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The notion of big data currently captures our imagination, 
although it defies simple characterization. Pundits claim that 
big data is that class of problems that can barely be solved 
today, and that could not be solved yesterday; this raises 
obvious questions of context. More usefully, a recent text-
book on the topic asserts that “big data refers to things one 
can do at a larger scale that cannot be done at a smaller one, 
to extract new insights or create new forms of value, in ways 
that change markets, organizations, the relationship between 
citizens and governments, and more.”1 More disturbingly, 
that same text goes on to challenge conventional notions of 
inference and scientific proof, suggesting that “society will 
need to shed some of its obsession for causality in exchange 
for simple correlations: not knowing why but only what. This 
overturns centuries of established practices and challenges 
our most basic understanding of how to make decisions and 
comprehend reality.” Although data volume alone may not 
defy scientific criteria for belief, we assert that in transla-
tional research one confronts notions of data complexity 
that extend beyond those seen in most big data problems. 
However, the hope to manage such big data complexity can 
emerge from principles of comparability and consistency, 
manifest through standard formats and vocabularies.

In this review, we provide some context for big data, out-
line some relevant experiences from our Electronic Medical 
Records and Genomics (eMERGE) consortium,2,3 address some 
general aspects of translational data such as those used within 
eMERGE, highlight a particularly promising development in 

computer science (Hadoop),4 and propose a general strategy 
around comparable and consistent data to mitigate heterogene-
ity and misclassification.

Astronomy, physics, and the origins of big science
There once was a time when a single person, with what we 
might consider today a “cheap telescope,” could raise that 
instrument skyward and shake the foundations of science and 
philosophy overnight. Arguably, this was the effect of Galileo’s 
modest observations, with repercussions to the present day. Yet 
from a data volume perspective, Galileo’s journals—distilled to 
their computable essence—barely register on any modern scale.

Astronomy is one of the original big science disciplines, 
requiring sizeable teams, substantial physical resources well 
beyond “cheap telescopes,” and accumulating vastly more data 
that can be easily interpreted. The most recent release of the 
Sloan Digital Sky Survey contains ~1 million fields of 3 mil-
lion pixels and catalogs more than 1.2 billion objects, includ-
ing 200 million galaxies, and nearly 2 million detailed spectra 
about many of these objects.5 Processing these objects manually 
is clearly not a scalable task.

Correspondingly, the “gold foil” tabletop experiments of 
Rutherford, demonstrating the nuclear structure of the atom,6 
involved a paltry amount of data by modern standards yet trans-
formed our understanding of quantum physics. This  contrasts 
strikingly with recent phenomena surrounding the discovery 
of the Higgs boson. That effort perhaps epitomizes current 
models for big data, involving as it did 600 institutions, 10,000 
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scientists, 800 trillion collisions, and 200 petabytes of data. That 
is 2 × 1017 bytes of data—bordering on an astronomical number 
in its own right.

tHe emeRGe cOnSORtiUm And BALAncinG 
PHenOtYPinG

The large-scale generation of data has accelerated in the 
genomics world by many orders of magnitude, attributable 
to advances in chip-based genotyping and next-generation 
sequencing (NGS) methods. However, the recognition that the 
rate-limiting step for genotype-to-phenotype associations was 
resoundingly on the phenotyping side prompted the National 
Human Genome Research Institute to propose the eMERGE 
consortium.2,3 Initially a cooperative agreement among five 
academic medical centers, the eMERGE consortium balanced 
biobanking and genotyping with the development of a scal-
able capacity to execute “high-throughput phenotyping” of 
patient cohorts using electronic medical records.7 To ensure 
reproducibility and portability of these algorithms across medi-
cal centers, the consortium embraced their mapping to health 
information technology (HIT) standards,8 conformant with 
Meaningful Use specifications.9 As a consequence, the consor-
tium was able to demonstrate the reproducible identification 
of disease-specific research cohorts using portable algorithms 
across medical centers.10

On the genomics side, the eMERGE effort encountered chal-
lenges in merging genotyping data from multiple organizations, 
particularly into a single record11 for the database of Genotypes 
and Phenotypes (dbGaP).12 These problems included temporal 
and platform differences, manifest in surprising and under-
documented heterogeneity in genotyping files. That heteroge-
neity included format differences (single sample versus PLINK 
files), strand orientation issues, sample and maker checks, and 
batch effects. Although recognizing and accommodating these 
differences were possible, such corrections required substan-
tial quality control efforts and data normalization. As Zuvich 
and colleagues11 amply outline, the consequences of incorrect 
data analyses and interpretation are predictable unless great 
care and substantial quality control are invested in creating “big 
data” aggregations.

