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ABSTRACT
Comparative effectiveness research (CER) studies
involving multiple institutions with diverse electronic
health records (EHRs) depend on high quality data. To
ensure uniformity of data derived from different EHR
systems and implementations, the CER Hub informatics
platform developed a quality assurance (QA) process
using tools and data formats available through the CER
Hub. The QA process, implemented here in a study of
smoking cessation services in primary care, used the
‘emrAdapter’ tool programmed with a set of quality
checks to query large samples of primary care encounter
records extracted in accord with the CER Hub common
data framework. The tool, deployed to each study site,
generated error reports indicating data problems to be
fixed locally and aggregate data sharable with the
central site for quality review. Across the CER Hub
network of six health systems, data completeness and
correctness issues were prevalent in the first iteration
and were considerably improved after three iterations of
the QA process. A common issue encountered was
incomplete mapping of local EHR data values to those
defined by the common data framework. A highly
automated and distributed QA process helped to ensure
the correctness and completeness of patient care data
extracted from EHRs for a multi-institution CER study in
smoking cessation.

INTRODUCTION
Comparative effectiveness research (CER) generates
evidence on the effectiveness, benefits, and harms
of treatments, with the objective of improving
health care.1–7 The expanding use of electronic
health record (EHR) systems in care delivery opera-
tions results in substantial amounts of clinical data,
making possible the measurement and assessment
of many aspects of health care.8 9 Clinical data is
recorded in both structured (coded) and unstruc-
tured (non-coded and narrative text) fields in
EHRs, providing a rich source for understanding
details of health status, behaviors, care processes,
and outcomes. However, these data are not directly
amenable to CER analysis because of their hetero-
geneous nature, which results from variations in
clinical practice, EHR implementations, and organ-
izational priorities affecting the capture and repre-
sentation of clinical information.10 For studies
involving multiple institutions, CER requires not
only coordinated and scalable methods for extract-
ing, aggregating, and analyzing complex clinical

data, but also methods to verify that data quality is
suitable for the research task.11

The CER Hub is a web-based platform for con-
ducting multi-institutional research studies using
comprehensive EHR data. The CER Hub platform
employs informatics standards for data representa-
tion and provides tools for generating research
quality data from the entire clinical record, includ-
ing both structured (coded) and unstructured (text)
data fields. The CER Hub enables standardized
access to the entire electronic clinical record and
accommodates data processing across multiple
organizations irrespective of the EHR implementa-
tion. In this paper, we focus on quality assurance
(QA) activities performed to ensure that data
extracted from each study site’s EHR data ware-
house is reliable and effective in supporting study
needs. The work reported in this paper was over-
seen by institutional review boards from each of
the institutions involved, as part of their approval
for conducting the CER Hub smoking cessation
study.
A study using the CER Hub begins with a proto-

col describing the research questions and analysis
methods. The study protocol also specifies
the population and the data that will be used in the
analyses. A cornerstone of the CER Hub is the
proviso that source data containing protected
health information (PHI) must remain at each study
site under local governance. To satisfy this require-
ment while aggregating comprehensive and high
quality EHR data from multiple participating study
sites, software to extract data meeting study goals is
configured using collaborative tools hosted cen-
trally on the CER Hub and then distributed to the
CER Hub data providers, allowing all patient and
encounter level data to remain at each study site.
Only shareable limited datasets specific to the study
are returned to the CER Hub central site for ana-
lyses. In the case of the QA process, sharing is in
the form of aggregate statistical reports returned to
the CER Hub central site for QA assessments,
leading to feedback that creates refinements in data
extraction methods and (sometimes) study designs.

CER Hub common data framework
A key element of the CER Hub platform is use of a
common semantics and syntax for EHR data,
achieved by a series of transformation steps that we
call the common data framework. In particular,
data standardization within CER Hub is achieved
in three steps:
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1. Data are extracted directly from the EHR data warehouse into
a structure common to all data providers called the Clinical
Research Document (CRD). The CRD schema is based on a
research-centric model of the EHR as a transactional reposi-
tory for documentation of patient contacts and care delivered.

2. Field-based rules are applied to these CRD documents
(using the ‘emrAdapter’ tool described below) to normalize
field values using controlled vocabularies (see table 1).

