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Abstract
Electronic medical records (EMRs) are increasingly common in pediatric patient care. EMR data
represent a relatively novel and rich resource for clinical research. The fact, however, that
pediatric EMR data are collected for the purposes of clinical documentation and billing rather than
research creates obstacles to their use in scientific investigation. Particular issues include accuracy,
completeness, comparability between settings, ease of extraction, and context of recording.
Although these problems can be addressed through standard strategies for dealing with partially
accurate and incomplete data, a longer term solution will involve work with pediatric clinicians to
improve data quality. As research becomes one of the explicit purposes for which pediatricians
collect EMR data, the pediatric clinician will play a central role in future pediatric clinical
research.

Introduction
The electronic medical record (EMR) is transforming clinicians’ day-to-day care of patients.
1 In their simplest form, EMRs are analogous to the individual patient paper charts that were
developed and used throughout the 20th century to recall observations, inform others, gain
knowledge, monitor performance, and justify interventions.2 From the vantage of individual
physician clinics and offices, hospitals, and health care systems, the EMR is first and
foremost a tool for clinical use. As with the paper patient record, the EMR represents the
legal record, plays an important part in charge capture and proper billing, and may in fact
have some advantages in this regard.3 From the vantage of patients, the EMR of a single
office or health system may contain only a portion of electronic information stored about
them. The sum of stored electronic health information, which some term the electronic
health record or EHR, includes information derived from care provided by multiple sites or
systems of care within a community, region, or state.4
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EMRs have been used in a few locations for several decades,5 and adoption in pediatric
primary care settings has been increasing steadily.6–8 Given the purported benefits to
clinicians as well as the incentives and disincentives of the Electronic Health Record
Incentive Program of the Centers for Medicare and Medicaid Services,9 it seems likely that
nearly all U.S. pediatricians will be using EMRs to provide care in the coming decade.

Some have touted health information technology as a path to improving the health care
system.10 Others have expressed skepticism about the ease with which this can be
accomplished.11 The ideal of a “Learning Healthcare System,” through which one could
garner useful information and thereby learn from every patient encounter12, 13 in something
approaching real time, presents both a challenge and an enormous opportunity. Computer-
generated administrative data from submitted claims long have been used for epidemiologic
and health services research14, 15 and quality assessment.16 However, claims take significant
time to be processed and are related to what the clinician chose to charge for, as opposed to
documenting the clinically important activities actually took place during a medical
encounter. Analysis of the clinical data available in EMRs represents an enormous advance
beyond claims data analysis, as the EMR offers specific information about clinical findings
and even the pediatricians’ thought process. The concept of using the EMR to create
research databases is not new,17 but the substantial capital investments required to install
and maintain EMRs, combined with the expertise needed to transform EMR data to a form
usable for research, have initially confined such research to staff model HMOs and their
research institutes18 and to large academic medical centers. Because U.S. primary care
pediatricians appear to have been slow in adopting EMRs19 and possibly because cost-
benefit considerations discourage devoting resources to extracting pediatric primary care
EMR data for research purposes, studies using pediatric EMR data have been limited.

The objective of this paper is to (1) inspect several core issues regarding using routinely
collected EMR data for pediatric clinical research and (2) suggest possible ways for
improving the process. The term clinical research is here used as defined by Feinstein as
“systematic plans for discovering facts or principles” in the clinical realm “in a group or
groups of people.”20 Such research would include epidemiological investigations to
determine associations between exposure and disease, health services research involving
patient outcomes, and observational comparative effectiveness studies to weight the
effectiveness of one therapy against another. The discussion purposefully excludes other
very important types of inquiry on the pediatric research continuum, such as quality
improvement activities, that could also make use of EMR data, but that are not intended to
produce generalizable new knowledge. The discussion focuses on EMRs as they are used in
pediatric primary care, but also is relevant to EMR data from other pediatric clinical
settings. Vis-à-vis the title, the author is not an informatician, epidemiologist, or expert in
epistemology (defined as the study of the nature, sources, and validity of knowledge),21 but
a clinical researcher. The information presented here is therefore basic and intended for
clinical researchers seeking a rudimentary understanding of how EMRs can be used in
pediatric clinical research. For more comprehensive information about biomedical
informatics, the reader should the explore recent textbooks22–24 and journals (see Table).

