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Summary
Genome-scale sequencing data have yet to be widely used in clinical medicine. Indeed, it is not clear whether 
the routine accumulation of massive amounts of largely uninterpretable genomic data will yield a net benefit 
in terms of improving health. Nevertheless, the use of genomic data is certain to grow, and the medical com-
munity will need to consider how much genomic data to store and how to interpret and communicate those 
data to both patients and providers. To meet these emerging challenges and ultimately facilitate the optimal 
use of genomic data, we advocate for the development of a two-pronged Genomic Clinical Decision Support 
System that encompasses the concept of the Clinical Mendeliome and introduces the concept of the Archival 
Value Criterion. The model we propose is designed to stimulate effective clinical use of genomic data, drive 
genomic research, and meet both current and future needs in medicine and research. 

The Challenges
It is now possible to sequence and acquire large amounts of genomic data within a reasonable time frame and 
at a manageable cost; yet our ability to analyze, interpret, and use genomic findings to guide clinical care lags 
far behind. The GenBank repository currently contains data on an astonishing ~150 billion bases and more 
than 150 million sequences, and the number of bases has doubled roughly every 18 months from 1982 to 
the present (See Figure 1). While the GenBank repository is not restricted to human data, the growth in the 
data is remarkable and serves as a testament to the pressing need to develop tools to understand and apply 
those data, both human and non-human, to improve the human condition. Indeed, efforts are underway to 
annotate, archive, and curate genomic data, and publicly available databases such as ClinVar, dbGap, DGV, 
and the Genetic Association Database now contain data on thousands of genes and gene variants, many with 
extensive annotation on functional impacts and validated phenotypes. Moreover, the National Institute of 
Health’s Clinically Relevant Genetic Variants Resource initiative and the Health Level Seven Clinical Genomics 
working group are pioneering efforts to harmonize individual efforts and databases.

FIGURE 1. 
Growth in genomic data stored in GenBank, expressed in terms of bases (left) and sequences (right). WGS = Whole Genome 
Sequencing (Whole Genome Shotgun). (Figure was freely available from GenBank at http://www.ncbi.nlm.nih.gov/gen-
bank/statistics.) 
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While these data sources are widely used for research, they are not yet applicable for clinical use. Thus, clinical 
genetic testing typically remains highly targeted, with the majority of genetic tests focused on discrete clinical 
situations and the relatively small number of genes that exhibit high penetrance and result in recognizable 
disease when mutated. Those genes for which sequence information clearly provides clinically actionable in-
formation (e.g., BRCA1/2, MLH1, MSH2) represent an even more constrained subset.

It remains to be seen whether genome-scale sequencing will be widely embraced in clinical medicine. It may 
transpire that because of falling sequencing costs and the provision of additional information, Whole Genome 
Sequencing (WGS) and/or Whole Exome Sequencing (WES) will become the most efficient strategy when any 
genetic query is clinically indicated and will eventually be applicable to the general population. On the other 
hand, it is not yet clear whether the routine accumulation of massive amounts of (mostly uninterpretable) 
data from genome-scale sequencing will yield a net benefit in terms of improving health. Indeed, the pursuits 
of both clinical medicine and public health have traditionally been best served by narrow testing based on 
substantiated evidence. The application of overly-broad testing brings with it many potential problems, in-
cluding inevitable false positive results, ambiguous results that beg for misinterpretation, and considerable 
downstream costs no matter how inexpensive the upfront cost of testing. Nevertheless, genome-scale analysis 
is likely to become more common, and the medical enterprise needs to grapple with the central question of 
how much genomic data should be stored and in what format.

AT A GLANCE
• Genome-scale sequencing is now economically feasible, yet routine clinical use of genomic data is 

hindered by challenges related to how much data should be stored in electronic medical records and 
best practices in the ethical use of those data in order to improve patient health.

• We envision a two-pronged Genomic Clinical Decision Support System that encompasses the concept of 
the Clinical Mendeliome as a patient-centric list of variants that are clinically actionable and introduces 
the concept of the Archival Value Criterion as a decision-making formalism that approximates the cost-
effectiveness of capturing, storing, and curating whole genome or whole exome sequencing data. 

• Our model addresses the perspectives of all stakeholders, from the patient to the clinical care provider to the 
genomics researcher, and is designed to meet both current and future needs.

• As a first step toward implementation of our model, we recommend the creation of a Task Force on the Clinical 
Mendeliome, charged with defining context-specific Clinical Mendeliomes and creating an initial set of Clinical 
Practice Guidelines for their use.
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A Framework for Genomic Clinical 
Decision Support Systems 
To meet these emerging challenges and facilitate the optimal use of genomic data, we advocate the 
development of a two-pronged Clinical Decision Support System (CDSS) for genomics that will: (1) provide the 
clinician with a dynamic visual snapshot of only those genomic data that are relevant to an individual patient; 
and (2) capture, store, and curate more comprehensive genomic data for ready access to address future clinical 
needs and enable genomic research. 