3. Transformation rules are applied (by a second instance of
emrAdapter tool) to generate an HL7 Clinical Document

Table 1 Fields of the clinical research document schema (CRDS) which are constrained by controlled vocabularies

CRDS sections
Total number of
variables

Variables mapped to
controlled vocabularies Controlled vocabularies

Patient detail 8 Gender M=Male, F=Female, UN=Unknown or other
RacePrimary CDC defined race and ethnicity coding system adopted by HL7 and Health Information

Technology Standards Panel (HITSP) and supported by PHIN Vocabulary Access and Distribution
System (PHIN VADS).

RaceSecondary
Ethnicity

Encounter detail 6 EncounterType 1=outpatient—scheduled care, 2=outpatient—emergency department care, 3=outpatient—
urgent care/unscheduled or same day visit, 4=outpatient—ancillary, 5=outpatient—
observation, 6=inpatient, 7=lab, 8=pharmacy, 9=telephone, 10=assist, 11=e-mail, 12=other

ServiceDepartment NUCC Health Care Provider Taxonomy Code Set: v11.0, 1/1/11
Providers 3 ProviderType 1=attending physician, 2=physician trainee, 3=other

ProviderDept NUCC Health Care Provider Taxonomy Code Set: v11.0, 1/1/11
Payers 3 InsCoverage 1=Commercial/Private, 2=Veterans Affairs, 3=CHAMPUS

4=Medicare Traditional, 5=Medicare Managed Care Plan,
6=Medicaid Traditional, 7=Medicaid Managed Care Plan,
8=Managed Care HMO/pre-paid, 9=Managed Care PPO/fee-for-service, 10=Managed Care
capitated, 11=Self pay/charity, 12=Workers Compensation, 13=Other

Visit diagnosis 5 DiagCode (see DiagCodingSystem)
DiagCodingSystem ICD9CM, SNOMEDCT, Other (give name)
DiagOrder 1=primary, 2=secondary

Problems 6 ProbCode (see ProbCodingSystem)
ProbCodingSystem ICD9CM, SNOMEDCT, Other (give name)
ProblemStatus Active, inactive, chronic, intermittent, recurrent, rule out, ruled out, resolved

Medications 25 MedCode (see MedCodingSystem)
MedCodingSystem NDC, RXNORM, Other (give name)
MedEventType Order, Discontinue order, dispense, administer, medication review taking, medication review

discontinued, administrative cancellation
StrengthUnits 1=MEQ/MG, 2=MEQ/ML, 3=MG/ACTUAT, 4=MG, 5=MG/ML, 6=ML, 7=PNU/ML, 8=UNT/MG,

9=UNT/ML
DoseUnits 1=tablets, 2=capsules, 3=vials, 4=packs, 5=ML, 6=MG, 7=ACTUAT
Route FDA route of administration

NCI thesaurus OID: 2.16.840.1.113883.3.26.1.1
NCI concept code for route of administration: C38114

FreqUnits Seconds, minutes, hours, days, weeks, months
Tobacco 6 TobaccoStatus 1=current, 2=former, 3=never, 4=unknown

Tobacco Type 1=cigarettes, 2=pipes, 3=cigars, 4=smokeless, 5=unknown
SmokingPacksPerDay 0=0 packs a day(non-smoker would have this value), 1=1/2 pack a day,

2=1 pack a day,=2 packs a day, 4=3 packs a day, 5=4 packs a day, 6=5 or more packs
per day, 7=Unknown

Immunizations 5 Code (see CodingSystem)
CodingSystem CPT, RXNORM, other (give name)

Reasons 4 CodingSystem Other (give name)
Allergies 7 Code (see CodingSystem)

CodingSystem CPT, RXNORM, other (give name)
Severity High, medium, low
Status Active, prior history, no longer active

Health
maintenance
alerts

5 Code (see CodingSystem)
CodingSystem Other (give name)
ResolutionCode Done, deferred, pt refused, cancelled/NA

Procedures 5 Code (see CodingSystem)
CodingSystem CPT, SNOMEDCT, LOINC, other (give name)
Status Cancelled, held, aborted, active, completed

Referrals 8 Code (see CodingSystem)
CodingSystem CPT, SNOMEDCT, LOINC, other (give name)
Status Cancelled, held, aborted, active, completed
MedSpecialtyCode NUCC Health Care Provider Taxonomy Code Set: v11.0, 1/1/11

Progress notes 6 Code (see CodingSystem)
CodingSystem Other (give name)
NoteStatus Addendum, signed, retracted

Patient
instructions

5 Code (see CodingSystem)
CodingSystem Other (give name)
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Architecture (CDA12 13) document used in subsequent data
processing to generate study data.