Electronic Medical Records and Clinical Research
Datasets Available for Pediatric Research

As has been noted elsewhere, a proliferation of existing datasets currently are available to
pediatric researchers.25 They include the Kids’ Inpatient Database (KID),26 National Health
Interview Survey (NHIS),27 the National Health and Nutrition Examination Survey
(NHANES),28 National Ambulatory Medical Care Survey, (NAMCS),29 Youth Risk
Behavior Surveillance System (YRBSS),30 Medical Expenditure Panel Survey (MEPS),31
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and others. These data sources have some distinct advantages for research, benefitting from
multi-stage probability sampling of national populations and the use of survey items with
known psychometric properties. They are however, more or less removed from the actual
care of patients, involve selected group of subjects who’ve agreed to participate in research,
and although they may allow for some longitudinal analysis, are less than ideal for outcomes
research. One might argue that the best data for research on clinical outcomes are data
gathered in the day-to-day care of patients.

The nature of EMR data
As opposed to research data derived from surveys, EMR data are the electronic clinical
records of medical encounters. These data are in most ways highly comparable to those in
paper records, typically organized in tabs with elements such as problem, medication and
allergy lists, and visits organized according to history, physical examination, assessment,
and plan. Data in primary care computer systems are stored as either narrative or structured
data. Narrative data are word-processed free text as typically found in paper records.
Narratives are essential to the medical endeavor. The patient medical history is, by
definition, a narrative, as is the oral case presentation. Narratives are dearly valued by
clinicians in properly describing patients’ problems Structured data, in contrast, are the
somewhat less descriptive data that correspond to codes and are entered by “clicking” on
choices presented in lists, forms, or templates.32 Structured data are helpful in establishing
consistency and minimizing misunderstanding precisely because of the many free text
options available to clinicians for naming and/or abbreviating similar conditions (e.g.,
“asthma,” “reactive airway disease,” “RAD”), symptoms (e.g., “fever,” “elevated
temperature,” “high temp”) and signs (e.g., “crackles,” “rales,” “crepitations”). Structured
data are much easier to extract from EMRs than narrative data. A third category of data are
images (e.g., PDFs of radiological studies or scanned documents and reports), which are
extremely challenging with respect to extraction.