The concept of a CDSS dates to a seminal manuscript by Ledley and Lusted (1959) that provided a mathematical 
foundation for the application of computational techniques to improve medical diagnosis. Subsequent work 
built on that foundation, including an oft-cited study by de Dombal et al. (1972), who conducted a controlled 
clinical trial demonstrating that a CDSS produced significantly greater accuracy and reliability in the diagnosis 
of acute abdominal pain than did an attending physician. Numerous CDSS capabilities are now routinely 
incorporated into a diverse array of medical devices (as safety alerts and reminders) but have yet to be fully 
integrated into the healthcare environment (Mitchell, et al. 2011). The emergence of genomic medicine, 
coupled with increasing utilization of electronic medical records (EMRs) (Charles, et al. 2013), now provides 
a compelling stimulus for more widespread incorporation of Genomic CDSSs into the healthcare workflow.

Arguments in favor of the development of Genomic CDSSs are not new (Hoffman 2007), and theoretical 
prototypes have been developed (e.g., Douali & Jaulent 2012; Masys, et al. 2012), as well as a few clinical 
prototypes (e.g., Neri, et al. 2012; Foreman, et al. 2013). The functional and technical challenges also have 
been thoroughly laid out and include a lack of data standards, difficulties integrating multiple sources of data, 
absence of consensus in the adjudication of variants, dearth of standardized phenotype data, incomplete or 
missing annotation on methodology, and issues related to privacy and quality control (Kawamoto, et al. 2009; 
Ahalt, et al. 2014; Jacob, et al. 2013; Marsolo & Spooner 2013). However, a critical issue that has not received 
adequate attention is the amount and type of genomic data that should be incorporated into a Genomic 
CDSS to satisfy the needs of all stakeholders, including clinicians, patients, researchers, healthcare insurance 
providers, and hospital or medical center administrators and legal representatives. This issue is central to the 
implementation of genomic medicine. As with all medical endeavors, the penalty from too little information is 
readily apparent—but grave penalties also loom when excessive, redundant, and uninterpretable information 
populates the EMR, risking pervasive harm through distraction, misinterpretation, and increased cost.

Historically, CDSSs have been viewed as tools for the clinician to use to improve patient care. This perspective 
likely arose and persisted as a result of the initial use of CDSSs as computer-assisted diagnostic tools. We argue 
that this clinician-centric focus, while valuable, should be expanded from providing mere passive alerts for the 
clinician to a proactive model that encompasses the perspectives of the diverse stakeholders who participate in 
both patient care and research. Such a change in framework can in turn guide decisions about which genomic 
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FIGURE 2. 

A Proposed Model for a Genomic CDSS. (Image courtesy of RENCI.)

1 We use the term “Clinical Mendeliome” not to suggest that all genetic diseases are Mendelian, but rather to capture the essence 
and simplicity of our approach, which targets only those variants with established clinical validity and utility.

THE CLINICAL  
MENDELIOME
To do no harm,  

to do some good

THE ARCHIVAL 
VALUE CRITERION

To save or to  
discard the data

data should be incorporated into the EMR and associated Genomic CDSS. The contrast between our ability to 
cheaply collect and store massive amounts of genomic data and our inability to effectively use most of those 
same data forces us to navigate a balance between the Scylla of too little information and the Charybdis of 
littering the EMR with so much data that meaningful information is diluted to the point of irrelevance and 
concerns regarding provenance, governance, security, privacy, and storage costs become paramount.

A New Vision for a Genomic CDSS
We argue for a two-pronged solution to this challenge (Figure 2). For the first prong, we advocate the concept of 
the EMR retaining information focused upon the Clinical Mendeliome,1 a patient-centric list of variants that po-
tentially affect clinical care, guided by the principals of “do no harm” and “do some good.” This approach ad-
dresses the dilemma of too much information and too little by first prioritizing variants found in genes known 
to be implicated in human disease (currently ~3,000 of ~22,000 genes). The variants to be included would be 
based upon evidence from published literature and public databases and emphasize a minimal set of genetic 
variants of known status with regard to utility, pathogenicity, and actionable treatment options. Importantly, 
these variants would be linked in the Genomic CDSS to pertinent aspects of the patient’s demographics and 
history. Such a panel of variants in a select number of genes, the Clinical Mendeliome, could be automatically 
generated through a rules-based search engine or selected on the basis of a defined number of parameters 
chosen by clinicians (i.e., a clinical “order”).



