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Abstract

Objective The objective of this study is to present a data
quality assurance program for disparate data sources loa-
ded into a Common Data Model, highlight data quality
issues identified and resolutions implemented.
Background The Observational Medical Outcomes Part-
nership is conducting methodological research to develop a
system to monitor drug safety. Standard processes and
tools are needed to ensure continuous data quality across a
network of disparate databases, and to ensure that proce-
dures used to extract-transform-load (ETL) processes
maintain data integrity. Currently, there is no consensus or

The OMORP research used data from Truven Health Analytics
(formerly the Health Business of Thomson Reuters), and includes
MarketScan® Research Databases, represented with MarketScan Lab
Supplemental (MSLR, 1.2 m persons), MarketScan Medicare
Supplemental Beneficiaries (MDCR, 4.6 m persons), MarketScan
Multi-State Medicaid (MDCD, 10.8 m persons), MarketScan
Commercial Claims and Encounters (CCAE, 46.5 m persons). Data
also provided by Quintiles® Practice Research Database (formerly
General Electric’s Electronic Health Record, 11.2 m persons)
database. GE is an electronic health record database while the other
four databases contain administrative claims data.
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standard approach to evaluate the quality of the source
data, or ETL procedures.

Methods We propose a framework for a comprehensive
process to ensure data quality throughout the steps used to
process and analyze the data. The approach used to manage
data anomalies includes: (1) characterization of data
sources; (2) detection of data anomalies; (3) determining
the cause of data anomalies; and (4) remediation.
Findings Data anomalies included incomplete raw data-
set: no race or year of birth recorded. Implausible data:
year of birth exceeding current year, observation period
end date precedes start date, suspicious data frequencies
and proportions outside normal range. Examples of errors
found in the ETL process were zip codes incorrectly loa-
ded, drug quantities rounded, drug exposure length incor-

rectly calculated, and condition length incorrectly
programmed.
Conclusions Complete and reliable observational data are

difficult to obtain, data quality assurance processes need to
be continuous as data is regularly updated; consequently,
processes to assess data quality should be ongoing and
transparent.
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1 Background

Substantial research efforts are being directed toward the
development of systems to perform sequential surveillance
of observational databases for evidence of drug adverse
events [1-3]. Currently, however, there is little consensus
or guidance for researchers about quality assurance stan-
dards necessary for such a surveillance system. Some
researchers have studied data validation from the per-
spective of source record verification to confirm that the
electronic health record (EHR) is consistent with what
happened to the patient [4-9]. Others have studied vali-
dation from the quality perspective within data transfor-
mation in software lifecycle processes [10—12]. However,
there is paucity of literature that encompassed all aspects of
data quality throughout the data management continuum
[13-16].

Valuable insights can be obtained from the experiences
of the regulated healthcare industry. In clinical product
development, quality assurance is defined as “all those
planned and systematic actions that are established to
ensure that the trial is performed and the data are gener-
ated, documented (recorded), and reported in compliance
with Good Clinical Practice (GCP) and the applicable
regulatory requirement(s) [17].” “Quality control should
be applied to each stage of data handling to ensure that all
data are reliable and have been processed correctly [17].”
Although a drug outcome surveillance system will use data
that have already been collected, it is essential that quality
assurance practices are implemented throughout the pro-
cesses of data transformation and analysis, and that find-
ings related to data quality are transparently reported. Such
practices will provide greater confidence to stakeholders
about the reliability of analysis results and the utility of the
database in contributing to drug safety evidence.

The Observational Medical Outcomes Partnership
(OMORP) is a public-private partnership conducting meth-
odological research to inform the appropriate use of
observational data for active surveillance of medical out-
comes. Details about the rationale and design of OMOP
have been published elsewhere [1]. The OMOP team
conducts research across multiple, disparate, observational
databases. Five raw data sets are housed centrally and form
the core of the research laboratory. These include Mar-
ketScan® Lab Supplemental (MSLR, 1.2m persons), Mar-
ketScan® Medicare Supplemental Beneficiaries (MDCR,
4.6m persons), MarketScan® Multi-State  Medicaid
(MDCD, 10.8m persons), MarketScan® Commercial
Claims and Encounters (CCAE, 46.5m persons), and the
General Electric CentricityTM (GE, 11.2m persons) data-
base. GE is an electronic health record (EHR) database; the
other four databases contain administrative claims data.
Additional data sets containing aggregate summary data
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are housed by partner organizations in a distributed
network.

