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Abstract The increased availability of digital data from elec-
tronic health records (EHR) systems has created heightened
interest in their use in pharmacoepidemiology. Sources of
such data have been somewhat restrictive and not generally
accessible to scientists because of institutional policies. How-
ever, these data-access restrictions appear to be diminishing.
The recent thrust by the Institute of Medicine and other policy-
influencing groups to establish learning health systems has
argued for broader use of digital data from health systems for
the growing needs of researchers who seek out best evidence
in health care. Pharmacoepidemiologists are especially well
poised to contribute to this new era because of their long-
standing use of digital data in their research. While EHR data
will increase in terms of volume, it is important for investiga-
tors to spend time understanding the data, including verifying
format and quality. Unlike claims data that often follow a
standard format, EHR data, particularly from disparate health
systems such as contained in health information exchanges,
often vary in terms of completeness, format, and quality. It is
therefore helpful for investigators to work closely with
individuals who are tuned into each data source being
considered for research. EHR data are at the core of the
exciting new thrust to analyze big healthcare data for
pharmacoepidemiology.
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Introduction

Data from electronic health records (EHRs) are ubiquitous and
increasingly used for research in clinical epidemiology, par-
ticularly pharmacoepidemiology. A distinction can be made
between an EHR and an EMR (or electronic medical record),
although these terms are often used interchangeably. The
EMR is basically a practice-based digital medical record with
data that often does not transfer out of the practice very well.
In contrast, an EHR contains data external to the practice’s
medical record per se, such as data from external laboratories
or patient portals, and can be shared beyond the practice site
[1]. Recent estimates indicate that nine out of ten health
systems have adopted an EHR, although only a third of these
systems meet the basic criteria for the Centers for Medicare
and Medicaid Services meaningful use Stage 1 requirements
[2] that include electronic ordering of prescriptions [3]. How-
ever, while capturing physician order data may not be avail-
able for research, access to dispensing data often is. Pharmacy
departments have been early adopters of computerization,
largely because maintaining prescription dispensing records
with paper prescriptions is especially onerous. Therefore, even
these basic systems collect large digital repositories of pre-
scription data useful for pharmacoepidemiology and
pharmacovigilance. More advanced systems are now being
tapped for participation in major efforts in the US to use
electronic health records and administrative data, including
shared networks, for pharmacoepidemiology, such as the
Food and Drug Administration’s Mini-Sentinel network [4].
There have been several recent reviews of the application
of the methods of pharmacoepidemiology using data from
EHRs [5-7]. Often missing from these reports is the perspec-
tive of the stewards of these digital repositories from institu-
tional EHRs and health information exchanges that incorpo-
rate data from multiple institutions [8]. Understanding this
perspective is important in study design, for assessing data
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limitations, and to ensure accurate interpretation of data from
electronic data sources; that is, translating data into useful
information. As such, the purpose of this report is to describe
important considerations in the use of EHR data for research
from the perspective of the stewards of one of the oldest
longitudinal electronic medical record systems: namely, the
Regenstrief Institute.

Digital Data: From a Small Clinic to a Health Information
Exchange

Regenstrief Institute began working with electronic healthcare
data in 1972 with the creation of the Regenstrief Medical
Record System [9]. The system was first established by Dr
Clement McDonald in a medicine subspecialty clinic serving
patients with diabetes at Wishard Health Services in Indianap-
olis, Indiana, USA. Other clinics were progressively added
along with Wishard’s hospital and emergency department.
The structure of the system was modular with registration
and scheduling, appointments, laboratory, pharmacy, and pro-
cedure modules that fed a central archival database that could
be queried using a cryptic retrieval language called CARE.
This archival database was the source of data for early projects
by a number of renowned clinical epidemiologists including
Drs Robert Dittus (Vanderbilt University), Bruce Psaty
(Washington University), and William Tierney (Indiana Uni-
versity), who often wrote their own CARE programs to extract
data from the database. As demand for the clinical data grew, a
group of data managers emerged to satisfy researcher demand
and to serve the quality improvement needs of Wishard [10].