Creation of CRD files
The CRD schema (CRDS) defines an encounter-based view of a
patient’s health and care (see the first step of the CER Hub
common data framework) capturing most of the transactional
data generated in the EHR for each patient contact, including
vital signs, medications, procedures ordered or performed, diag-
noses, progress notes, and after-visit summaries in XML
(eXtensible Markup Language) file format. Additional data gen-
erated by the health system between patient contacts, such as
returned lab results, medication dispenses, and delayed updates
to the patient’s problems, are captured in the same format.
Since the CRDS closely resembles how data are captured in an
EHR, it is relatively simple for CER Hub data providers to
extract encounter records in this format.

Rationale for the QA process
Large-scale, multi-institution studies using complex EHR data gen-
erate a number of data-quality concerns, primarily the validity of
the source data assembled. In a CER Hub study this is com-
pounded by the magnitude of the data that can be included. The
main issues addressed by the QA process include verification of
proper data compilation (per CRD definitions), as well as identifi-
cation of data completeness and correctness within a study site
and detection of possible data semantics discrepancies across
sites. Proper CRD generation is ensured by verifying that gen-
erated XML files satisfy the CRD schema—specifically,
required fields are always populated, repeatable fields are
populated appropriately, and empty fields are not mistakenly
created. Additional verification ensures that the appropriate
data fields (eg, medication dispense) hold valid values (eg, an
NDC code is included) and are contained in the correctly
typed encounter document (eg, pharmacy encounter, in the
case of medication dispense) when the CRD files are created.
However, because studies often involve multiple sites, identifi-
cation of inconsistencies within a study site (eg, vital signs
information found in pharmacy or telephone encounters) as
well as uniformity in data meaning across sites can also be
investigated (eg, we learned that ‘completed’ and ‘signed’ are
equivalent concepts for Progress Notes Status within our
network of study sites). Although each project’s topic area will
create a focus for detailed study-specific data quality investiga-
tions, the overall design objective is a generalizable and highly
automated QA process applicable for any CER Hub project to
identify discrepant data and assure completeness.

Using emrAdapter to generate data for the QA process
The emrAdapter tool, used in steps #2 and #3 of the CER Hub
common data framework, when programmed with QA checks
provides the mechanism for generating QA data. The
emrAdapter is a general purpose tool for traversing XML docu-
ments and selectively applying transformation rules (written in
Java) to data in each field of each document14 (http://www.
cerhub.org/web/cerhubpublic/resource-center). In order to con-
struct a single QA process available for all CER Hub studies, the
programmable interface of the emrAdapter tool was employed
to develop a set of quality checks developed centrally (called the
‘QA program’) and then run at each study site. The QA
program was designed to generate a detailed error report to
remain at sites that identified problems to be fixed locally, as
well as a summary report containing aggregate data to be shared
with the central site (figures 1 and 2). An important task accom-
plished by the QA program was to ensure that inclusion of codes
from standardized terminologies, as defined by the CER Hub
common data framework, occurred where required (figure 3). We
applied the QA process to data records at step #2 of the CER
Hub common data framework (ie, while they were still in CRD
format and not yet translated to CDA documents) because this is
where we will learn the most about data quality with the least
amount of effort.

QA process design
As noted by Kahn et al,15 the key to ensuring validity of data
quality across multiple sites is to take a comprehensive
approach. Thus the CRD field definitions, and not particular
study outcomes, drove our QA process design. Such a strategy
would not only assure the data suitable for the study at hand,
but also lead to opportunities to improve our common data
framework and implementation of it as data extraction vehicle
across the network of study sites. To test the completeness and
correctness of all fields in the CRD schema, five types of com-
putational processes were developed and used to implement a
set of quality checks: (1) frequencies, (2) missing data checks
(referred to as ‘IsNull checks’), (3) crosstabs, (4) quartile checks,
and (5) date comparison checks. The entire CRD was first
reviewed by the QA process designers, field by field, to deter-
mine appropriate quality checks to perform on each variable.
For example, the type of variable (character verses numeric)
determined whether a frequency or range check was to be
implemented. If the field was a required field, at the minimum a
missing check was implemented. If there was a need for a logical
comparison with another variable then a cross-tab was implemen-
ted (eg, checking patient gender against provider specialty to
verify the majority of patients seen by an OBGYN were female).
The definition of each type, along with examples of how specific
checks were implemented, is summarized in table 2.