Because the credibility of research rests on the quality of
data and validation of the analyses, the OMOP research
team has devoted significant effort to developing processes
and procedures to monitor and improve data quality, and to
validate the various steps involved in preparing and ana-
lyzing the data. This paper provides an overview of those
processes and procedures, including examples of their use.

2 Data Management Continuum

The upper panel of Fig. 1 depicts a data management
continuum as it applies to an active system for monitoring
drug safety from observational data. The continuum begins
at the point of a healthcare encounter and proceeds through
the capture of raw data, transformation and mapping of the
data to a common data model (CDM), and the application
of analytic methods. Each step in the continuum is asso-
ciated with unique needs regarding data quality
management.

2.1 Data Capture

The data capture process varies with healthcare provider
and data source, and reflects activities from the point of the
patient encounter to its ultimate representation in a data-
base. Two primary sources of patient information data of
potential value for an active surveillance system are EHRs
and administrative claims. Electronic health records reflect
data captured at the point of care to support clinical care.
Administrative claims databases typically capture struc-
tured and coded data elements representing the healthcare
encounter, which providers of healthcare services (e.g.,
physicians, pharmacies, hospitals, and laboratories) submit
to receive reimbursement [18].

2.2 Transforming Data into a Common Data Model

Data quality issues can be compounded when analyses are
performed on multiple databases that have different data
capture procedures, linkage schemes, data structures, for-
mats, and coding systems. To minimize these problems but
maintain the ability to analyze multiple sources of data,
OMOP transforms all data to a common data model [19,
20]. The OMOP CDM [21] is a person-centric relational
model with domains inclusive of demographics, observa-
tion periods, drug exposure, condition occurrence, proce-
dures, visits, and clinical observations. The CDM builds on
previous data models developed to support observational
research [22-24]. The process of extracting data from one
source, transforming it if necessary and loading into a new
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Fig. 1 Data management continuum and corresponding validation procedures developed by OMOP

database structure such as the CDM is referred to as an
‘extract-transform-load’ (ETL) [25] process. ETL pro-
cesses can be complex, and significant operational issues
can occur at any point. As with any software or application
development, creating and executing ETL processes can
lead to quality issues including software bugs, lack of
documentation, portability, and insufficient or incorrect
specifications. Quality issues specific to the ETL process
can include incorrect transformation of data from one
coding system to another and incorrect derivation of cal-
culated values.

2.3 Mapping Across Terminologies

One major component of the ETL process used by OMOP
to construct the CDM was the application of a standardized
vocabulary of medical conditions. Like other aspects of the
ETL process, mapping of medical conditions to a stan-
dardized vocabulary was performed to preserve consistent
structure and semantic interoperability, and to facilitate
analyses across multiple data sources. This mapping is
becoming more important as observational data sources
become more diverse, expanding beyond US health-plan—
based administrative claims databases to EHRs, integrated
delivery systems, and international sources. The raw

databases in the OMOP network coded medical conditions
using 5 different terminologies or coding schemes: Inter-
national Classification of Diseases, Ninth Revision—Clin-
ical Modification (ICD-9-CM), Systematized
Nomenclature of Medicine-Clinical Terms (SNOMED-
CT®), Medical Dictionary for Regulatory Activities
(MedDRA®), National Health Service (NHS) Read Codes,
and Oxford Medical Information System (OXMIS). Fur-
thermore, drugs can be coded in several different systems
including the National Drug Code (NDC), Generic Product
Identifier (GPI), Multum, and Multilex drug identifiers, and
they can also be recorded as procedures using Current
Procedural Terminology (CPT-4), Healthcare Common
Procedure Coding System (HCPCS), and ICD-9 procedure
codes. MedDRA is the international medical terminology
developed under the auspices of the International Confer-
ence on Harmonization of Technical Requirements for
Registration of Pharmaceuticals for Human Use (ICH).