Other healthcare institutions throughout Indianapolis
established EHRs through the 1990s. It became apparent that
there were opportunities to share patient data for patients who
received care at multiple facilities and by doing so eliminate
the costs of duplicate care and assessments such as multiple
expensive radiology scans. To address this need, the India-
napolis Network for Patient Care was established in 1995 as a
federation of data repositories wherein each healthcare insti-
tution throughout Indianapolis retained ownership of its data
but shared them as needed to support care [11]. Over time, a
growing number of other facilities throughout the state of
Indiana participated and in 2004 the Indiana Network for
Patient Care (INPC) was established to provide clinical data
services for its members whose data were contained in the
Indiana Health Information Exchange (www.ihie.org). The
exchange currently houses a centralized database that
contains digital data from more than 100 healthcare systems
throughout Indiana. Regenstrief Institute oversees a derivative
copy of this database (INPC-R) that serves the needs of quality
improvement and research. This database contains medical
record data for 14.7 million unique patients but data vary
considerably in their density. Notably, patients in facilities

more recently added to the INPC have fewer data available
and even the types of data exchanged may vary. Collectively,
however, there are 34.1 million registration events, 4.7 billion
clinical observations, 776 million claims including prescrip-
tions, and 136.8 million text reports.

The Regenstrief Institute Data Core

Because of the growing data needs of researchers, a data core
was established at Regenstrief Institute that currently has 13
Masters and PhD-level analysts. In any given week, there are
50-60 ongoing research projects involving data extracted
from the INPC-R. A key advantage of this group of analysts
is that they have an understanding of how EHR data move
from the clinical arena into the INPC-R from their routine
work with health system physicians and staff. Another advan-
tage is that the analysts work as a team and share solutions to
problems and other experiences while serving the needs of
researchers.

Data from Electronic Health Records (EHRs)

Table 1 compares various data types found in the electronic
health data contained in the INPC-R and in administrative
claims data. EHR data are rich but have greater variability in
availability among data types. Unlike claims data, which
follow a common structure, much of the data from the EHR
is found in clinical notes and extracted using natural language
processing (NLP) and only then may be transformed into
structured or coded variables. A major gap for
pharmacoepidemiologists is that symptom, side effect and
adverse drug event data are predominantly found in these
clinical notes. Depending on the data source, prescription data
may be more complete for claims data than EHR data. For
example, claims are the payment schema between healthcare
providers and insurers so prescription claims are available
across providers and disparate healthcare systems. However,
a single health system’s EMR may include data from only that
particular system. This problem can be resolved with health
information exchanges that incorporate data from health sys-
tems and insurer claims. Alternatively, a health system’s EMR
may contain information about drug product samples, over-
the-counter (OTC) drugs, and dietary supplements used by
patients that would not be found in claims data.

Each new project using data from EHR systems constitutes
a new adventure. The reason for this is that each project
requires operational definitions for dependent variables and
covariates. Digital definitions of diseases (phenotypes) may
vary. For example, definitions for diabetes mellitus vary using
ICD9 codes, laboratory data, prescription records, or all of the
above [12]. When only administrative data are available, the
investigator may be limited to using only diagnostic codes and
drug dispensing data. Data from the EHR may extend the
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Table 1 Data types and characteristics in the Indiana Network for Patient Care Research (INPC-R) electronic data repository compared with

administrative claims

Data element

Present in INPC-R
(Y/N/T/V)

Structured data
(Y/N)

Present in claims

(Y/N)

Age and gender

Race and ethnicity
Height and weight

Vital signs

Insurance types
Disability

Physical activity™*

Death

Family history

Allergy history
Socioeconomic status
Behavioral history
Cognitive scores
Smoking status

Alcohol

Symptoms and side effects
Diagnoses

Ambulatory visits
Emergency department visits
Inpatient visits

Length of stay
Laboratory results
Microbiology results
Pathology results
Prescription orders
Prescriptions dispensed
National Drug Codes (NDCs)
Vaccines

Procedures

OTC/dietary supplements
Echocardiology data
NYHA™
Electrocardiogram results
Stress test data
Electroencephalogram results
Bone density

Tumor registry data
Cancer staging

Genetic Biomarkers
Pricing data

Inpatient costs
Ambulatory costs
Procedure costs

L <CLCLCEHRAHKHEKAHK AR AHKHAKZK A AAIKICIHR AR AKIEAR IR A ZLC<C<AHZAAAAKZZKLS <SS

KK ZHRK KR KA K ARZZZAHA K AR KRR KRR KA ARZZ AR ZZRZRZZARARAAEA

N KKK ZZ2Z2Z2Z2Z2Z2ZZ2ZZZZAKZAKRKAKZZZAKARKAKAKAKZ2ZZ2ZZZZZARKZZKZZAKKXK

N no, OTC over-the-counter drugs, T primarily found in clinical notes, V" variable in that data are available only for some health care systems, Y yes

*Data on physical activity is generally absent from structured and claims data but appears in some datasets such as the CMS Nursing Home Minimum

Data Set

**New York Heart Association classification
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digital definition to include laboratory data such as hemoglo-
bin Alc and blood glucose results.

