Procedure codes Hospital discharge 
diagnosis codes





FDA’s Sentinel Initiative built on this 
success

“…a national electronic system that will transform 

FDA’s ability to track the safety of drugs, biologics, and 

medical devices once they reach the market.”

“…aims to develop and implement a proactive system 

that will complement existing systems that the Agency 

has in place to track reports of adverse events.”

“…enables FDA to actively query diverse automated 

healthcare data holders—like EHR systems, 

administrative and insurance claims databases, and 

registries—to evaluate possible medical product safety 

issues quickly and securely.”

http://www.fda.gov/Safety/FDAsSentinelInitiative
April 4, 202415



https://www.sentinelinitiative.org/about

Sentinel timeline

Slide courtesy of Dr. Darren Toh at Harvard Medical School



Colorado

Hawaii

Mid-Atlantic

Northern California

Northwest

Washington

Slide courtesy of Dr. Darren Toh at Harvard Medical School

Sentinel collaboration



Slide courtesy of Dr. Darren Toh at Harvard Medical School

Sentinel distributed data environment
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ARIA: Active Risk Identification and Analysis system

Common 
Data 

Model

Distributed 
Database

Analytic 
Tools ARIA

Electronic claims data using 

common model 
Parameterized, re-usable tools and computable algorithms

Slide courtesy of Michael Nguyen at the FDA

Sentinel’s process is known as ARIA

Data partners – using a distributed system behind firewalls



Serious Safety 
Concern

Sentinel ARIA 
Sufficient?

Sentinel ARIA Analysis

Postmarket Required Study 

(PMR)
NO

YES

Related ARIA Study

When is the ARIA Process Needed?

ARIA must be considered before 
a sponsor PMR can be issued

Slide courtesy of Michael D. Nguyen, M.D., former FDA Sentinel Program Lead
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Outline

• Introduce the data setting: national multi-site post-
licensure medical product safety surveillance systems

o  Vaccine Safety Datalink (CDC)

o  Sentinel Initiative (FDA)

• Provide some vaccine safety examples

• Discuss methodological challenges (& some solutions)

• Where do we go from here?

April 4, 202421



22 April 4, 2024

Selected examples of prospective 
surveillance within VSD since 2005

Meningococcal (Menactra®) – Guillain-Barre Syndrome (GBS), others (Harvard)

Rotavirus (Rotateq®, Rotarix®) – intussusception, others  (Marshfield)

MMRV – seizures, fever, others (N California Kaiser)

Tdap -- seizures, other outcomes (Health Partners)

HPV4 & 9 (Gardasil®)– seizures, syncope, stroke, VTE (Kaiser NW, CDC, Marshfield)

Seasonal & H1N1 Influenza – conducted annually (Harvard, CDC)

DTaP-IPV (Kinrix®) – seizures, stroke, GBS, others (Kaiser Colorado)

DTaP-IPV/Hib (Pentacel®) – fever, seizure, allergic reactions (Kaiser Washington)

PCV13 – seizures, Kawasaki disease, others (S California Kaiser)

Herpes Zoster (Shingrix®) – stroke, MI, GBS, others (Kaiser Washington)

COVID-19 – anaphylaxis, myocarditis, MI, many others (N California Kaiser)



charts.
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VSD Example 1 (Pentacel® vaccine)
• A combination DTaP-IPV-Hib vaccine (diphtheria & tetanus toxoids & 

acellular pertussis adsorbed, inactivated poliovirus, & Haemophilus influenza b)

• Licensed in 2008 for ages 2, 4, 6 & 15-18 months, to replace separate 
injections

• Aim: To sequentially monitor safety in children aged 6 wks to 2 yrs

• Historical control design: Recipients of Pentacel® vs DTaP 2-4 years prior

• Pre-specified adverse events (AEs)

• Potential confounders: age, gender, VSD site
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VSD Example 2 (Shingrix® vaccine)
• A recombinant zoster vaccine to prevent herpes zoster (i.e., shingles)

• Licensed in 2017, a 2-dose series 2+ months apart for adults 50 years and 
older, to replace (live attenuated virus vaccine) Zostavax

• Aim: To sequentially monitor safety following Shingrix

• Historical control design: Recipients of Shingrix vs Zostavax in 5 years prior

• Pre-specified 10 primary and 11 secondary adverse events (AEs)

