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Outline
 Need for multisite studies and distributed networks
 FDA Sentinel project as worked example
 Q&A
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Summary
 Advanced analytics need stable, well curated, and 
well characterized data

 Creating and maintaining stable, well curated, and 
well characterized data is hard and expensive

 Applying work across institutions makes it even 
harder

 But it can be done
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Kaplan–Meier Estimates of the Cumulative Incidence of Confirmed Serious 
Thrombotic Events.

Bresalier RS, et al. N Engl J Med. 2005 Mar 17;352(11):1092-102. 
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We could have known earlier
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We could have known earlier
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Conclusions: Prospective, periodic evaluation of 
routinely collected data can provide population-based 
estimates of medication-related adverse event rates to 
support routine, timely post-marketing surveillance for 

selected ADEs.

We could have known earlier
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FDA Sentinel System: Background
 2007: FDA Amendments Act

• A mandate to create an active surveillance system
• Access data from 25 million individuals by July 2010
• Access data from 100 million individuals by July 2012

 2008: FDA launched the Sentinel Initiative
 2009: Mini‐Sentinel funded under Sentinel Initiative
 2010: PRISM incorporated into Mini‐Sentinel
 2014: Funding awarded for Sentinel System
 Operates under FDA’s public health authority



Jeff_Brown@harvardpilgrim.org 11
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Sentinel as a distributed data network
 Rare exposures
 Rare outcomes
 Sample size (speed)
 Sub‐group analyses
 Analytic flexibility
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What is a distributed data network?

Coordinating Center

These institutions have no interest in sharing data with each other
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Coordinating Center

Send question to the data

What is a distributed data network?

These institutions have no interest in sharing data with each other
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Coordinating Center

Return answers (not data)

What is a distributed data network?

These institutions have no interest in sharing data with each other
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• Data sits behind data partner’s firewall
• Data remains under local control
• Only minimally necessary info is shared in a given 
analysis

• Preserve patient privacy & institutional proprietary 
interests

• Enables rapid creation of multiple networks that 
leverage the architecture

• Avoids complex contracting and institutional 
agreements

Characteristics of distributed networks



Jeff_Brown@harvardpilgrim.org 17

Data networks have different goals
 Exchange of patient data for patient care 
at the point of care 
 Public health surveillance
 Research
 Clinical trial planning and enrollment

Keep in mind: These goals have different 
data quality requirements
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Data networks introduce complexity

 Data access approach
 Data standardization 
 Data quality
 Query standardization
 Governance and policy
 Privacy and security
 Trust
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FDA Sentinel’s charge
Assess the use, safety, and effectiveness of regulated 
medical products by using electronic healthcare data 
plus other resources 
Create data, informatics, and methodologic capabilities 
to support these activities

Qucikly!
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Institute for 
Health

Lead – HPHC Institute

Data and
scientific 
partners

Scientific 
partners

Sentinel partner organizations
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Sentinel distributed database*
 Populations with well‐defined person‐time for which 
most medically‐attended events are known

 425 million person‐years of observation time
 43 million people currently accruing new data
 5.9 billion pharmacy dispensings
 7.2 billion unique medical encounters
 42 million people with at least one laboratory test 
result

https://www.sentinelinitiative.org/sentinel/snapshot‐database‐statistics

*   As of January 2017
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Sentinel Common Data

Inpatient Transfusion
Person ID

Administration start and end 
date and time

Encounter ID

Transfusion administration ID

Transfusion product code

Blood Type

Etc.

Inpatient

Medical Encounters
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Data Validation within Research Networks: 

From Ad Hoc Practice to System Practice
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Study‐specific versus network data 
validation approaches

Study Network

“As needed / as you go” “Always Ready / Semper Paratus”

Burden on study team Burden on quality assurance team

Ad hoc Repeatable, Systematic, Learning

Cost is included in the cost of a study  Cost of 0 studies = cost of 1000+ 
studies

Variable amount of data cleaning 1400+ checks to pass a site’s QA

Sentinel quality assurance avoids the costs and delays of having 
individual projects devote significant resources to data investigation 
and cleaning
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Data quality assurance process
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Every Data Partner transforms their data into 
the Sentinel Common Data Model

Unique Data 
Partner’s Source 

Database Structure

Data Partner’s 
Database 

Transformed into 
SCDM Format

(DP ETL)

Transformation Program
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The data validation process
Send a standard 
QA checking 

program to check 
DP’s ETL in 
waiting 

QA Program

Compliance Checks 
Level 1: Completeness, 
validity, accuracy
Level 2: Cross-variable 
and cross-table integrity

Judgment Call Checks
Level 3: Trends: consistency
Level 4: Logical: plausibility, 
convergence
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What do the checks look like

Standardized check codes
Check code: Table, Level, Variable Number, and Check Number
Check code “DEM1.3.2” denotes the second level 1 check performed 
on the variable SEX in the Demographic table
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Recall: We have a dynamic database –
new refreshes overwrite old data

Data Partner’s 
Database 

Transformed into 
SCDM Format

Transformation Program

Data Delivery 1

Timeframe of Data 
Available in 
Database 1/1/2000 1/1/2016

Unique Data 
Partner Source 

Database Structure

Transformation Program

Data Delivery 2

1/1/2000 4/1/2016
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Why check after every refresh?
 Analytic tools depend on data model 
compliance
 Underlying data sources are dynamic
 Identify changes in trends, others issues or 
difference across sites
 Ongoing studies expect consistency in data 
refreshes

Communicate data validity findings with stakeholders
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Visits per month, 2 refreshes