Pharmacoepidemiology Using EHR Data

Figure 1 shows a typical pathway of issues that an investigator
needs to tread in project planning. For any given research
question or problem, the investigator decides the best study
design and then determines what data elements from an EHR
are needed and which EHR data source contains those data.
Communication with the data stewards for the EHR is an
important step in assessing the validity, reliability, and com-
pleteness of the data [4, 13]. If the preferred EHR data source
appears inaccessible, partnering with investigators from the
data source may improve data access. Part of the assessment
process involves determining whether the EHR data accom-
modate the preferred research design and whether the data are
affordable. Most data sources must pay for the data managers
who extract system data for research even in nonprofit orga-
nizations. On analysis it again helps to have access to team
members at the level of the data source or the data stewards to
clarify what is likely to be several questions about the data,
and these individuals will likely be able to assist with the
interpretation of the results.

It helps considerably if the investigators have at least a
minimal understanding of the data they are receiving for
analysis. Data provenance (ownership and historical course
of data) is available for data within the INPC-R but may be
lost with the deidentification process unless the Institutional
Review Board (IRB) permits the data core to retain a copy of
the data set complete with identifiers and the source of data.

Fig. 1 A Pathway ofissues when
considering data for research from
an electronic health record (EHR)

system (

Analyze data

Purchase data

(

Are the data

affordable? ~ . _

(

Can | use a valid
research design?

Yes

Do | have
access?

-

This process is particularly important for projects using data
from a multisource health information exchange. Similar data
elements may appear to measure the same variable but could
have a different dictionary term name or code [14]. Data
mapping on the front end of the project can reduce the confu-
sion around variable creation but sometimes the project re-
quires verification of a variable at analysis, including prove-
nance. Given the potential for data variability across systems,
it is advisable to include the data source/health system as a
stratification variable.

Each data use instance requires a specific data extraction,
transformation, and loading (ETL) routine. For example, the
work necessary to create an Informatics for Integrating Biol-
ogy and the Bedside (12B2) [15] instance differs significantly
from that creating an Observational Medical Outcomes Part-
nership common data model. The time and attention of soft-
ware engineers and programmers and other resources to create
various databases is important. Coded or structured data from
EHRs is easiest to understand and analyze. Unfortunately,
much of the data contained within EHRs are text that require
NLP software to extract or re-code [16]. Symptom data, which
is often of interest to pharmacoepidemiologists studying ad-
verse drug events, are often found in clinician’s notes. Simi-
larly, unearthing functional status data such as the New York
Heart Association (NYHA) classification from medical re-
cords often requires NLP. Software engineers have recently
developed an open-source tool that accurately probes digital
text records to find medications with great precision [17].

Attention to the project team’s membership is important
[13, 18]. Unless the principal investigator is a content expert in
the research interest area, access to a clinician with content
expertise (internal medicine, cardiology, endocrinology) is
especially helpful in understanding the types of medications

~
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prescribed to treat a particular condition, the range of dosages,
and what alternative treatments (including OTC drugs and
dietary supplements such as herbal medications) patients
may use. Further, because study design and analysis are
critical to the project’s success, an epidemiologist and/or
biostatistician will make important contributions. More com-
plex phenotypes such as drug-induced liver disease could
require biomedical informatician expertise [19, 20].