Figure 1 Use of the emrAdapter tool and components of the comparative effectiveness research (CER) Hub common data framework for the
quality assurance (QA) process: reading in clinical research document (CRD) files and site defined value mapping files, converting discrete fields as
defined in the lookup tables, calculating and producing report files.
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Step #2 of the CER Hub common data framework involves
transforming data that populate discrete fields of CRD docu-
ments to values of standard vocabularies. As mentioned above, a
value-mapping process was implemented by a programmed
instance of the emrAdapter to achieve this data transformation for
each site. Each site creates and maintains lookup tables as files,
called ‘Value Set Mapping Files’, which define how site-specific
EHR values map to values of the approved standard vocabularies
of the CER Hub common data framework (figure 3). The
emrAdapter reads these mapping definition files and applies text
string replacements for all identified input values. The ‘QA report
file’, one of two files generated by the QA program, highlights all
invalid values resulting from this mapping process. These warn-
ings are produced in a file that could contain PHI, and thus are
not shared outside the local study site; instead, the local program-
mer uses them to learn details about what aspects of the data
sample are out of compliance. A second file generated by the QA
program, the ‘QA result file’, provides summary information on
results of the checks applied to the sample and is shared with the
central study site for quality improvement opportunities. The QA
Process workflow is shown in detail in figure 4.

QA process implementation
The QA process was applied in a CER Hub study that assessed
delivery of smoking cessation services in primary care of six par-
ticipating health systems. In this case, samples of 10 000
primary care encounters per year, all from the study period
January 1, 2006 to June 20, 2012, along with all associated
pharmacy and ‘Other’ encounters, were extracted and used for
QA at each site (table 3). Encounter records of type ‘Other’
include study-relevant data that are not linked to a patient visit
but are typically generated between patient visits by the health
system (eg, a problem list update generated sometime after the
visit). Multiple rounds of the QA process were implemented to
cover the entire time period in question and to allow for quality
improvement intervention. The first round was restricted to
January 1, 2006 to December 31, 2010; by the second round
the remaining files from January 1, 2011 to June 30, 2012 had
been reviewed; and a final round encompassed the entire study
period of January 1, 2006 to June 30, 2012. For each round, a
random sampling strategy was used to ensure the capture of
encounters representative of data needs specified by the study
protocol. It is worth noting that the iterative nature of

Figure 3 Field value mapping process: text string matches are used to identify if the original value entry is present in the look up table, if so, then
the assigned value from the look up table is used when creating the output file (1). If the original entry does not match any of the values in the
lookup table, no replacements occur (2).

Figure 2 Example of a segment from a clinical research document file with associated samples of each report type produced during the quality
assurance process. Summary statistics vary by computational process depending on objective. Beyond frequencies of the variable’s values reviewed,
counts indicating breadth (total number of files variable populated, ‘filesset’) and trend (count of variable populated, encompassing repeating fields,
‘set’) are produced.
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identifying and correcting data in this process requires a strong
collaborative relationship between members of the study sites
and the CER Hub QA staff.15

RESULTS
For the smoking cessation study reported here, a total of 155
logic checks were created and deployed in three rounds of the
QA process (tables 2 and 3). Staff at the CER Hub central site
reviewed result files generated by the QA program on each
round of the QA process. Summary reports were generated by
these staff and returned to each study site, including results
from each quality check as well as an outline summarizing all
data concerns for the study site meeting the needs of the overall
study (see figure 4 for workflow of the QA process). Over three
rounds of applying the process, the rates of successful quality
checks increased from a starting point of 70–83% across sites to
100% correct for all study sites (table 3). The Date Comparison
check type was the most successful, with a pass rate of 100%
across all six study sites in its first deployment, which occurred

in round 2 (see table 3). First-round summary reports indicated
that half of the study sites had the EncounterType variable cor-
rectly populated 0–51% of the time. However, by the second
round, all EncounterType values were verified correct. The
problem with EncounterType demonstrates one example of the
most common quality issue identified: incorrect or incomplete
mapping of local EHR data values to the approved (controlled)
values defined by the CER Hub common data framework.
Overall, the quality check success rate for these prescribed map-
pings was 48–68% in round 1, but improved to 100% correct
by the end of round 3.

DISCUSSION
The CER Hub QA process relies on distributed use of a
common data framework enabling automation to be deployed
across sites to efficiently apply quality checks to records, and
fields within records, to uncover data inconsistencies in large
samples of data records. We found that large scale, multi-
institution comparisons made possible by automation can

Figure 4 Quality assurance (QA) process workflow.