Potential utility of EMR data for research
Information derived from EMR data can be of enormous use for researchers in generating
new knowledge. For example, the specific values of EMR data on child birth date, visit date,
sex, height, and weight can be used to provide information on patient BMI and, in turn, on
the prevalence of pediatric obesity in a population. Or, the values of HIV assays and CD4+
T cell counts in the EMR can be used with decision rules to determine the prevalence of
pediatric AIDS in a population of children at risk. In these examples, the data elements
themselves require some interpretation or inference to provide useful information, with data
extraction as a necessary first step. Other EMR data, however, directly provide useful
information without interpretation or inference. For example, an EMR diagnosis of “lobar
pneumonia” tells the researcher that the clinician judged the child to have lobar pneumonia.
With information either derived or directly obtained from EMR data, the researcher can thus
identify patient samples for cohort or case-control studies or potential subjects for
randomized controlled trials with efficiency and precision. For example, a cohort of patients
placed on atypical antipsychotic medication could be assembled and followed forward in
time to assess long term impact on BMI. Or, patients with Henoch–Schönlein purpura and
controls matched for age, sex, and zip code could be identified to investigate the association
between recent viral infection and disease. The possibilities for such epidemiological studies
are legion. In addition, many of the variables needed for epidemiological study can be
obtained from EMR data in anonymized fashion without having to query patients directly.
As such, EMR data represent an electronic goldmine for researchers. As with an actual
goldmine, however, potential challenges and hazards await the miner.
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Accuracy of EMR data
In considering the accuracy of EMR data, it is first worth noting that paper records have
been found to have only moderate correlation with what actually has occurred in the
medical encounter. In one study in which the physicians were unaware that they were being
studied and which employed the reports of scripted standardized patients33 as the gold
standard for what had occurred during medical encounters, agreements between
documentation in the paper record and the reports of the standardized patients were modest
– highest for therapies prescribed and laboratory tests ordered (68% and 64%) and lowest
for history obtained and physical examinations performed (29% and 31%). A second study
using standardized patients with a similar blinded design produced similar results.34 There is
reason to believe that if the pediatrician prescribes medication via electronic prescribing,
orders diagnostic tests, or arranges referrals using the EMR, then accuracy would be
improved, as the chance of the medications, diagnostic tests or referrals being
undocumented would be largely eliminated. On the other hand, there is no reason to suppose
that EMR history or physical exam data would necessarily be any more accurate. In fact, if
defaults (i.e. settings assigned automatically by the EMR that must overridden by the
clinician) are set to “normal” in physical examination templates, EMRs could actually
worsen accuracy, with the EMR indicating an exam with normal findings when elements of
the examination either had not been performed or were abnormal but not noted as such. As
with paper records, EMR data depend on what the clinician chooses to record in the act of
caring for the patient. In many ways, the large scale retrospective extraction of clinical data
from EMRs could easily be termed “chart review on steroids.” The simple fact that the data
are electronic does not confer upon them a higher epistemological status, as the EMR data
have been collected for clinical and billing purposes, and not to satisfy research objectives.

Challenges of extracting data from the EMR itself
EMR designers use data processing architectures that maximize real-time transaction
processing to create highly operational systems and that differs from the data architecture
required for research analyses.35 The database architecture established for real time
transaction processing facilitates rapid and detail-oriented clinical searches and updates on
individual patients. To allow for efficient research analyses, data must first be warehoused
and different database architecture established to allow for data analyses across populations
of patients over time. Once warehoused, online analytical processing can be applied to
facilitate the multidimensional and aggregated queries that are applied to the data in
research.36 Although EMR vendors often support a set of data extraction tools that work
reasonably well to create reports and summaries with small numbers of variables, these tools
begin to fail when the number of variables rises. Thus researchers need to employ an extract,
transform, and load strategy (known in the trade as “ETL”)37 that pulls data from the EMR,
transforms (e.g., standardizes) the data for research needs, and loads it into the data
warehouse.38 Analysis can then be readily done on warehoused data using standard
statistical tools.

Research across health care settings and the multiplicity of EMRs
According to the American Academy of Pediatrics (AAP) Council on Clinical Information
Technology website, there are nearly 96 products in current use in primary care pediatrics.39

These many products are not interoperable, as they are written in many different computer
languages and have different data storage architectures. Thus, the large variety of EMR
products presents a formidable challenge to research. However, the challenge is not
insurmountable. The HMO Research Network40 and Distributed Ambulatory Research in
Therapeutics Network (DARTNet)41 are examples of two large research efforts extracting
data from multiple EMRs in such a way that the data can be analyzed from these diverse
sources. Interestingly, the approach used by these groups does not require a centralized
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database. This model, which is called a distributed or federated database, provides
mechanisms for combining data from individual sites and for coordinating data sharing
activities among autonomous components. A discussion of how this is accomplished is
beyond the scope of this article, and the reader is referred to a recent summary on the topic.
42 Of note, such efforts require substantial investments in information technology and
informatics resources.