Linking Data Across Healthcare Facilities

The ability to link and merge data is an important requisite of
the EHR and is essential to advances in the information
sciences in health care such as the conduct of observational
research [21] and large simple trials [22]. Practically all future
opportunities to improve health care of individuals and the
overall health of the population, and reduce the costs of care
are dependent on the ability to integrate data [23]. Standard
formats for data elements are necessary for coding, structur-
ing, and sharing data [23-26]. Basic structured data generally
follows a standard format of date, name, and a value. For
example, a prescription record generally contains the date of
dispensing, the drug product name, and the product’s dosage
with pointers to other coded identifiers such as the National
Drug Code (NDC) that bundles product information, strength,
units of strength, quantity dispensed, directions for use (often
as text), and cost, among others. In the US, the open source
RxNorm is a common standard format for medication data as
are commercially available software from Medi-Span®; how-
ever, the World Health Organization’s Anatomical, Therapeu-
tic and Chemical classification system and the Defined Daily
Dose (ATC/DDD) Index has broad international use [27].
Similarly, laboratory and clinical data follow standard con-
ventions by Logical Observation Identifiers Names and Codes
(LOINC®) or Systematized Nomenclature of Medicine—Clin-
ical Terms (SNOMED-CT) [28]. Data that do not follow a
standard format must undergo an onerous mapping process to
be useful in research. Mapping is particularly problematic
when data derive from EHRs at multiple health systems:
The same variable may be named differently in each system
[14], which can result in missing or erroneous data.

As mentioned previously, patients whose data reside in the
INPC-R may have encounters at multiple acute or primary
care and referral care facilities. Each of these facilities has its
own medical record assignment for each patient and some-
times the same institution may have multiple medical record
numbers for the same individual. Therefore, a special proba-
bilistic algorithm was developed by Grannis and colleagues to
integrate the multiple medical record numbers for each patient
into a single global patient identifier that links all data for a
distinct individual within and across care sites [29, 30]. This
mechanism, with few exceptions, eliminates the need for
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human adjudication by using an expectation maximization
algorithm to find one true medical record with a sensitivity
0f>99%. The original algorithm used patient’s last name,
transformations on the first name, middle initial, gender, and
the month, day, and year of birth; however, there are ongoing
revisions to the algorithm to further improve its performance.

Data Ownership

Trust building is a key factor in the use of clinical data from
various healthcare providers for the purpose of research.
Regenstrief Institute does not own the data contained in the
INPC-R. Instead, it acts as a data steward by contract with
each health system participating in the INPC. A representative
from each facility participates on the INPC Management
Board, which approves all research projects conducted using
data from participating healthcare facilities. Gaining the trust
of the public is also an important aspect of the use of medical
record data for research, especially as it relates to the height-
ened interest in the learning health system. The goal of this
system set by the Institute of Medicine (IOM) is that by 2020,
90% of decisions in health care will use timely clinical infor-
mation reflecting the best evidence [31]. Clearly,
accomplishing this goal will require access to routinely up-
dated data from EHRs. Patients, providers, and health profes-
sionals must trust that digital healthcare data are used appro-
priately to achieve this goal [32]. The hope is that by improv-
ing access to electronic medical record data and providing
care with the best evidence, health care will improve for
individual patients and the costs of care will decrease.
The IOM also recognizes the importance of improved
privacy and confidentiality regulation aimed at reducing
the burden of gaining access to important data that accel-
erates healthcare improvement and discovery [33]. The
results of recent IOM forums and workshops have
highlighted the relevance of the learning health system
to observational research and trials and access to digital
healthcare data will likely improve [21, 22, 32].
Preliminary data to determine the prospects of a full
study are available without IRB approval; however, the
IRB approves research after the preliminary phase. Mul-
ticenter studies may require IRB approval by each site or
agreement among the sites to accept one center’s approv-
al. Upon approval of the research protocol by the IRB,
project data may pass from a data manager to the princi-
pal investigator or an approved member of their team such
as a biostatistician. Data validity must be examined and
any questions around the quality of the data addressed.
Data analysis proceeds with interpretation of the results.
Often after analysis begins, additional variables are re-
quested, which in turn may require an amendment to the
protocol and IRB. Upon completion of the project and
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publication of the results, the data may need to be
returned to the data steward or destroyed. At Regenstrief
Institute, data managers keep a secured file containing the
data and associated documents for 7 years in case there is
a future need (e.g., addressing reviewer’s comments on a
manuscript involving the data or a request for data for a
meta-analysis), but this time period can be shorter or
longer depending on the nature of the project. At times,
investigators will want to do another project from a pre-
existing data set in their possession. However, it should
be kept in mind that there may be many more recent and
complete data available for analysis and that IRB restric-
tions may prohibit re-use of the pre-existing data. There-
fore, a new data extraction might be advisable.