• Primary: MI, stroke, Bell’s palsy, anaphylaxis, GBS

• Secondary: systemic and local reactions, eye-related diseases

• Defined by ICD-9/10 dx codes 

• Potential confounders: age, gender, VSD site, comorbidities, health 
care utilization (healthy users)
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Sequential design and analysis

Pentacel® Study Shingrix® Study

Frequency of testing (data accruing weekly)

1st test at 1 year (~33,000 doses as of 

Sep 2009)

11 subsequent tests, equally-spaced 

based on dose

1st test at 6 months (~56,000 doses as 

of Jun 2018)

18 subsequent monthly tests

Statistical target / Test statistic / confounder control

LRT (H0: RR=1 vs HA: RR>1) 

Used site, gender, & age-based 

historical AE rates to compute 

expected counts

LRT (H0: RR=1 vs HA: RR>1) 

Used site, gender, age and 

comorbidity-based historical AE rates 

to compute expected counts

Signaling threshold

Flat over time (Pocock) Flat over time (Pocock)
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Results

Pentacel® Study Shingrix® Study

Total vaccine doses at the end of surveillance

72,651 doses (Sep 2008 - Feb 2010) 647,833 doses (Jan 2018 – Dec 2019)

Sequential testing results

No increase in risk detected for any 

pre-specified study outcome

No sustained increase in risk detected 

for any primary pre-specified outcome

Test #2: GBS, 3 observed vs 0.6 

expected, RR=5.25, p=0.02

Test #5: Bell’s palsy, 36 observed vs 

24 expected, RR=1.51, p=0.03

End of surveillance results

Suggestion of increase in risk of fever 

among booster (12-35mo) group

Confirmed trial results of increase in 

risk of local and systemic reactions

More data needed to assess GBS
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Medically attended fever following 
Pentacel

Observed 348 
events (48/10K 
doses) versus 310 
events expected

RR=1.09, p=0.06 
(LLR=1.40 vs. 1.79 
critical threshold)
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GBS & Bell’s palsy following Shingrix
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GBS signal – further follow-up

• 11 total potential cases identified by ICD dx codes

• 6 following Shingrix

• 5 following historical Zostavax

• (Gold standard) medical record review by a physician was done to 

confirm true incident case

• 3 out of 6 following Shingrix were confirmed

• 2 out of 5 following Zostavax were confirmed

# Doses GBS (ICD) GBS (Chart) IR (95% CI)
Per million doses

RR (95% CI)

Jan 2018 – Dec 2019

647,307 6 3 4.63 (0.96-13.54) 1.56 (0.18-18.62)

Jan 2018 – Apr 2023

3,526,599 45 21 5.95 (3.69-9.10) 2.00 (0.49-17.58)





Outline

• Introduce the data setting: national multi-site post-
licensure medical product safety surveillance systems

o  Vaccine Safety Datalink (CDC)

o  Sentinel Initiative (FDA)

• Provide some vaccine safety examples

• Discuss methodological challenges (& some solutions)

• Where do we go from here?
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Challenges in data, design, & analysis

1. Creating data infrastructure (common data model, linking, sharing)

2. Establishing data sharing practices & dealing with resulting constraints

3. Ensuring data quality (completeness, accuracy) over time

4. Identifying an appropriate sequential design

• How often to do analyses? What target of inference? What signal threshold?

5. Minimizing impacts of uncontrolled research setting

• Confounding, unpredictable vaccine uptake & population composition

6. Managing site heterogeneity

• Impacts EVERY step (from data linking to analyses to interpretation)

7. Addressing fact that events are rare (limits power, increases variability)

• Requires large cohort, robust & small sample statistical methods

8. Handling distributed data constraints (no individual level data pooling)
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ARIA: Active Risk Identification and Analysis system

Common 
Data 

Model

Distributed 
Database

Analytic 
Tools ARIA

Electronic claims data using 

common model 
Parameterized, re-usable tools and computable algorithms

Slide courtesy of Michael Nguyen at the FDA

#3 Ensuring data quality 

At FDA, this translates to improving ARIA Sufficiency…

Data partners – using a distributed system behind firewalls
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ARIA Sufficiency Assessments: 2016-2021

Maro et al. CPT (2023)
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ARIA insufficient 
outcomes

• Acute pancreatitis
• Adverse fetal outcomes
• Adverse pregnancy 

outcomes
• Anaphylaxis
• Drug-induced liver 

injury
• Fatal MACE (cardiac)
• Malignancies (several)
• Nerve injury

ARIA sufficient outcomes

• GI bleeding
• Heart failure
• Lymphoma
• MACE (major adverse 

cardiac event)
• MI
• MS relapse
• Non-melanoma skin cancer
• Seizure
• Stroke

Major goal in Sentinel: Improve ARIA Sufficiency

• Can NLP-extracted data (from clinical notes) improve capture of clinically 
complex outcomes (i.e., improve phenotyping accuracy)?