The challenge that multiple EMR products present to research with EMRs
It is likely that EMR vendors did not consider data extraction for research purposes as a high
priority when designing their software products. Storage of particular data elements often
varies from product to product. However, even if the pediatricians in different settings used
the same EMR product, obstacles would remain to data extraction from the different
settings. This is because the data definitions and site of EMR storage for many clinical data
elements are not necessarily specified by the EMR vendors, and even when specified, can be
changed. An EMR product typically allows the clinicians and or informatics staff in charge
of the local implementation considerable flexibility in making such decisions. As such, the
definition of data items and the storage of those items within the same EMR product might
differ from practice to practice or from institution to institution according to local design.
For example, exposure to second hand smoke is a major pediatric health issue. In a single
EMR product implementation, researchers seeking information on second hand smoke
exposure might find it in free text on the problem list, in the social history, or in a visit about
asthma, as a structured item in any of those locations, or as ICD-9-CM code E869.4 on a
billing claim. This situation really is no different from the documentation vagaries that
challenged the use of paper records for research, but illustrates how EMRs do not
necessarily improve how research data are captured and organized.

New technologies to facilitate EMR data extraction for research purposes
The unstructured data in the free text narrative parts of the EMR provide a rich potential
source of information (e.g., markers of socioeconomic status, information about daycare
attendance, details of diet). Natural language processing tools show considerable promise in
converting free text into structured data,43 but these tools are far from perfected.44 In a
recent unpublished analysis of free text for patient encounters for otitis media on a single
day, a research group at the Children’s Hospital of Philadelphia encountered 278 different
ways in 465 EMR notes to express the fact that patients had temperature > 102.0 F (e.g.
“fever x 3 days max t 102.3 fever in the past 24 hours”) and 123 different ways to express
ear pain in 213 patients (e.g., “since last night ears hurt”). Nevertheless, progress is being
made, with continued development of standards to allow the interoperability of data queries,
as well as the precise logic to actually perform the analyses. For example, the Integrating
Biology and the Bedside (i2b2) suite of software contains an optional software module that
can be used to manipulate text reports and extract specific terms from them.45

Another approach is to design EMRs specifically with data extraction in mind. The details of
how this can be accomplished are beyond the scope of this paper, but two principles can be
mentioned. One strategy, already touched upon, is to maximize structured data entry and
minimize free text. A second is to build into the EMR rules-based paradigms allowing one
to infer higher level concepts, such as presence of a disease from lower level concepts, such
as a highly specific laboratory result and/or a list of drug combinations given only to patients
with specific diseases. A trivial example might be the paradigm that a positive PPD test and
treatment with isoniazid and rifampin automatically classify a patient as having tuberculosis.
Researchers at the Regenstrief Institute have created an open source system for creating such
EMRs, OpenMRS,46 which show great promise in this regard, as it is designed specifically
to improve data extraction. OpenMRS is not a ready-to-use EMR, but instead a series of
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“building blocks” that allow designers to build their own EMRs through an application
programming interface (API) – a set of specified commands, functions, and protocols which
can be used in building software. With respect to data extraction from different care sites,
this approach allows for the automated combination of EMR data from patients in multiple
clinical settings using OpenMRS (e.g., primary care and specialty care settings with
different available laboratory testing or diagnostic protocols) by acknowledging the different
local ways of establishing the diagnosis. As such, higher-level extraction such as the
definition of a group of patients with a particular diagnosis could be accomplished from the
different sites, in spite of the sites using differing clinical protocols. Although this approach
presents its own methodological challenges (e.g., as to whether the patients from the
different sites are truly equivalent as to diagnosis), it might be of use for groups of research-
oriented practices or clinics wishing to set up EMRs with a specific focus on data extraction
for particular research questions. It cannot, however, be employed with clinical sites using
existing EMRs.

For existing EMRs, centralized Web-based tools are being developed to extract data from
the EMR using standard, non-product-specific approaches. These tools, known as Web
services, are a promising development. A Web service API well known to most of us is the
one used when we enter credit card information to purchase an item on line. The
authorization of that purchase typically is made via a Web service, which checks with our
credit card company to make sure that we’re legitimate users of the card and have not
exceeded our credit limit. The Web service, which is invisible to the user, then relays that
information back to the on line vendor, which did not have to create this capacity on its own.
Defining APIs specifically for Web services that can interact with existing vendor EMRs
and extract data from them is an essential next step for EMR-based research. For example, a
Web service could accept data from multiple EMRs on children’s sex, height, weight, blood
pressure, date of birth, and date of visit to identify a group of children classified as
hypertensive according to NHLBI-defined standards.47 The establishment of strong security
policies and procedures will be among the many challenges to implementation across health
systems of Web services that interact with EMR products to facilitate research.