As part of the ETL process, the codes used in each raw
database were identified and mapped to corresponding
standard concepts adopted for the CDM. To perform this
task, the OMOP team established source-to-concept map-
pings between many of the common terminologies used to
code medical conditions, drugs, or other relevant data
domains.
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Ideally, each code (e.g., medical condition) in the raw
data source can be mapped to exactly one concept in the
target source that is exactly equivalent in meaning and
granularity (breadth). In reality, two major problems arise:
(1) some source codes may not map to any target concept
(some terminologies have a broader coverage of concepts
than others, leaving codes without an equivalent transla-
tion), and (2) the source code requires more than one target
concept (e.g., the meaning of a concept in one vocabulary
can be represented only using several concepts in another
terminology).

Ambiguous mappings that are not one-to-one transla-
tions between concepts create problems during the ETL
process. If there is no obvious equivalent target concept,
the ETL process cannot assign one resulting in data loss. If
more than one concept is required to reflect the meaning of
the source, the ETL might have to write more than one
record, creating a potential for bias or loss of information
in the distribution of target concepts. In addition, mapping
of concepts is based on the judgment of mapping special-
ists, who have to assess the meaning of source and target
concepts to determine their equivalence. If this assessment
is erroneous, a faulty mapping occurs, in which the CDM
database does not accurately represent the raw data source.

2.4 Applying Analysis Methods

A primary advantage of using a CDM across a large-scale
surveillance system is the ability to develop standardized
analysis procedures that can be systematically applied
across all participating data sources. Once an analytic
procedure is implemented, tested, and validated in one
CDM-compliant data source, the procedure should be
ready for use in all other CDM-compliant sources. Analytic
procedures are computer programs generated using soft-
ware engineering practices, including software quality
assurance. However, for some of the analytic procedures, it
is nontrivial to test whether a certain algorithm produces
the desired output because of the complexity of the algo-
rithm, its computationally intensive nature, or the fact that
the algorithm uses nondeterministic features (e.g., simula-
tion using random number generation).

3 Establishing and Maintaining Data Quality

An overarching principle of data quality management is
that the practices used to manipulate data and to manage
data quality are documented in enough detail to allow
replication. OMOP has specification documents for the
ETL process, CDM, vocabulary and vocabulary mapping,
and each analysis method. These specifications can be
found on the OMOP website. The ETL specification
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document describes steps taken to convert the raw data
source into the CDM and the processes employed to ensure
the integrity of the data conversion.

A comprehensive program of data quality management
requires validation of the various processes by which the
data are recorded, transformed, and analyzed. In medical
product manufacturing, FDA guidance defines validation
as “establishing documented evidence which provides a
high degree of assurance that a specific process will con-
sistently produce a product meeting its pre-determined
specifications and quality attributes [26].” In another
guidance document for medical products involving soft-
ware, the FDA considers software validation to be “con-
firmation by examination and provision of objective
evidence that software specifications conform to user needs
and intended uses, and that the particular requirements
implemented through software can be consistently fulfilled
[27].” In each document, emphasis is placed on fully
documented specifications and evidence confirming that
the specifications have been satisfied.

4 Validation Procedures
4.1 Source Record Verification

For the data management continuum shown in Fig. 1 and
used by OMOP, several validation procedures are pro-
posed. Source record verification is performed to determine
how well events coded in a given database reflect the actual
healthcare encounter. Verification studies attempt to eval-
uate the performance characteristics of an outcome defi-
nition, often in terms of positive predictive value (the
proportion of coded events in the database that are con-
firmed to be true upon review of the source medical record)
and sensitivity (the proportion of events confirmed from
source records that were identified from the database def-
inition). If the database consists of EHR data, it may be the
primary clinical documentation, in which case source
record verification has little meaning. Although ‘up-cod-
ing’ may have occurred (where the code for a procedure
reimbursed at a higher rate is substituted for the code of
diagnostic procedure reimbursed at a lower rate), third
party payers are well aware of this possibility and may
reimburse at a lower level.