• Can we identify scalable development methods to create these algorithms 
while retaining good performance (i.e., more readily computable)?
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Premise (to more accurately/rapidly create algorithms)

• Leverage richer data beyond claims

• Use more automated methods

• Design for reusability/transportability

5 stages of development

• Fitness-for-purpose assessment

• Creating gold standard data (COSTLY)

• Feature engineering (COSTLY)

• Model development

• Model Evaluation

David S. Carrell, James S. Floyd, Susan Gruber, Brian L. Hazlehurst, Patrick J. Heagerty, Jennifer L. Nelson, Brian D. Williamson, Robert Ball, 
Towards a Scalable Approach to Computable Phenotyping Using EHR Data, in press at Journal of the American Medical Informatics Association

Using these examples: we proposed a scalable 5-step 
approach to EHR-base “computable phenotyping”

End goal: NOT a one-off outcome-specific solution but 
a general framework for use/re-use by FDA/others
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• Algorithms (or models) to determine which patients have a particular clinical condition 
(AKA phenotype, health outcome of interest, “is a case”)

Traditional phenotype development process 

Potential 
cases

Claims 
Data

NLP 
Data

EHR 
Data

Algorithm 
(Model 

selection)

Cases

Non-
cases

Feature engineering (FE)

Gold standard 
data to train/ 

iterate back to FE 
Sensitivity, PPV, …
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1. Feature engineering burden (manual)
• Expert-intensive (clinical, EHR, NLP expertise)
o May not be available in all settings
o Expensive
o Potential operator-dependence

• Time-intensive
o Pressure to limit the # of features engineered

2.Gold standard data burden (manual  review)
• Expert-intensive (same as above)
• Time-intensive
o Limits the amount of labeled data available 

for model training

Time/cost 
burdens 
constrain the 
number of 
outcomes a 
team can 
investigate

Bottlenecks in traditional phenotyping processes 
for developing outcome-identifying algorithms
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Identify Define Implement

Propose targets

Review  knowledge

Review

code lists

Propose

codes

Propose

terms

EHR

EHR

Assemble

corpus

Specify logic

Validate

code usage

   

       

Validate

NLP

STUDYID CUI_01 CUI_02 CUI_03 … CUI_90

10001 0 2 0 … 3

10002 2 0 0 … 0

10003 18 0 24 … 9

10004 0 0 1 … 0

10005 11 9 13 … 16

10006 1 0 2 … 4

10007 0 0 0 … 0

10008 0 5 2 … 11

10009 24 9 14 … 19

10010 0 1 1 … 2

… … … … …

STUDYID CUI_01 CUI_02 CUI_03 … CUI_90

10001 0 2 0 … 3

10002 2 0 0 … 0

10003 18 0 24 … 9

10004 0 0 1 … 0

10005 11 9 13 … 16

10006 1 0 2 … 4

10007 0 0 0 … 0

10008 0 5 2 … 11

10009 24 9 14 … 19

10010 0 1 1 … 2

… … … … …

Assemble datasets

Write code

   

       

Create NLP

Perform QC

= Clinicians = Informaticists

Feature Engineering Burden (traditional/manual)
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Define Outcome Develop Protocol Review Charts

Develop abstraction guidelines, 

rules

= Clinicians = Informaticists = Chart abstractorsEHREHR

Train chart abstractors

Create/pilot/revise abstraction 

forms

DB

Operationalize  diagnostic 

criteria

Assess agreement (IRR)

Review charts

DB

Identify

diagnostic criteria

Gold Standard Outcome Data Burden (manual review) 

EHR EHR

EHR EHR

EHR EH
R

EHR EHR
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AFEP

SAFE

PheNorm

Yu and colleagues,  2015, 2017, 2018

Automated feature engineering – the AFEP 
approach
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Identify & Define Implement