Brown JS, Kahn M, Toh S. Data quality assessment for comparative effectiveness research in distributed data 
networks. Med Care 2013 Aug;51(8 Suppl 3):S22-9.
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Why check after every refresh?
 Analytic tools depend on data model 
compliance
 Underlying data sources are dynamic
 Identify changes in trends, others issues or 
difference across sites
 Ongoing studies expect consistency in data 
refreshes

Communicate data validity findings with stakeholders

Your really cool analytics won’t 
work within your site, and 

especially across sites, unless the 
data are stable and well curated
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Admission and discharge date

• Problem with distribution of ADate (e.g., records per year) 
within the ETL

• Problem with distribution of ADate (e.g., records per year‐
month) within the ETL

• Problem with distribution of ADate across ETLs
• Significant change in records per ADate (year) across ETLs
• Significant change in records per ADate (year‐month) across ETLs
• Problem with distribution of DDate variable by encounter type 

per year‐month
• Problem with distribution of length of stay (DDate‐ADate + 1) by 

encounter type per year

Check distributions and patterns for significant changes 
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Data visualization: After 7th refresh, partner A
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New time period

New data problem in old time period

Data visualization: After 8th refresh, partner A
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Data visualization: After 8th refresh, fixed
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Consistency checks

Incorrect Data Load Reclassification of Encounter Type 
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Review identifies an anomaly

Partner acquires new 
health plan: New 
population added 
retroactively.
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Platelet count units of measure across Sentinel

Raebel MA, Haynes K, Woodworth TS, Saylor G, Cavagnaro E, Coughlin KO, Curtis LH, Weiner MG, Archdeacon P, and Brown JS. 
Electronic Clinical Laboratory Test Results Data Tables: Lessons from Mini-Sentinel. Pharmacoepidemiol Drug Saf. 2014 
Feb;23(6):609-18. 
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Observed result units for HbA1c across Sentinel

Raebel MA, Haynes K, Woodworth TS, Saylor G, Cavagnaro E, Coughlin KO, Curtis LH, Weiner MG, Archdeacon P, and Brown JS. 
Electronic Clinical Laboratory Test Results Data Tables: Lessons from Mini-Sentinel. Pharmacoepidemiol Drug Saf. 2014 
Feb;23(6):609-18. 
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Examples of 
variations in 
qualitative 
pregnancy result 
units in source data 
across Sentinel 

(I removed some 
rows…)

.
820
840
1615
ABNORMAL
BOARDERL
BODERLIN
CANCELLE
DUPLICAT
EQIVOCAL
EQUIVOCA
NE‐CHECK
NEAGTIVE
NEG (‐)
NEGA
NEGA T I
NEGA TIV
NEGAT IV
NEGATAIV
NEGATIAV
NEGATIBE
NEGATIE
NEGATRIV

NEGATTVE
NEGATVIE
NEGAVTIV
NEGITIVE
NEGTIVE
NETGATIV
NORM
NORMAL
POA
POPSITIV
POSIITIV
POSITIFV
POSITTVE
POSITVE
POSOTIVE
POSTIVE
PSOITIVE
REPEAT
STAT
URINE

NEGATIVE
POSITIVE
UNDETERMINED
BORDERLINE
BORDERLI
252.3
278
28
3178.2
5    Int
DETECTED
INDETERM
N
NOT DETE
Neg
Negative
Negatvie
P
Positive
SPRCS
TNP
N
Neg
Negative
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Standardizing clinical lab data
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Data validation statistics
 Annually, the data quality assurance (QA) team reviews 
for over 50 data deliveries across the network

 Since 1/1/2016, a site has had to re‐run the QA package 
in 16 instances to fix an issue

 In recent data deliveries from the 5 largest sites, 25 
checks were reported in QA that required follow‐up 
from the DP
• 22 of the 25 were Level 3 checks
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Distributed Querying Framework
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Analytic Data Set

DataMart Client (DMC)DataMart Admin
Review and Run Query

Data Partner NInvestigator/Coordinating Center

DP #1

DP #N Results

CDM v.X.Y
Menu‐Driven 
Query

Transfer Request & Response 
Between Requestor & Data 
Partner(s)

Distribute Request to 
Data Partners

*DP = Data Partner

Investigator / Analyst 
Downloads Request 
Responses from Each 
Data Partner

Data Aggregation 
and analysis

DP #1 Results

Distributed querying
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Rapid analysis querying sequence

Follow‐up
(PEPR)

Follow‐up
(PEPR)

Compare 
event 
rates

(Level 2)

Compare 
event 
rates

(Level 2)

Complex 
counts
(Level 1)

Complex 
counts
(Level 1)

Simple 
counts

(Summary 
tables)

Simple 
counts

(Summary 
tables)

Determine 
use and 
frequency

Identify/ 
describe 
population

Comparative 
assessment

New queries; 
Line Lists; 

Chart Review

Descriptive Inference
Inference or 
Follow‐up

Increasing complexity and time
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Every query includes detailed data 
quality assurance steps and output
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Guillain Barre Syndrome in Pregnancy?

http://www.unilim.fr/neurolim/Images/GuillainBarre01.jpg
48
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There’s more than one kind of GBS

http://www.unilim.fr/neurolim/Images/GuillainBarre01.jpg
http://www.syracusemedicalmalpracticelawyerblog.com/2011/03/new-york-group-b-strep-infecti.html

Guillain Barre – GBS Group B Streptococcus – GBS

49
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doveryai, no proveryai

Use the data, but be humble

The right data
The right study design

The right method
The right implementation

And always include sensitivity analysis

(Trust, but verify)
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Thank You