The Clinical Practice Research Database (CPRD), a
prominent research database based on clinical data con-
tributed by UK General practitioners, has two levels of
diagnostic data level assurance. Practices that contribute
data to the CPRD need to meet certain quality standards in
capturing and recording the data which undergo extensive
validity checks by CPRD before they become part of the
network. A second approach to data quality for analysis is
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the substantial body of work that has been undertaken in
the course of research to establish the diagnostic validity of
the data for pharmacoepidemiological analysis. Earlier
research by Jick et al. and Kahn et al. [28, 29] testifies to
this. More recently, a literature review by Herrett et al. [30]
identifies 212 publications on the validations of 183 dif-
ferent diagnosis in the CPRD reporting a mean confirmed
diagnosis rate of 89 %.

The performance characteristics of data recorded in a
database for the patient’s actual status vary by the outcome
studied. Some diagnostic codes have demonstrated ade-
quate performance [5-9, 31-33], while other codes have
lower performance [25, 34-36]. However, source record
verification can be context specific, and performance
measures may vary between patient populations, across
sites of care, across data sources, and over time as medical
practice patterns evolve. Therefore, caution should be used
when attempting to generalize from past studies. For
example, many publications have described source record
verification of diagnostic codes for acute liver injury [37],
hemorrhage [38-40], acute myocardial infarction [32, 41],
and acute renal failure [42, 43], but the performance of
these codes varies considerably. It is important to reinforce
that drug safety surveillance is a secondary use of clinical
data. As such, the performance of a surveillance system
will be influenced by the data capture practices used in the
clinic (electronic data capture versus manual capture), and
by the accuracy with which the recorded data represent the
patient’s physiological state, diagnosis made and proce-
dures performed.

Source record verification requires access to person-
level information, such as patient medical records. As a
result, some data sources (e.g., large data aggregators)
considered for use in surveillance cannot readily conduct
primary source record verification as protection of personal
health information makes this extremely difficult. Fur-
thermore, primary source record verification is an extre-
mely time-consuming and resource-intensive process that
becomes increasingly challenging with the need for large
sample sizes necessary in safety evaluations across multi-
ple databases. Often, it is only the presumed positive cases
based on a single outcome definition that are verified, while
not as robust as a full source record verification that would
also identify cases not found.

4.2 Validation of ETL: Raw-CDM Summary
Comparison

There are several approaches to ensure the fidelity of the
ETL process. One is to validate each transformation pro-
cedure through a set of test cases (the classic software
validation approach). Another is to compare the resulting
data to the raw data. Since these two data sets are not

directly comparable (CDM data have undergone transfor-
mation), one solution is to compare summary statistics
about the relevant domains and their relationships. These
statistics could include the number of persons, demo-
graphic distributions, number of conditions, number of
drugs, and length of data capture over time. Since the CDM
data are represented in a standard format, the relevant
summary statistics can be generated using a standardized
tool. The same summary statistics need to be derived from
the original datasets. If the two sets of summary statistics
match, there is a high level of assurance that the data
transformation was performed correctly. Any discordance
identified through this process should be documented and
reconciled. It is important to note that this validation pro-
cess focuses only on the fidelity of the transformation and
does not provide insight about data quality issues that
originated in the raw data or occurred after transformation.

4.3 Validation of Code Mapping: Vocabulary
Assessment

Building high-quality mapping tables between terminolo-
gies is resource intensive, and because terminologies con-
stantly change, maintaining mapping tables is an ongoing
process. Mapping between 2 concepts requires the under-
standing and judgment of an expert in domains such as
medical diagnoses, drugs, and procedures. Therefore, this
measure is somewhat subjective, as many clinical terms are
ambiguous and medical practice is in constant flux.