6 Clinical Genomics: How Much Data is Enough?

The relevance of genomic variation for any given individual is critically affected by context. Thus, an individual 
patient’s clinical status and demographics must guide the construction of variant lists in the Genomic CDSS 
such that those variants most relevant to a patient’s care, in the appropriate context, would be presented for 
analysis. In healthy individuals (i.e., those without obvious disease), for whom genomic analysis is pursued 
as a screening modality for prevention (Evans, et al. 2013), a highly curated gene list based upon general de-
mographics would be generated, and only those variants meeting a very high bar with regard to pathogenici-
ty, predictive value, clinical utility, or pharmacogenomic relevance would be displayed in the Genomic CDSS. 
In each context, the Genomic CDSS must include a simple, dashboard-style interface that would display the 
mendeliome results for individual patients, along with complete annotation on each variant (including a mea-
sure of reliability of the variant) and an algorithm of actionable clinical measures that should be taken, again 
defined using evidence from the published literature and publically available databases. One could envision 
an extension of this interface to include a visual representation of variant data and treatment outcomes for a 
comparative population of patients with a similar genetic profile (Mane, et al. 2012). The mendeliome results 
could also be incorporated into a patient’s Personal Health Record (Tang, et al. 2006), in line with the Meaning-
ful Use incentives afforded by the Health Information Technology for Economic and Clinical Health Act of 2009 
(Blumenthal & Tavenner 2010), as well as the transition from volume- to value-driven accountable care, and 
satisfying the long-term interests of patients, clinicians, and insurance providers.

For the second prong, we introduce the concept of the Archival Value Criterion, a decision-making formalism 
that addresses the dilemma of “to save” or “to discard” genomic data. We envision that WGS/WES data will be 
incorporated into the EMR as an underlying data layer (perhaps as vcf files) that includes extensive annotation 
on how the data were collected/stored/curated and a reliability measure(s) on the quality of the data. These 
data would not be proximal to the provider, so as to eliminate excessive and irrelevant data, but the data would 
be accessible and available for both future clinical needs (as new genomic information arises and the mende-
liome is updated accordingly) and research purposes (with appropriate consent or de-identification; Gymrek, 
et al. 2013). The data would also be available for upgrade to the provider dashboard, allowing proactive mon-
itoring and alerting for cases in which new annotation or pharmacogenomic indicators arise. The data could 
also be combined with (de-identified) data from the Genomic CDSS, thereby enabling clinical care to directly 
stimulate and guide new research.

The cost-effectiveness of capturing, storing, and curating WGS/WES-derived data is simple to calculate to a 
first approximation. We suggest the following formalism as the Archival Value Criterion (AVC) for determining 
cost-effectiveness: AVC = (Preuse × S′)/S, where S is the total cost for the storage and curation of sequencing data, 
Preuse is the estimated probability of reuse, and S′ is the cost of regeneration. We propose that an AVC metric 
>102 suggests data archiving rather than data regeneration. After data have been archived, the AVC metric 
for removal should be much lower, perhaps <10-6. We note that the AVC is influenced by numerous factors, 
including compression, secondary factors such as staff time and resource reallocation, and time-dependent 
parameters (see Wilhelmsen et al. [2013] for a detailed discussion), but the AVC as presented herein provides a 
useful formalism to estimate the cost-effectiveness of archiving genomic data. 
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The Upshot
Our vision of a two-pronged Genomic CDSS encompasses the concept of the Clinical Mendeliome and intro-
duces the concept of the Archival Value Criterion. Our model embraces the perspectives and facilitates the 
goals of stakeholders from proximal clinical encounter to distal research endeavors. Such an approach enables 
genomic medicine to facilitate genomics research and vice-versa and provides incentives to promote industry 
commoditization of the stored genomic data.

The Big Picture
As a first step toward realizing our vision and implementing our Genomic CDSS model, we recommend the 
creation of a Task Force on the Clinical Mendeliome. The task force would be charged with defining context-spe-
cific Clinical Mendeliomes and creating an initial set of Clinical Practice Guidelines for their use. The task force 
would be comprised of various stakeholders with expertise in clinical genomics, genetics, information tech-
nology, computer science, and bioethics and include, for example, members of the American College of Med-
ical Genetics and the National Consortium for Data Science, as well as members representing the Clinically 
Relevant Genetic Variants Resource initiative and the Health Level Seven Clinical Genomics working group. By 
bringing together stakeholders with different interests and areas of expertise, the task force would be well po-
sitioned to identify solutions to the inevitable challenges that will arise when addressing the central question 
of “how much data is enough” for the care of patients and furtherance of research.
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