Other challenges of EMR data for the researcher
EMR data present the researcher with a variety of methodological challenges. One is the
issue of case identification. EMR data allow researchers to move beyond the ICD billing
codes for case identification, but then create an overabundance of options. With childhood
asthma, one could consider the EMR permanent problem diagnosis list (probably more
specific, but less sensitive than an ICD code), pulmonary function data (useful only for
persistent asthma), prescriptions for bronchodilators (highly sensitive, but not specific), or
prescriptions for inhaled corticosteroids (specific but not sensitive), or a combination of
these. To best identify cases, the researcher may need therefore to apply a complex case
identification data rubric on warehoused EMR data. A second issue, when studying acute
illness, involves specifying individual episodes of disease. In this case, the unit of analysis
desired for the research dataset may not align well with the underlying clinical data. For
example, a researcher might want to study individual episodes of acute otitis media or
asthma. The EMR holds patient and encounter level data, as well as test order, test result,
and prescription data. Bringing prescription data to the encounter level can become
complex. For example, for a study of treatment breakthrough in otitis media, “find new otitis
media encounters where the patient was on antibiotics” becomes a task of looking back to
prior encounters and, based on order information, prescription end date, etc., determining
time periods when the patient might have been on antibiotics. A third challenge, from an
epidemiological perspective, is the lack of standards for defining denominator populations
from EMR data. Although such standards exist for patients in closed panel HMOs, where
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the site of health care is linked closely to the patient’s insurance coverage, they are
ambiguously defined outside of those settings, and make the comparison of rates across
clinical sites extremely problematic. The three challenges cited here, as well as many others
not discussed, are not at all unique to EMR data. They exist for any studies based on medical
record data. The irony, however, is that (1) it may be as or more challenging to employ
informatics techniques to define cases of disease, episodes of illness, and denominator
populations than to use human coders to perform the same tasks and (2) the computer-based
process ultimately needs to be validated by a human decision-maker who reviews a sample
of records by hand.

Improving data quality is a challenge that may be more readily met in EMRs than in paper
records. One obvious solution alluded to previously, is to encourage entry of additional data
elements in structured or coded fashion. Of course, many data elements such as diagnoses,
procedures, and pharmaceuticals are already associated with specific codes, but the
overwhelming preponderance of clinically relevant data typically are entered as narrative.
Clinicians accustomed to recording data in narrative fashion, however, may resist entering
data in structured fashion.48 In addition, in particular cases, such as intensification of
medication for hypertension, the two types of data have proven complementary, suggesting
that one will not necessarily replace the other.49

A workshop conducted in 2006 by the European Federation for Medical Informatics Primary
Care Informatics Working Group generated a list of recommendations for researchers
collecting and processing routinely collected EMR data.50 Two of the group’s ten
recommendations address the circumstances under which the data are collected. One of the
potential advantages of EMR data is the ability to collate observations from very large
numbers of practice sites. In this light, it is worth considering the recommendation to
“record the characteristics of the practices involved in the study and how they might vary
from ‘usual’ practice.” Data on disease incidence and prevalence could easily vary
according to whether the practice site was a primary care or specialty clinic, or whether the
practice was located in an urban inner city or rural area. As in any research, the issues of
standardized case definition and generalizability must be considered before lumping EMR
data from diverse practice sources.