A process for performing a rigorous review of mapping
quality involves convening a jury of domain experts, such
as medical coders, vocabulary developers, and medical
informaticists. These experts would, for example, establish
criteria for the percentage of source-to-concept mappings
that are of sufficient quality to be used in a drug surveil-
lance system. They would then analyze the quality of a
representative sample of mapped relationships to determine
if those criteria are satisfied. The quality of mapped rela-
tionships should be assessed by semantic equivalence
(confirm that 2 codes are fully synonymous with each
other); relationship precision (confirm that the differences
in concept granularity are consistently addressed); rela-
tionship accuracy (confirm that the relationships are correct
based on current clinical understanding); and interdepen-
dence of codes (confirm that relationships between con-
cepts with a given vocabulary are adequately preserved
through the mapping to a target vocabulary). Table 1
provides examples of issues in mapping.

4.4 Data Anomaly Review

The data anomaly review involves the detection of suspi-
cious and implausible data elements that warrant further
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Table 1 Vocabulary assessment—conditions

Potential for quality issues Incorrect mapping

Incomplete mapping
Semantic mismatch
Hierarchy mismatch

Quality check SNOMED vs.
ICD-9-CM vs. MedDRA

Spot checking

Comparing record numbers

Comparing whether DOI-HOI
associations can be reproduced in
selected methods

Only HOI used that have no
additional diagnostic/therapeutic
procedure, lab test, radiology test
or EKG definition

Test OMOP HOI—original
definition ICD-9-CM codes

SNOMED Systematized Nomenclature Of Medicine, ICD-9-CM
International Classification of Diseases, Ninth Revision, Clinical
Modification, MedDRA Medical Dictionary for Regulatory Activities,
OMOP Observational Medical Outcomes Partnership, HOI health
outcomes of interest

investigation. Unlike the validation procedures discussed
before, each of which correlates to a specific data pro-
gression step, a comprehensive data anomaly review can
identify issues found within the total process of data cap-
ture, ETL, and mapping processes.

Specific data quality checks that could be integrated into
a data anomaly review process have been proposed.
Notably, Hennessy et al. evaluated 4 parameters for data
integrity: (1) unexplained variation in the number of pre-
scriptions per month; (2) proportion of Medicaid pre-
scription records for which the NDC corresponded to a
record in a commercially available NDC database; (3) the
ratio of hospitalizations to population size; and (4) the
frequency of miscoding of diagnoses [44]. In addition, the
HMO Research Network, a federated data system of mul-
tiple health data sources, has conducted a series of exam-
inations of the participating data sources within its Virtual
Data Warehouse (VDW) and used several data character-
izations to assess patterns across the data network. These
include demographic summarizations, such as the propor-
tion of patients in each participating source by age and
gender; condition frequency, such as the prevalence of a
specific disease over time and within subpopulations of
interest (e.g., elderly women); data density over time, such
as number of prescriptions dispensed per month; and value
distribution, such as the range of days’ supply for each
prescription or the average blood pressure by age [45—48].
As described below, these targeted checks are incorporated
into a comprehensive assessment tool in OMOP.

The approach used by OMOP to manage data anomalies
encompasses four specific activities: (1) characterization of
data sources; (2) detection of data anomalies; (3) deter-
mination of the cause of data anomalies; and (4)
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remediation. Each of these activities should be imple-
mented to the satisfaction of both the data holder and the
central coordinating center before any analytic work
proceeds.

Characterization of each data source must be fully
transparent to capture and communicate local knowledge
of the source data to a central coordinating center, provide
context for comparing sources across the network, and
interpret results of drug safety studies. To address this
requirement, the OMOP Research Team developed the
Observational Source Characteristics Analysis Report
(OSCAR) [49], which provides a comprehensive set of
descriptive analyses of key CDM tables and fields. OSCAR
produces descriptive statistics about the overall population
in a given data source.

Another tool, complementing OSCAR, is the Natural
History Analysis (NATHAN) [50], that characterizes spe-
cific subpopulations of interest. Data summaries produced
by NATHAN can identify unusual patterns in defined
subpopulations that may not have been observed when
summarizing the overall database. OSCAR and NATHAN
produce summaries of population-level distributions and
large subpopulations, statistics that represent small sub-
populations or populations with low cell counts are not
included (e.g., those over 80 years of age); and dates are
abstracted as month and year of service to minimize con-
cerns about exchange of identifiable information.