NLP

MetaMap

Medical dictionary

Anaphylaxis

Anaphylaxis

Anaphylaxis

Anaphylaxis

Anaphylaxis (~100 to ~300)

5 clinical knowledge 

articles

Concepts found in ≥3 

articles

Optionally

remove

non-specific 

concepts

Patient charts

NLP

MetaMap

~100 to ~300 

features per patient

Features 
= counts 
of each 
concept

= Clinicians = Informaticists

Automated feature engineering – the AFEP 
approach

*  Yu S, Liao KP, Shaw SY, Gainer VS, Churchill SE, Szolovits P, Murphy SN, Kohane IS, Cai T. Toward high-throughput 
phenotyping: unbiased automated feature extraction and selection from knowledge sources. J Am Med Inform Assoc. 
2015 Sep;22(5):993-1000. doi: 10.1093/jamia/ocv034. Epub 2015 Apr 29. PMID: 25929596; PMCID: PMC4986664.
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• Algorithms (or models) to determine which patients have a particular clinical condition 
(AKA phenotype, health outcome of interest, “is a case”)

Traditional phenotype development process 

Potential 
cases

Claims 
Data

NLP 
Data

EHR 
Data

Algorithm 
(Model 

selection)

Cases

Non-
cases

Feature engineering (FE)

Gold standard 
data to train / 

iterate back to FE 
Sensitivity, PPV, …
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• Fully-automated algorithms (or models) to determine which patients have a particular 
clinical condition (AKA phenotype, health outcome of interest, “is a case”)

Computable phenotype development process 

Potential 
cases

NLP 
Data

Algorithm 
(Model 

selection)

Cases

Non-
cases

Automating phenotype algorithm development 
(“Phenotype Normalization”)

Gold standard 
data to evaluate
Sensitivity, PPV, 

…
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Challenges in data, design, & analysis

1. Creating data infrastructure (common data model, linking, sharing)

2. Establishing data sharing practices & dealing with resulting constraints

3. Ensuring data quality (completeness, accuracy) over time

4. Identifying an appropriate sequential design

• How often to do analyses? What target of inference? What signal threshold?

5. Minimizing impacts of uncontrolled research setting

• Confounding, unpredictable vaccine uptake & population composition

6. Managing site heterogeneity

• Impacts EVERY step (from data linking to analyses to interpretation)

7. Addressing fact that events are rare (limits power, increases variability)

• Requires large cohort, robust & small sample statistical methods

8. Handling distributed data constraints (no individual level data pooling)



#4 Identifying an appropriate sequential design 
(literature is vast, trial-oriented)

• Initial work in industrial quality control settings

✓ Sequential probability ratio test (SPRT): Wald 1943, Barnard 1944

✓ Cumulative sum and Shewart charts: Shewart 1931, Page 1954

• Extensive development in RCTs (1950’s to present)

✓ Idea introduced for RCTs: Armitage 1958, 1969

✓ Group sequential boundaries: Pocock 1977, O’Brien-Fleming 1979

✓ Alpha-spending: Lan-DeMets 1983, Pampallona 1995

✓ Extensions to failure-time data: Gu & Lai 1995, Tsiatis 1985

✓ Adaptive designs: Cui 1999, Posch & Bauer 1999

✓ Bayesian designs: Berry 1993, Spiegelhalter 1994, Fayers 1997

•  Recent use in observational safety studies using EHR data

✓ Generalized likelihood ratio tests: Shih & Lai 2010, Kulldorff 2011

✓ Group sequential methods: Li 2009, Cook 2012, Nelson 2012, Zhao 
2012, Stratton 2015, Cook 2015, Nelson 2016, Cook 2019, Nelson 2019

April 4, 202450



Sequential design specifications

• What target of inference? (relative risk--RR or risk difference-RD)

✓ Ho: RR=1 vs HA: RR>1

✓ Large value implies increased risk among exposed

• What monitoring frequency? (daily, weekly, monthly, quarterly)

• What statistical threshold/shape over time to indicate a signal? 
(flat-Pocock, decreasing- (O’Brien-Fleming)

• Once specified, after each new observation or group accrues…

✓ Count up AE among exposed & unexposed

✓ Compute test statistic, Z, to compare risk between groups

✓ If Z > B: stop, signal HA; else continue 

✓ If end of study and no signal, fail to reject Ho 

✓ B chosen to maintain a preset false positive (FP) error

April 4, 202451
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Sequential boundary examples