Another working group recommendation was to “describe the context of data recording.”
Context is easily overlooked, but is in fact fundamental to the nature of information
recorded. The fact that data exist in the EMR does not lend them any particular
epistemological status. Berg and Goorman have written that Information should be
conceptualized as always entangled with the context of its production, and that disentangling
the information to make it useful in a different context requires work.51 For example, let us
take something as apparently straightforward as EMR data on height or weight. Putting
aside the issues of the units (e.g., centimeters versus inches) and granularity (e.g., to the
nearest centimeter versus nearest millimeter) in which the data are recorded, there is also the
measuring process itself. Due to differences in the training of medical personnel and the
equipment available, a height obtained on a patient in the context of a general pediatric
practice is not likely to be identical to the height obtained on the same patient in a pediatric
endocrinology clinic. Due to differences in clinical routines, a weight obtained on an infant
in an over-air-conditioned office, with the medical assistant allowing underclothes to remain
on the infant, will not be the same as the weight obtained on the same infant in an
overheated office where the infant is fully naked. The reader can use her imagination to
further expand on this theme. The differences in the clinical contexts in which data are
collected (type of practitioner, intent of practitioner, past history of the patient, location of
the practice, time of day, day of the week, etc.) all could affect the meaning of particular
EMR data elements. This does not mean that the EMR data are unusable for research, but
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that the researcher needs to be thoughtful about their use. For example, if a researcher is
tracking growth over long periods of time, where the precision of single measurements of
height or weight data are not critical to the research question, then there is less reason for
concern. If, on the other hand, the researcher is seeking to establish new standards for height
and weight, then the researcher needs to be very careful in using the data. Even more caution
is called for when the EMR data involve discrete codes at a level necessarily involving more
judgment and subjectivity on the part of the clinician. We already have mentioned ICD
diagnoses codes. When relying on EMR diagnosis ICD codes, the researcher must consider
several factors. These could include the billing context in which the clinician chose the
coded diagnosis (e.g., clinician might choose a diagnosis that allowed for higher billing) or
the ease with which the clinician is able to find and select the diagnosis in the system (e.g.,
choosing “anemia” versus “transient erythroblastopenia of childhood”). In a thought-
provoking ethnographic study of general practitioner EMR coding in Great Britain and
Denmark, Winthereik describes the need to take into account how the workload involved in
coding and the local uses to which the coded data are put affect the accuracy of symptom
and diagnosis codes. He states that producing accurate data is not by definition impossible,
but that the data are only “accurate in relation to the context of use.”52 van der Lei, in his
1991 editorial entitled “Use and Abuse of Computer-Stored Medical Records,” stated a more
radical view in his first law of medical informatics and its collateral: “Data shall only be
used for the purpose for which they were collected,” and “If no purpose was defined prior to
collection of the data, then the data should not be used.”53 This law and its collateral suggest
a way out of the problem of research and EMR data context.

EMRs, Epidemiology, and Epistemology: Concluding Thoughts
Epidemiology can be defined as the study of the distribution and determinants of disease in
human populations;54 epistemology, as mentioned previously, is the study of the nature,
sources, and validity of knowledge. As noted above, the use of EMRs for epidemiological
studies presents epistemological challenges. Should van der Lei’s first law of medical
informatics – “Data shall only be used for the purpose for which they were collected” –
preclude researchers from using EMR data, collected for the purposes of clinical care and
billing, to generate new knowledge about the distribution and determinants of disease?
Clearly, the answer is “No,” but van der Lei’s warning should be taken to heart. While the
potential for efficiently generating new knowledge from the large numbers of clinical
encounters documented in EMRs certainly exists, the epistemological issues should be
recognized and addressed. Data not gathered specifically for research purposes may be
incomplete and unreliable. This does not make those data unusable, but it does constrain the
uses to which the data can be put and the inferences that can be drawn from them. Less-
than-complete data of less-than-certain accuracy are not uncommon in clinical research.
With care, data quality checks can be combined with selected epidemiological and statistical
tools to address many of the problems presented by such data.