In both the clinical and the genomics domains, eMERGE 
epitomizes what is becoming a typical translational research 
framework in 2013, invoking big data principles. Furthermore, 
eMERGE has demonstrated the importance of data normaliza-
tion and harmonization in both domains as prerequisites to 
valid data inferencing across aggregated data sources.

eMERGE is also spearheading the integration of genomic 
data into clinical practice,13 in partnership with the 
Pharmacogenomics Research Network.14 Among the largest 
challenges confronted by both research consortia is the absence 
of reliable and robust nomenclatures for genomic findings, par-
ticularly in NGS data.15 It is perhaps in the distillation of large 
genomic data sources to practical application in patient care16 
that the eMERGE consortium has put forth its most important 
demonstration.

tHe nAtURe OF tRAnSLAtiOnAL dAtA
Phenotype data
Nigam Shah from Stanford has outlined an interesting per-
spective on big data,17 pointing out that data can be shallow 
(few rows) but very broad (many columns), deep (the oppo-
site), or both. Harkening back to the Higgs boson, those data 
are unquestionably “big” (order 1017); however, they comprise 
mostly parameters about mass, direction, and energy. A more 
extreme case might be financial data, whose most critical 
parameter is the decimal point. It readily becomes apparent that 
data that are both broad and deep pose a third dimension of 
complexity or texture to already large data sets, and that granu-
larity of that texture can in itself constitute big data. These cor-
respond to the well-accepted notions of volume (breadth and/
or depth) and variety (what we are calling texture) recognized 
as the hallmarks of big data by the computer science commu-
nity,18 although this community adds their third dimension of 
velocity (speed of acquisition).

Clinical phenotyping data are big data of our third kind—
intrinsically complex, fraught with heterogeneity, and amply 
having the potential for enormous depth (many records). A 
single patient may have many thousands of unique attributes, 
each of which may have arbitrarily repeated measures. Most 
eMERGE clinical sites host millions of such records; aggre-
gated across the United States, there are hundreds of millions 
of electronic health records (EHRs). Although larger data sets 
clearly exist, they rarely exhibit the complexity or texture of 
clinical data. Indeed, characterizing the clinical characteristics 
of patients is so fraught with complexity, the National Institutes 
of Health/National Heart, Lung, and Blood Institute released a 
grant opportunity last year19 whose sole purpose was to over-
lay some order to the cacophony of phenotype descriptions 
amassed in a relatively small database (dbGaP).12

A recent JAMA viewpoint article suggested that the rou-
tine application of big data to health care was inevitable.20 
Specifically, those inevitable opportunities are: (i) capacity to 
generate new knowledge, (ii) knowledge dissemination, (iii) 
translation of personalized medicine into clinical practice, 
and (iv) transformation of health care by empowering patients 
through direct information and knowledge delivery. In any 
event, the growing availability of big data, and our accelerat-
ing capacity to intelligently leverage it, will clearly transform 
what most now acknowledge as the most information-intensive 
human discipline—health care.

data sources
Clinical genetic/genomic, public health, and direct-to-
consumer testing laboratories. Big data sources include 
genetic/genomic data collected during the course of patient 
care, public health reporting, and research. The most complex 
is patient care data and is represented in several forms ranging 
from free-text narratives, synoptic reporting (templated 
text reports), structured findings (e.g., Logical Observation 
Identifiers Names and Codes (LOINC) qualified findings and 
metadata), to coded data. Guidelines for molecular genetic 
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reporting provide a general format for narrative molecular 
reports;21–23 however, reporting checklists (e.g., College of 
American Pathologists checklists) provide a more robust 
standard for synoptic reporting.24 The HL7 Clinical Genomics 
Workgroup has extended established laboratory reporting 
standards, commonly used for other clinical laboratory tests, 
to inclusion of structured genetic findings, references, and 
interpretations, as well as the narrative report.25,26 In the very 
early stages of adoption, as reporting systems advance more 
quickly than receiving systems, a common first step is inclusion 
of these vocabulary guidelines in molecular reports.