Several different types of data anomalies may warrant
review (Table 2). Data anomalies can occur at different
levels of the data: within a data source at the individual
record level (a drug exposure record is missing a start
date); within a data source at the population level (the
number of males far exceeds the number of females);
within a data source over time (the number of laboratory
tests per person in one year is much higher than in the
previous year); and across data sources at the population
level (the prevalence of a specific drug is significantly
lower compared with other sources). Detection of data
anomalies requires comparison to other data sources, and
responsibility for detection is shared between data pro-
viders and the coordinating center.

In the OMOP environment, once data are robustly
characterized, the summaries produced by OSCAR and
NATHAN serve as a starting point for the detection of
anomalies. In order to detect potential data quality issues,
the OMOP team created a tool, Generalized Review of
OSCAR Unified Checking (GROUCH) [51], which pro-
duces a summary report for each data source warning of
implausible and suspicious data observed in the OSCAR
summary. GROUCH identifies potential issues across all
OMOP CDM tables, including potential concerns with all
drug exposures and all conditions. See Fig. 2 for GROUCH
operations. This allows for data quality review of specific
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Table 2 Types of data anomalies

Types of data anomalies Examples

Incomplete: missing values or
entire fields

Implausible: highly unlikely or
practically impossible

e A dataset does not capture ‘race’

e A dataset has no record of ‘year of birth’
e A person has a ‘year of birth’ that exceeds the current year

e A drug is recorded with an invalid concept from the standardized vocabulary

e An observation period has an end date that is before the start date

Suspicious: somewhat unlikely
and justifying a closer look in

case they reveal data issues months

e The proportion of males is significantly higher than in other sources
e The frequency of condition records in a given month is substantially lower than the prior or subsequent

e A source has many exposures to a given drug compared with other data sources

e A source does not have patients with a given procedure that all other sources have records for

GROUCH produces a summary report from
OSCAR for each concept:

CDM to be
tested

OSCAR

OSCARs of other
databases for benchmark

GROUCH detects data anomalies:

1. Concept—
existence and relative frequency of codes
compared to benchmark
* Invalid concepts
*  Concepts appear in one source, not in
others
* Prevalence in one source is statistically
different from others
2. Boundary-
suspicious or implausible values
» Dates outside range (e.g. drug end date
< drug start date)
* Implausible values (e.g. year of birth >
2010)
» Suspicious data (e.g. days supply > 180)
3. Temporal—
patterns over time
* Unstable rates over time

OSCAR = Observational Source Characteristics Analysis Report; GROUCH = Generalized
Review of OSCAR Unified Checking; CDM = common data model

Fig. 2 Data anomaly review—GROUCH

drugs or conditions (including population-level prevalence
of the health outcomes of interest and gender-stratified
rates, such as males with pregnancy and females
with prostate cancer). The full list of data quality checks
performed in GROUCH and the description of the 35 dif-
ferent types of data checks are available on the OMOP
website.

Once potential data anomalies are identified, their nature
must be determined. Anomalies identified as such could
represent legitimate data, true ‘extreme’ values (either at
the patient- or population-level, e.g., large numbers of

males in the Veterans Affairs data), or could be true data
anomalies (e.g. a date of birth in the twenty-first century).
The ETL of raw source data into the CDM could introduce
systematic errors. Table 3 provides examples of data
anomalies identified between the raw data and the CDM
and the effect these may have on the analysis. Here the goal
should be to detect ETL programming errors, identify
systematic errors in the raw data capture, and understand
and document other inconsistencies. The responsibility for
determining the cause of data anomalies resulting from the
raw data rests with the data provider, who has local domain
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Table 3 Raw CDM: A summary of comparison results

Type of inconsistency

Effect of DOI or HOI

MarketScan Databases (MSLR, MDCD, MDCR, and CCAE)
Zip codes 001-009 incorrectly loaded

Procedure drug mapping incorrect, small (%) number of extra procedure drugs

Drug quantity rounded, errors in quantity for fractions (like %2 for ointments)

GE Database (electronic health record)
Gender by age calculated based on 2008, not 2009