Table 2 Descriptions of quality checks designed and programmed for the quality assurance process

Type
Number
implemented Description Example of use as quality check

Frequency 45 Counts (and percent of total) of values appearing for a given variable ▸ To determine if the distributions of discrete fields, like
encounter types, gender, or insurance coverage, were as
expected

▸ Verified all coded entries were mapped correctly in accord
with Value Set Mapping Files

IsNull 35 Missing check, which produced a count and percent of the number
of times a null entry was found for a given variable

▸ Helped to determine if a site had not populated any
required fields, like Date of Birth or Encounter ID

▸ Highlighted which sites populated the optional data
fields, that is, Immunization data

Crosstabs 39 Crosstabs compared values of two variables and counted associated
pairs of values found in the data

Utilized to determine logic concerns, that is:
▸ Department compared to gender would identify men

visiting obstetricians or
▸ Determine how many times the Referral Start Date was

populated when Referral End Date was not or vice versa
DateCompare 6 This check depended on a predefined inequality expression between

two date fields and produced count and percent of entries that satisfied
the comparison

Most checks of this type were verifying end dates did not
occur before start dates, that is:
▸ Insurance Start Date≤Insurance End Date or
▸ Encounter Start Date≤Death Date

Quartiles 30 Count and percent of continuous variables by quartiles of a predefined
acceptable interval or identified a value as out of range

▸ Vital signs data: height, pulse, systolic BP, etc.
▸ Spirometry data: pre Fev1Fvc, post Fev1Fvc, peak flow, etc.
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sometimes reveal otherwise hidden inconsistencies in the data. To
elaborate on one example from our study, when the ‘Secondary
Race’ patient demographic variable was mapped to its acceptable
standardized values, an incorrect mapping to patient race of
‘Other’ became evident by the distribution of its occurrence
across study sites (frequency ranged from 0.29% to 99.65%).
Further investigation revealed that three of the six sites were col-
lapsing ‘Unknown’ secondary race into ‘Other’, which was incor-
rect because ‘Other’ is sometimes what is in fact collected from
patients. Once fixed, the value ‘Other’ for ‘Secondary Race’
appeared less than 1% of the time across all participating sites.

Ensuring quality in data derived from EHRs for multi-
institution CER is a challenge faced by multiple informatics plat-
forms for research that have been developed over the last
decade (eg, i2b2/SHRINE,16 SHARPn,17 and 11 large American
Recovery and Reinvestment Act of 2009 (ARRA) investments in
clinical infrastructure for CER recently funded by the Agency
for Health Care Research and Quality18). Sittig et al19 compare
and contrast six such platforms, including CER Hub, but do not
include the specifics of data QA methods in their review. Table 4
provides a brief overview of the six projects that they surveyed.
Califf20 describes the new PCORNet, which aims to be a
‘network of networks’, and includes 11 different clinical data
research networks based on a multitude of informatics platforms
for aggregating research data across institutions for CER.
Holmes et al21 provide a comprehensive literature review of

distributed research networks that utilize multi-institution elec-
tronic clinical data for research, although their topical focus was
primarily policy and data governance issues of the networks,
more than the informatics platforms utilized by the networks.
One large difference between the CER Hub and some other plat-
forms with more substantial infrastructure investments (eg,
Mini-Sentinel and the Vaccine Safety Datalink) is that CER Hub
does not maintain a study-independent data warehouse that is
curated to improve data quality in advance of study needs.
Instead, methods for transforming data to improve quality are
developed study by study, and then applied as a composite trans-
form in generation of study-specific datasets.

Kahn et al15 identify the following general methods (types of
rules) for assessing data quality within informatics platforms
that use EHR data for multi-institution research. They say
that rule types to implement QA should ideally provide: (1)
validation of values in individual fields, (2) validation of rela-
tionships between data entities (including fields, records, data-
sets), (3) validation of time represented by data entities, (4)
life-cycle validation for objects referred to by data (eg, coher-
ence in starts and stops on clinical orders), and (5) validation of
other (non-time) properties of real-world objects referred to
by data (eg, any aggregate value should equal the sum of the
component or atomic level values).