Data translated from the EHR into public health report-
ing systems (e.g., BioSense, ref. 27; notifiable diseases, ref. 28) 
aggregate into big data on a population scale. Increasingly, 
these data are highly structured and amenable to algorithmic 
 normalization,29 although in some cases (such as cancer reg-
istries) they may be manually curated by registrars trained in 
reviewing the patient chart and summarizing findings and out-
comes from the EHR.30,31

There remain several important gaps within clinical genom-
ics standards for health care, including (i) coding of important 
cancer biomarkers and association with causal DNA variants 
and (ii) standards for transmission of genomics data within the 
health-care environment.15 As the field moves to using high-
throughput NGS to perform genetic-based clinical tests, robust 
concept mapping from observed DNA sequence variation to 
reported biomarkers is critical. Proactive work in this area will 
further translational research and improve clinical and pub-
lic health reporting. In addition, standardization of genomic 
data representation was identified as a gap by the Centers for 
Disease Control and Prevention-sponsored Next Generation 
Sequencing: Standardization of Clinical Testing Working 
Group.32 In follow-up, a federally mediated workgroup includ-
ing representatives from the Centers for Disease Control and 
Prevention, the National Center for Biotechnology Information 
(NCBI), the National Institute of Standards and Technology, 
and the Food and Drug Administration, as well as experts from 
the clinical laboratory, bioinformatics, and health-care IT stan-
dards community, has been formed to develop a clinical grade 
VCF/gVCF (variant call format)1 file format in preparation for 
broad adoption of NGS. In conjunction with this effort, the HL7 
Clinical Genomics Workgroup is developing an implementa-
tion guide for the transmission of VCF/gVCF within standard 
health-care IT messages. This work should be completed by the 
end of 2013.

The present trend toward consumer-driven health care 
highlights the importance of comparable and consistent clini-
cal genomics standards, such as VCF/gVCF, in the direct-to-
consumer (DTC) genetic testing marketplace. The rapidly 
falling cost of gene sequencing will result in large amounts of 
patient-controlled genomic data from disparate DTC sources 
that patients will demand be integrated into their EHRs. 
Recently, clinical providers could point to the absence of 
Clinical Laboratory Improvement Amendments certification, 
which provides quality control standards for sample handling, 

laboratory process, and analytic methods, in these DTC genomic 
labs; however, as more DTC companies generate Clinical 
Laboratory Improvement Amendments-certified results, resis-
tance from the medical world will fade, and clinical import and 
use of DTC data will become more mainstream. Nevertheless, 
the Clinical Laboratory Improvement Amendments do not 
address the problem of data comparability or consistency from 
a representation or format perspective. Data from DTC sources 
will come in the range of approximately 1 million variants from 
companies such as 23andme.com; to efforts such as openSNP.
org, which claim they are “crowdsourcing genome-wide asso-
ciation studies;” to the Personal Genome Project, which  gathers 
“volunteers who are willing to share their genome sequence ... 
with the research community and the general public.”33 The 
reuse of the DTC data for clinical practice or research will be 
more practical if those data are distributed in predicable, well-
documented, and ideally standardized machinable formats.

BiG dAtA in nGS StUdieS
Personalized medicine intends to optimize clinical decisions 
about a patient’s care by using all available data, including 
genomic data.34 With the use of genomic data efficiently gener-
ated by NGS in clinical practice, a key challenge is how to man-
age and retrieve the high-volume genetic data appropriately.

Whole genome/exome sequencing: a source of big data
NGS makes it possible to rapidly compare the genetic content 
among samples and identify germline and somatic variants of 
interest, such as single-nucleotide variants, short insertions and 
deletions, copy-number variants, and other structural varia-
tions. NGS technologies can quickly generate the sequence of 
a whole genome or can be more targeted using an approach 
called exome sequencing. Exome sequencing focuses specifi-
cally on generating reads from known coding regions. In con-
trast to whole-genome sequencing, exome sequencing is a more 
cost-effective approach that can detect single-nucleotide vari-
ants or short insertion and deletion variants in coding regions 
and provide sufficient information for many research needs.