Drug exposure length incorrectly programmed, resulting in values deviating in

3.72 % of cases

Condition length incorrectly programmed, resulting in values deviating in a

small number of cases

No effect on HOI or DOI, no method taking geographical
region into account

No effect on DOI

No effect on DOI, no method taking drug quantity into account

No effect on methods
Small effect on DOI era length

Possibly small effect on HOI era length

MSLR MarketScan Lab Supplemental, MDCD MarketScan Multi-state Medicaid, MDCR MarketScan Medicare Supplemental Beneficiaries,
CCAE MarketScan Commercial Claims and Encounters, GE General Electric Healthcare, DOI drugs of interest, HOI health outcomes of interest

expertise and access to patient-level data to investigate
suspicious patterns. Developing remedial actions and
resolving data anomalies that result from the ETL process
are a shared responsibility. Currently, there are no auto-
mated tools to facilitate this process; therefore, the cause of
data anomalies must be determined on a case-by-case basis,
which can consume significant time and resources.

Lastly, once the cause of a data anomaly is deter-
mined, the appropriate course of action must be devel-
oped. There are 3 options for remediation of flagged
data: (1) correct them; (2) delete them; or (3) leave them
unchanged. Remediation should be context-specific, and
all remedies should be documented so that the analysis
process is fully transparent and reproducible. For exam-
ple, for corrections, the original data values, and the
amended data values should be recorded. For deletions,
the values or records being removed should be recorded.
All data modifications should be documented and
implemented thru a standardized routine and should not
be manually applied to the data. Decisions to leave data
unchanged should be accompanied by a rationale, so that
unnecessary duplication of the data quality management
process can be avoided if future checks uncover the same
issue, and so that investigators are fully aware of out-
standing data issues. After remediation, the ETL speci-
fication document should be revised to reflect the data
manipulations, the ETL code should be updated, and the
ETL process should be rerun, resulting in an improved
CDM (dataset.

4.5 Analysis Software Testing
The issues surrounding testing and validation of analytic
methods and the programming algorithms by which they

are implemented are beyond the scope of this discussion.
They have been included in Fig. 1 for completeness.
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5 Ongoing Management of Data Quality

Once a plan for data quality management is in place, val-
idation procedures need to be re-applied periodically
because the source databases and the processes that pop-
ulate them are not static, and components of the ETL
procedure may change as medical practices change. Thus,
practices used to maintain data quality should be viewed as
continuously evolving in response to changing data sources
and methods. However, not all validation steps need to be
repeated every time a database is refreshed or analyzed.
For example, source record verification should be reas-
sessed only when the data capture process has changed.
ETL validation should remain constant until the database
structure changes, and vocabulary assessment should be
repeated when vocabularies change or new codes are
introduced in the raw data. The data anomaly review
should be updated with each data refresh to determine
whether the new data are consistent with the prior
assessment.

6 Discussion

Data quality assurance procedures are necessary across the
data management continuum to ensure a reliable active
surveillance system. Establishing and maintaining data
quality for a drug safety surveillance system requires a
comprehensive approach that spans the data management
continuum. Currently, there is no consensus or standard
approach to evaluating the quality of observational
healthcare databases for drug outcome research, or for
maintaining data quality during data transformation and
analysis. We have presented a framework for a multi-
component approach designed to establish and maintain
data quality for a drug safety surveillance system and
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introduced several tools to accomplish this task. OMOP
tools and processes promote transparency and facilitate
shared understanding across the data network and central
coordinating center. ETL validation through raw-summary
comparison enables complete specification and evaluation
of decision rules. These procedures and tools allow one to
identify, diagnose and treat issues of potential concern
prior to drug safety analyses. This is a responsibility shared
with all stakeholders.

7 Conclusions

We developed this quality assurance framework as a con-
sequence of the process that we followed to prepare our
data for analysis. An area to explore for further research is
to provide a quantitative assessment of the framework
across multiple databases to assess the relative merits of
each type of data quality issue. The approach offered, along
with the data quality assessment tools employed within the
OMOP research program, can provide research teams (at a
data source or at a central coordinating center) with the
foundation for a transparent and robust process to establish
and maintain data quality.
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