A better long term strategy, however, might be to undertake the important work of
improving the validity and reliability of clinical EMR data in order to make them more
useful for research. Ideally, our goal should be to shape at least some of the data elements so
that research is, with a nod to van der Lei, one of the purposes for which the data were
collected. Improving the quality of EMR data for research purposes is likely to impose a
burden on practicing pediatricians, because research quality data demands structured data
entry, which is often more time consuming. For this reason, this can be accomplished only
with the input of the clinicians themselves, according to a few basic principles. First, we
should focus (and perhaps limit) attention to areas of the EMR that present the biggest
opportunities for generating new knowledge or improving care. Thus, we might choose not
to devote efforts to portions of the EMR that deal with acute and self-limited clinical
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problems (although these too offer interesting opportunities for study), but instead to aspects
of the EMR that deal with high-prevalence chronic conditions or with preventive efforts that
apply to large portions of the population. Second, we should create dialogues with clinicians
about why certain kinds of information should or need to be entered consistently and
completely, so that agreement can be reached as to why it is in clinicians’ and patients’ bests
interests to do so. Clinicians can be motivated to make changes that they view as beneficial.
Third, we must engage clinicians in the design and testing of new structured formats for data
entry. There should be no attempt to impose structure on EMR data that clinicians feel can
only be effectively documented through narrative. In adhering to this principle, the new
structured formats will work better, and clinicians will also feel that they “own” newly
designed formats. Fourth, we must agree not to increase the amount of time it takes for
pediatric clinicians to document care for the purposes of research, unless the clinicians come
to that conclusion themselves. Increasing the work needed to take excellent care of patients
is not in anyone’s interest. Finally, we must report the results of the research derived from
EMR data back to the clinicians as quickly as possible. Doing so will demonstrate the value
of the partnership between clinicians, informaticians, and researchers that is necessary to
reap maximum research benefit from EMR data.

Where can we turn to see working partnerships between clinicians, informaticians, and
researchers? With their powerful blend of research expertise and informed clinician input,
pediatric clinical research networks,55 and especially practice-based research networks,56

provide pediatricians with the best opportunity to collaborate with informaticians to improve
the validity and reliability of clinical EMR data to make them more useful for research. An
especially innovative group in this regard is the Pediatric Research Consortium (PeRC)57 of
the Children’s Hospital of Philadelphia. Established in 2002, this group of researchers and
clinicians from 30+ primary care practices benefits from using a single application of a
single EMR product for clinical care. PeRC is able to bring practicing pediatricians together
with epidemiologists, clinical informaticians, and administrators to, when necessary, shape
the EMR in such a way as to facilitate clinical research projects. Such a process is iterative
and must take place over time and with sufficient resources. Nevertheless, the PeRC
example shows that working partnerships between clinicians, informaticians, and
researchers can be realized successfully.

More recently, several national pediatric clinical research networks recently have begun
projects aimed at improving EMR data extraction for comparative effectiveness research.
Pediatric Research in Office Settings (PROS), the practice-based research network of the
American Academy of Pediatrics, was awarded a cooperative agreement by the Health
Resources and Services Administration Maternal and Child Health Bureau (HRSA-MCHB)
to establish an EMR-based subnetwork among its member practices to conduct comparative
effectiveness research on ADHD stimulant medication treatment.58 The Pediatric
Emergency Care Applied Research Network (PECARN) also has been awarded a
cooperative agreement by HRSA-MCHB to use EMRs at several children’s hospitals to
conduct comparative effectiveness research on traumatic brain injury.59 In the subspecialty
world, the Improve Care Now inflammatory bowel disease network has received a grant
from the Agency for Healthcare Research and Quality to build enhanced registries linked to
hospital EMRs to conduct quality improvement and comparative effectiveness research.60 In
each of these examples, pediatric clinicians will work hand-in-hand with informaticians to
make the clinical data entered in the EMR useful for research purposes. The successes
achieved by research networks will provide a roadmap for future efforts.

In summary, although EMRs are primarily a tool for clinical documentation, the routinely
collected data within them offer researchers a superb platform from which to enhance future
pediatric clinical research. The clinical data provided by EMRs represent a substantial step
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up from administrative claims, but for the reasons described above, present their own
methodological challenges. The full potential of EMR data for pediatric clinical research
will only be achieved when research becomes one of the explicit purposes for which
pediatricians document patient encounters. Thus the technological advance of the EMR
promises to put the pediatric clinician back at the center of twenty-first century pediatric
clinical research.
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