Because NGS generates high-resolution genomic data35,36 
much more efficiently, researchers in many fields have turned 
to NGS to identify particular features of the genome that 
contribute to specific phenotypes. With the declining cost of 
sequencing and the ongoing discovery of disease genes, NGS 
is making its way into clinical laboratories. Although there is 
some use in infectious disease testing, most applications have 
been in diagnostic testing for hereditary disorders and, more 
recently, therapeutic decision making for somatic cancers.37 
The use of NGS technologies to move from testing single genes 
or small panels of genes to large multigene disease-targeted 
panels38 is a logical first step for the clinical application of these 
technologies. This approach allows geneticists to increase clin-
ical sensitivity for many existing tests and to continue to inves-
tigate the substantial contribution of unique and rare variants 
to understanding these diseases, which can be assayed only 
through sequencing.

 Volume 15  |  Number 10  |  October 2013  |  GeneticS in medicine



805

Big data in translational research  |  CHUTE et al Review

HAdOOP And itS mOdULeS: A 
cOmPUtAtiOnAL FRAmeWORK FOR BiG dAtA

Rarely, computing encounters a fundamental shift in the way 
it conceptualizes problems and approaches. This arguably 
occurred with the advent of compiled languages, object-ori-
ented constructs, relational databases, and network comput-
ing. The advent of big data has spawned what many regard as 
a notable, fundamental shift in computing, generally classi-
fied under “share nothing architectures”39 and popularized by 
companies such as Tandem and Teradata. Quite simply, this 
architectural design supports nearly infinite scaling because 
the independent and self-sufficient component parts of the 
system “share nothing” with the others, such as file systems or 
memory.

Apache Hadoop4 is an open-source framework that most 
dramatically extends “share nothing” designs, thus allow-
ing for the distributed processing of large data sets across 
clusters of computers using simple programming models. 
Hadoop owes much of its heritage to proprietary archi-
tectures developed by Google to accommodate and index 
humankind’s knowledge. Google published the underlying 
principles of these efforts, called MapReduce,40 which hierar-
chically breaks tasks into smaller, independently achievable 
components, and the Google File System,41 which permits 
redundant, fault-tolerant computing and storage over com-
modity computing. Hadoop leverages these by creating its 
own distributed database architecture, HBase (derived from 
descriptions of the Google File System), and implementing 
MapReduce. Therefore, like Google, Hadoop is designed to 
scale up from a single server to thousands of machines, each 
offering local computation and storage. Furthermore, it is 
highly fault tolerant because it uses redundant storage and 
coordinated task scheduling; thus, it can accommodate very-
large-scale systems from inexpensive, commodity hardware 
rather than custom supercomputers or even enterprise class 
computer hardware.

The key innovation of Hadoop is twofold: (i) it brings com-
puting to the data through task assignment, rather than bring-
ing data to an analytic environment; and (ii) it creates analytic 
schema from raw data at read time through the MapReduce40 
model, rather than requiring traditional “extract–transform–
load” preprocessing against a fixed and typically lossy data 
transform.

Between open-source and commodity hardware, Hadoop 
has fundamentally changed the economics of big data pro-
cessing and is widely deployed in the biosciences and genom-
ics. Consistent with other models of distributed computing, 
Hadoop also enjoys orders of magnitude improvement in 
computing time, enabling problems that would ordinarily take 
days or weeks to complete in seconds or minutes. Therefore, 
Hadoop has become the dominant big data solution for NGS 
analysis. NGS is generating high-volume data and requir-
ing computationally extensive analysis; that analysis would 
be prohibitively expensive without Hadoop and its family of 
extensions.

Growth of Hadoop and its applications
As Hadoop grows more stable with new releases, researchers are 
becoming more comfortable using it (Figure 1). New related 
software extends Hadoop’s applicability to other areas of bioin-
formatics. For example, Mahout42 (a Hadoop machine learning 
library) can be used for classification (the automatic labeling of 
data) and clustering (forming groups of similar data within a 
larger data set), both useful in bioinformatics. The Hadoop and 
MapReduce approach is also being explored for automated rea-
soning and rule engines, which have tremendous potential. For 
instance, IBM’s Watson on Jeopardy has already used Hadoop to 
preprocess large unstructured data sets for automated reasoning.

The community around Hadoop is developing and increasing 
researchers’ confidence. The wealth of related software and grow-
ing availability of support make Hadoop the open-source solu-
tion of choice, and new related projects are on the way. Hadoop 
is already a key to delivering on the promise of bioinformatics. 
Because of its ability to store and process complex data of almost 
any kind, Hadoop provides a platform that makes it easier to 
integrate and analyze not just nucleotide sequences but also other 
clinical data. Combining diverse scientific data on Hadoop pro-
vides a huge opportunity for new approaches to understanding 
molecular function in gene activation and disease pathways.