Typical efficacy trial: 

▪ Frequency:  quarterly

▪ Boundary: decreasing

▪ Test statistic: LRT, RR, RD

Vaccine Safety Datalink:

• Frequency: weekly

• Boundary: flat

• Test statistic: LRT
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#5 Minimize impact of uncontrolled setting: 
   a) Unpredictable uptake

0
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Week of Study

ALL SITES • Slow uptake implies less 
stability at early test points

• Harder to plan (align 
information time statistical 
planning with calendar time 
operational constraints) 

✓ Statistically: want 80% 
power to detect RR=2 

✓ Need N=73,000 doses

✓ Operationally: 
Stakeholders want to 
know--how long it will 
take to accrue this N?
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#5 Minimize impact of uncontrolled setting: 
  b) Unpredictable cohort

• Population (confounders) 
may change over time

• Impacts ability to adjust for 
confounding (lack of overlap 
in exposed/unexposed)

• Some standard methods 
(propensity scores) harder to 
estimate at early time points 
when exposure is rare

• Impacts sequential boundary 
plans and formulation
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#5 Minimize impact of uncontrolled setting: 
  c) Unpredictable data

• Electronic data accessed in real-time are dynamic

✓ Data can ‘arrive late’ & people (exposures/events) can disappear

• Results can vary depending on how you deal with these issues

✓ Analysis approach #1 (o+n): freeze old and add new data

✓ Analysis approach #2 (cum): cumulatively refresh all data

Adverse 

event (AE) 

outcome

Total # of 

doses
# of AEs

Expected 

# of AEs

AE rate 

per 10K
RR LLR

LLR 

Critical 

value

Fever: o+n 66,400 343 303.5 51.7 1.13 2.47 1.93

Fever: cum 68,826 335 302.5 48.7 1.11 1.69 1.85

Seizure: 

o+n
66,400 8 7.9 1.2 1.01 <0.01 1.91

Seizure: 

cum
68,826 9 8.1 1.3 1.11 0.04 1.46



#5 Minimize impact of uncontrolled setting:    
  d) Unmeasured confounding

Nove

mber 

19, 

Xu Shi

2017



Outline

• Introduce the data setting: national multi-site post-
licensure medical product safety surveillance systems

o  Vaccine Safety Datalink (CDC)

o  Sentinel Initiative (FDA)

• Provide some vaccine safety examples

• Discuss methodological challenges (& some solutions)

• Where do we go from here?
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What we’ve learned

▪ Traditional post-licensure safety surveillance methods have gaps

▪ Rapid surveillance using claims/EHR systems is now established

✓ Data and results are routinely used to guide U.S. policy (by the ACIP)

▪ Many challenges exist for sequential use of real-world EHR data

✓ Improving the accuracy of outcome identification

✓ Identifying an appropriate sequential design

✓ Minimizing impacts of uncontrolled research setting

▪ A general framework for scalable computable phenotyping and a new 
class of sequential methods have emerged to address these issues

▪ Continued success needs engaged epidemiological/biostatistical leaders

– To promote use of pre-defined, principled methods that are question-driven, 
interpretable, reproducible, & can yield accurate & actionable evidence 

▪ There are many emerging (data) & methods strategies that should be 
considered to improve the accuracy of inferences
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What we’re doing now

• Continued work with CDC & FDA on data infrastructure & applications

– Sentinel data expansion from claims to more (richer) EHR data sources  

(Innovation Center development network: KPWA, Duke, Vanderbilt, Harvard)

– Translation of new methods into practice to learn more (VSD & RSV vaccine)

• Problems we’re tackling now

– Heterogeneity in ICD coding practices across sites & over time

– Heterogeneity across sites for EHR-based outcome phenotype algorithms

– Unmeasured confounding bias in causal inference of drug/vaccine effects

– Missing data (by design) when combining claims with EHR data sources

• Methods we’re working on

– Harmonizing data across sites (& time) before doing inference/prediction

– Assessing feasibility & transportability of computable phenotyping algorithms 

(based on machine learned models that use richer EHR data + NLP features)

– Using negative controls to improve causal inference & reduce unmeasured 

confounding bias

– Evaluating/adapting missing data methods for use in distributed data settings
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