Common Misconceptions in the Use of EHR Data

A common problem new investigators sometimes have is
that they confuse a database capturing the health care of
people with a population database. Several countries in
Europe have well defined populations with unique iden-
tifiers for individuals whose health information is cap-
tured almost completely over time. However, data from
an EHR captures data primarily for disease prevention
and treatment. Patient encounters with the healthcare
system occur by appointment or an urgent visit for active
illness. Also, encounters may occur at various settings of
care that are not captured, such as out-of-system care and
pharmacy-based clinics. Because measurements
contained in EHRs are often from sick patients, and
unless the patient returns in good health for repeat mea-
surement, such results are not representative of the nor-
mal state of health.

It is sometimes assumed that data from EHRs are easily
extracted and transformed into useful variables for re-
search. However, there may be limitations accessing com-
prehensive real-time data because of their size and storage
needs, the ability to process these data in real time, and
interference with production uses when data extractions for
research are performed in the same computing environ-
ment concurrent with clinical care. While data storage
and processing speeds historically were major problems
in pharmacoepidemiology and clinical research using
EHRs [18], improved digital processing and storage tech-
nologies have reduced these problems and their associated
costs considerably. Finally, EHR data are noisy: data are
often missing, appear at irregular intervals, and may not be
sufficiently structured for the research being considered.
As such, the quality of analytic data from EHRs and the
variables created from such data should undergo validation
so that only high-quality data are analyzed and interpreted.

Future Directions

Big data has become a focus of interest in
pharmacoepidemiology. Enormous databases result with the
incorporation of digital data from EHRs alone but can be
especially overwhelming, for example, with the addition of
genomic data. Further, there is a growing interest in merging
data from EHRs with claims data (e.g., Medicare) and patient-
centered surveys (potentially from mobile devices) for patient-
reported outcomes including health-related quality of life
[34-36], which is often unavailable within an EHR. Small
internal validation studies are often considered in a big data
study to assess confounding variables. These smaller valida-
tion studies are less onerous and can provide valuable infor-
mation to the investigation team at more manageable costs (in
terms of resource utilization) than working with the entire big
dataset. Investigators have been interested in capturing pur-
chasing data or data from pharmacy loyalty card programs,
which may have information on the purchases of OTC drugs
or dietary supplements, and helpful products such as exercise
equipment or potentially harmful substances such as ciga-
rettes. While it may be difficult to merge data from social
media sources into the EHR, these data sources have none-
theless attracted the attention of big data analysts [37].

Large comprehensive databases will require new methods
for analysis and visualization. Such methods promote speed of
processing and ease of comprehension of underlying patterns
of data [38]. While the notion of data mining produces mixed
reactions from traditional epidemiologists, biostatisticians,
and other clinical scientists, a variety of new tools are evolving
for drug discovery and repurposing. It is also hoped that the
use of ontologies will facilitate variable construction and
knowledge representation [39]. Importantly, if the mandate
for implementation of ICD-10 in 2015 holds, analysts might
prepare themselves for some shifts in the prevalence and
incidence of some disorders as coders undergo transition to
the new codes.

Finally, training a future workforce to analyze large EHR
databases is critical. While the costs of training and equipping
the new cadre of big data analysts will be substantial, the
missed opportunity costs of not doing so will likely be even
greater. One estimate by McKinsey Global Institute suggests
that in the US, the availability and careful analysis of big
healthcare data would have a per annum value of US$300 to
US$450 billion [40]. If this estimate holds true, a small frac-
tion of such savings could support the training of many new
big data analysts in pharmacoepidemiology.

Conclusion

Data from EHRs are increasingly seen as a key aspect to the
future of pharmacoepidemiology, pharmacovigilance, and
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other clinical research requiring observational clinical data
including registries and large simple clinical trials. The grow-
ing volume of clinical data contained in EHRs must be made
readily available at a reasonable cost with careful attention to
privacy and confidentiality concerns of health providers and
patients. There are many examples of productive use of data
from EHRSs that have resulted in improved care and healthcare
cost reductions. Such cases are especially important to engage
the greater healthcare community of providers, insurers, reg-
ulators, and governmental agencies. Barriers to accessing data
from EHRs need to be quickly surmounted in order for needed
healthcare improvement at the individual patient and popula-
tion levels with the associated cost savings. In this respect,
drug effectiveness and safety will always be an important
aspect of this driving interest. New analytical methods, NLP
to capture needed data from clinical notes for missing vari-
ables, and big data visualization technologies will be welcome
tools in bolstering pharmacoepidemiology and
pharmacovigilance using data from EHRs [41, 42, 13].
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