Hadoop applications in nGS
In the world of NGS, there are a few Hadoop-based frameworks 
available, such as Cloudburst43 and Crossbow,44 that leverage 
Hadoop to perform “read mapping” (approximate string match-
ing for taking a DNA sequence from the sequencer and figur-
ing out where in a known genome it came from). Myrna34 and 
Eoulsan38 do the same but also extend the workflow to quantify-
ing gene expression and identifying differentially expressed genes 
based on the sequences. Contrail45 does Hadoop-based de novo 
assembly. These are essentially MapReduce implementations of 
existing software. Contrail offers an opportunity for research 
groups that do not have access to random access memory–rich 
computers to perform assembly on commodity clusters.

In addition, there are the projects that attempt to build a 
Hadoop infrastructure for NGS. These include Seal,46 which 
provides “map-reducification” for a number of common NGS 

Figure 1 the number of papers in Pubmed on big data topics relevant 
to translational research. NGS, next-generation sequencing.
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operations; Hadoop-BAM,47 which is a library for processing 
BAM files based on Hadoop, a common sequence alignment 
format; and SeqPig,48 which is a library with import and export 
functions to allow common genomic sequence formats to be 
used in a high-level programming environment for MapReduce 
called Pig.49 Some of us (M.H. and S.M.L.) are also developing a 
reliable association analysis toolset, which is built on the Hadoop 
and HBase framework, to analyze genetic variants in NGS.

cOmPARABLe And cOnSiStent dAtA
Standards as a basis for “high-texture” big data analytics
Progress on the road toward integrating big data—both 
high-volume genomic findings and heterogeneous clinical 
observations—into practical clinical protocols and standard 
 health-care delivery requires that providers, HIT vendors, 
federated knowledge resources, and patients can ultimately 
depend upon those data being comparable and consistent. 
Absent comparability, the data are more or less by definition 
not able to support inferencing of any scalable kind, such as 
automated clinical decision support. Without consistency, 
users of complex biomedical data will have to spend added 
resources transforming the data into usable and predictable 
formats that use interoperable semantics (vocabularies and 
value sets). There are two viable solutions to address heteroge-
neous data: (i) defining a “common representation” and trans-
forming all data into that common interlingua, or (ii) adopting 
standards at the point of data generation to obviate the costs 
and confusion that often emerge from data transformation. In 
this section, we give an overview of the status and promise of 
many clinical data standards used in health care today.

data standards for clinical genomic information
Below are the current standards for representation of genetic 
test results, associated metadata, and optional interpretation. 
Specifications for this vocabulary are currently detailed in the 
HL7 Version 2 Implementation Guide for Genetic Variation 
(detailed below).25 However, these vocabularies are in the pro-
cess of being extended for whole-genome or exome sequencing 
within the context of a broad set of clinical workflow scenarios, 
under the “Clinical Sequencing” project.

Reference sequences. To date, genetic data are reported as 
differences from a reference sequence or assumed “wild-type.” 
Currently, mutations are required to be defined in the context 
of a NCBI genomic or transcriptional reference sequence in 
RefSeq.50 However, many common genetic biomarkers are 
reported without a reference sequence, further necessitating the 
coding of somatic biomarkers.

Gene/mutation/variant/biomarker. Gene symbols are 
expressed as Human Gene Nomenclature Committee symbols, 
which also catalog historical symbols that may still be in use. 
Variants are expressed according to Human Genome Variation 
Society51 nomenclature standards, and cytogenetic variants 
are represented using the International System for Human 

Cytogenetic Nomenclature. dbSNP52 and COSMIC53 identifiers 
may also be included as additional information.

As mentioned, representation of biomarkers remains a gap. 
In the January 2013 meeting of the HL7 Clinical Genomics 
Workgroup with stakeholders from the HL7 Image Integration, 
Anatomic Pathology, and Laboratory workgroups, the work-
group approved coding tumor-specific clinical grade biomark-
ers in LOINC and providing these codes to NCBI for inclusion 
in several NCBI databases,54 including MedGen,55 for links to 
corresponding DNA changes in dbSNP,52 dbVAR,56 ClinVar,57 
and tests in the genetic test repository.58 A clinical partner (e.g., 
the College of American Pathologists) still needs to commit to 
this project, to provide biomarkers. This is a short-term solution, 
as the NCBI would extend its databases for biomarkers.