The CER Hub QA process currently addresses some but not
all aspects of the Kahn et al framework. In particular, the QA

Table 3 Number of clinical research document files processed for each round of quality assurance (QA) by Encounter type

Site 1 Site 2 Site 3 Site 4 Site 5 Site 6
Electronic health record GE centricity Health connect/Epic Health connect/Epic Health connect/Epic Epic VISTA

Total files reviewed 84 359 952 919 313 844 374 818 326 637 338 239
Round 1
Files reviewed 28 549 196 062 121 347 128 487 115 046 131 400

Outpatient 9888 50 000 50 000 50 000 50 000 50 000
Outpatient—ancillary – – – – 7449 –

Pharmacy 6873 26 804 51 165 7964 – 37 227
Other 11 788 119 258 20 181 70 523 57 597 44 173

Checks passed (n=145) 70% 73% 83% 77% 72% 83%
Frequency (n=44) 55% 50% 52% 48% 48% 68%
Quartiles (n=30) 77% 53% 87% 70% 67% 70%
IsNull (n=35) 51% 91% 100% 94% 77% 97%

Crosstabs (n=36) 100% 100% 100% 100% 100% 100%
Round 2
Files reviewed 12 380 60 406 35 475 42 080 56 238 38 386

Outpatient 3100 15 000 15 000 15 000 15 000 15 000
Outpatient—ancillary – – – – 10 944 –

Pharmacy 3668 7310 14 458 2046 – 10 461
Other 5612 38 096 6015 25 034 30 294 12 925

Checks passed (n=155) 90% 91% 90% 90% 88% 97%
Frequency (n=45) 82% 84% 80% 78% 82% 91%
Quartiles (n=30) 77% 83% 80% 83% 83% 97%
IsNull (n=35) 100% 94% 100% 100% 86% 100%
Crosstabs (n=39) 100% 100% 97% 100% 100% 100%
Date compare (n=6) 100% 100% 100% 100% 100% 100%

Round 3*
Files reviewed 43 400 696 451 157 022 204 251 155 353 168 453

Outpatient 14 456 65 000 65 000 65 000 65 000 65 000
Outpatient—ancillary – – – – 11 966 –

Pharmacy 11 471 58 124 65 714 39 158 – 46 455
Other 17 473 573 327 26 299 100 093 78 387 56 998

*All checks passed after the third round of QA.
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process quality checks reported here addressed their type 1
(providing validation of field values) and type 2 rules (providing
validation among data objects generally), and some aspects of
type 3 rules (providing some validation of time-based events
represented by data entities). However, because our QA
program focuses on the encounter record as unit of analysis, we
currently have very little capacity to implement type 4 and 5
rules as defined in the Kahn et al framework. These deviations
from their framework give us new directions to consider for
improving our QA process.

CONCLUSION
As part of the CER Hub informatics platform for conducting
studies using multi-institution EHR data, we developed a general
QA process that can be used to monitor and ensure data quality.
The QA process employs a QA program that is developed cen-
trally, then distributed to participating CER Hub data providers.
This design ensures that sensitive EHR data remain local and
assists the local programmer in improving the quality of data
extracted for a CER Hub study. The QA program also produces
an aggregate report shared with the CER Hub central site that
provides capabilities to verify data quality, ensure data complete-
ness, enable quality improvement, and inform study design.
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Table 4 Six large-scale projects implementing informatics platforms for comparative effectiveness research (CER), as surveyed by Sittig et al19

Project name Project description

The Comparative Effectiveness Research Hub (CER Hub) A web-based platform for implementing multi-institutional studies using the MediClass system for
processing comprehensive electronic medical records, including both coded and free-text data
elements

Washington Heights/Inwood Informatics Infrastructure for Comparative
Effectiveness Research (WICER)

Creating infrastructure to facilitate patient-centered, comprehensive analysis of populations in
New York City, NY by leveraging data from existing EHRs, and combining data from institutions
representing various health care processes

Scalable PArtnering Network for Comparative Effectiveness Research:
Across Lifespan, Conditions, and Settings (SPAN)

Uses its Virtual Data Warehouse (VDW) to provide a standardized, federated data system across
11 partners spread out across the nation

The Partners Research Patient Data Registry (RPDR) An enterprise data warehouse combined with a multi-faceted user interface (i2b2) that enables
clinical research and CER across Partners Healthcare in Boston, MA

The Indiana Network for Patient Care (INPC) Comparative Effectiveness
Research Trial of Alzheimer’s Disease Drugs (COMET-AD)

Started in 1994 as an experiment in community-wide health information exchange serving five
major hospitals in Indianapolis, IN. Using data from hospitals and payers statewide to monitor
various health care processes and outcomes

The Surgical Care Outcomes Assessment Program Comparative
Effectiveness Research Translation Network (SCOAP-CERTN)

Assessing how well an existing statewide quality assurance and quality improvement registry (ie,
the Surgical Care Outcomes Assessment Program) can be leveraged to perform CER
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