Genetic interpretation: clinical reporting. DNA variants with 
clinical implications “fit” into one or more clinical scenarios: 
(i) drug metabolism, (ii) drug efficacy, (iii) confirmatory 
diagnosis, (iv) predictive risk, (v) drug toxicity, (vi) prognosis, 
(vii) diagnosis or subtyping. Currently, LOINC codes support 
the reporting of the first four scenarios and extensions for the 
remainder are in progress. RxNORM59 and SNOMED CT60 are 
used for the coding of the interpreted drug or disease context.

Coded references to external knowledge include Online 
Mendelian Inheritance in Man,61 PubMed,62 PharmGKB 
(Pharmacogenomics Knowledge Base),63 and http://www.
ClinicalTrials.gov.64

HL7 Version 2 messaging and the genetic variation model. 
The genetic variation model specifies the structure and semantics 
for the transmission of genetic findings from single- or multiple-
gene testing using laboratory methods such as single-nucleotide 
polymorphism probes, genotyping, and sequencing. This may 
include NGS, if test results are reported for a gene panel.

Because US laboratories use HL7 Version 2 to transmit 
clinical test results, and this standard is used to implement 
Meaningful Use requirements, it followed to extend the stan-
dard and create a Version 2 Genetic Variation implementation 
guide for the clinical environment. With the implementation 
of this data messaging model, genetic test results flow from the 
genetic testing laboratory into the EHR as structured data.

The implementation guide describes how to construct a data 
message for genetic test results using many of the standards 
previously mentioned (LOINC, Human Gene Nomenclature 
Committee, Human Genome Variation Society, etc.). The 
guide is titled HL7 Version 2 Implementation Guide: Clinical 
Genomics; Fully LOINC-Qualified Genetic Variation Model, 
Release 2 (US Realm).25 Example messages in the guide include 
genetic disease analysis, pharmacogenomic-based drug metab-
olism, and drug efficacy. The Release 2 update to the guide 
includes the ability to transmit large data sets for tumor profil-
ing and sequencing.

HL7 Version 2 messaging and cytogenetics. Closely based 
on the Genetic Variation guide, a Version 2 cytogenetic 
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implementation guide is available for reporting of structural 
variants. Currently, cytogenetic data are reported in text-based 
narrative form and require development of a structured data 
model around the International System for Human Cytogenetic 
Nomenclature in order to make the data available for outcomes 
analysis and other secondary usage. The guide is titled HL7 
Version 2 Implementation Guide: Clinical Genomics; Fully 
LOINC-Qualified Cytogenetics Model, Release 1.65

Genetic test report for clinical document architecture. A 
clinical document architecture document is both human and 
computer readable. A clinical document architecture–based 
genetic test report document specification and implementation 
guide has been developed. Genetic testing methods are 
diverse and span testing for known germline mutations, to full 
sequencing of genes in tumor tissues in a search for somatic 
variations in cancer cells, to gene expression testing in clinical 
care. As a consequence of that diversity, the clinical document 
architecture genetic test report offers report formats on detailed 
but easy-to-understand interpretations of the test results, 
along with clinical recommendations, test information, and 
references.26

meaningful Use as a framework for electronic medical 
record phenotyping standards
In counterpoint to genomic standards are those surround-
ing the representation of clinical observations in electronic 
formats, such as EHRs. There has been no lack of thoughtful 
and even useful clinical HIT standards over the past several 
decades, the most ubiquitous and successful arising from HL7. 
However, adoption was not uniform, and more significantly, 
adaptations—while adding greater expressiveness and flex-
ibility—perniciously eroded interoperability (the capability of 
electronically exchanging health records while ensuring that 
people and machines, such as decision support engines, could 
faithfully understand them at the receiving end).

The emergence of Meaningful Use9 3 years ago has dramati-
cally transformed the clinical data landscape in the United 
States. Although most visibly driving the adoption of EHRs 
among clinical providers, it has more quietly created the de jure 
HIT standards for health information exchange between and 
among providers. These exchange standards have had every 
EHR vendor in the country focusing almost exclusively on 
implementing and supporting the clinical standards mandated 
by Meaningful Use. As recently as 5 years ago, sessions on the 
topic of data standards would attract small and somewhat irrel-
evant devotees at major HIT meetings; today standards sessions 
constitute core plenaries with overflow capacity, framing the 
basis for strategic conversations with health-care CEOs, provid-
ers, and those providing HIT support.

The specifics of Meaningful Use HIT standards do not intro-
duce radically new formats or vocabularies; rather, in phase 
II they sanction the use of one, and only one, vocabulary or 
format for clinical information. Examples include the uni-
versal requirement to represent drug ordering data using the 

RxNORM59 standard, rather than proprietary drug knowledge 
codes, unreliable National Drug Code numbers that would 
change with the number of pills in a bottle, or the cacophony 
of trade and generic names used throughout health care. Other 
endorsed standards include many HL7 structures, SNOMED60 
terms for problems lists, and LOINC codes66 for laboratory 
tests, rather than the perverse fashion for every clinical labora-
tory to invent its own idiosyncratic codes for things as ordinary 
as a serum glucose measurement.

The consequence of this sea change is that EHR data is asymp-
totically approaching the practical goal of comparable and 
consistent data. Although the granularity and detail that clini-
cians need and patients expect to make reliable inferences from 
clinical data remain elusive, the advent of scalable and practical 
applications of big data in the clinical domain has accelerated 
and continues as progressive versions of Meaningful Use con-
tinue to refine clinical data standard specifications.

diScUSSiOn
We have presented the emerging importance of large-scale 
data in health care and biological studies. We have pointed to 
our experience in the eMERGE consortium, and also to some 
transformative developments in computer science leading to 
affordable methods for big data processing. Nevertheless, we 
must emphasize the crucial importance of data comparability 
and consistency.

Halevy, Norvig, and Pereira, in their influential “The 
Unreasonable Effectiveness of Data,”67 contrast two approaches: 
elaborately curated rules and schema, or simply trusting to 
inferencing useful knowledge from more data. Their premise, 
and in fairness experience, is that more data yield more accu-
rate answers. Although this is arguably true for many machine 
learning problems, where more training data always seem to 
help, this may not always be true in biology and medicine. 
The misclassification problem, if badly distributed, can move 
controls into the case column, which simultaneously erodes 
statistical power through a bias toward the null and will also 
underestimate effect estimates. Indeed, one wonders if a major 
contributor to the well described but unexpected tendency for 
genomic associations with disease to be surprisingly weak in 
the face of clear inheritance patterns68 may be attributable in 
part to larger misclassification of case/control status than is 
often suspected. Even Peter Norvig, in many of his presenta-
tions, acknowledges that having more data is not always good, 
particularly if the incremental data are “dirty” or malformed.  
He uses examples around machine translation where adding 
Internet-sourced data full of misspellings or nongrammatical 
language to a well-curated corpus will make the training data 
bigger but in many cases provably not better.

We propose that more is not always better, if that more is “dirty” 
in the sense Norvig implies. Specifically, new biomedical infer-
ences will have hugely more power and accuracy if we aim big 
data methods at information that shares names and values; we 
do not want to waste analytic resources “discovering” that renal 
cancer behaves similarly to kidney cancer, when an ontological 
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assertion (such as a standard terminology) used in the beginning 
could render those terms comparably and consistently.

cOncLUSiOn
Health care has become a profoundly information-intensive 
industry. In parallel, the capacity and capability of modern com-
puting infrastructures continues to accelerate nearly beyond 
any human capacity to fully leverage the opportunities. The jux-
taposition of health care and computing can only result in their 
joint application, which promises to dramatically enhance the 
effectiveness and efficiency of health care. However, the flood 
of big data that may power this transformation remains fraught 
with noncomparable and inconsistent renderings. Although 
this may be a mere annoyance in many analytic problem 
spaces, patients and providers cannot be content with “the right 
answer” appearing somewhere on an information retrieval list-
ing, akin to a Google search. The safest and most promising 
application of big data in health care will be driven by clini-
cal and genomic data that are generated with or transformed 
into standards-based representations, to ensure comparability 
and consistency. There is convergence in both the genomic and 
the clinical phenotyping worlds, driven by the application of 
genomics to clinical practice and Meaningful Use. Together, 
these promise to make good on the promise of higher quality 
and lower cost health care in an information-driven industry.
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