Chapter 15
Precision Pediatric Genomics: Opportunities
and Challenges

Kristen L. Sund and Peter White

Abstract Precision medicine holds substantial promise for moving beyond the
treatment of typical patients to the development and application of evidence-based
precision care. As the nation embraces this new healthcare model, we emphasize the
importance of utilizing phenotypic and genomic data of increasing volume and vari-
ety for accelerating disease discovery, translational science, and individualized care
of patients. This requires a commitment that incorporates specific researcher, care
provider, and disease-focused pursuits within a larger community of coordinated
practice across and between each care institution. The change required to ensure a
sound future for genome-centered care encompasses technical, data, behavioral,
and organizational practices. Within pediatric institutions, enterprise-level commit-
ment will be increasingly required to ensure that caregivers, researchers, patients
and families, and patient support systems are sufficiently literate and invested in the
promise of genomic medicine. We review here a number of successful and emerg-
ing trends in developing and implementing genomic practice at the level of an orga-
nization. These include broad patient ascertainment, consent, and regulatory
practices; collection, representation, harmonization, and responsible sharing of
genomic and observational data for large patient populations, including through
electronic health record systems; rapid and robust analysis of genomic data for dis-
covery and clinical decision-making; and empowering stakeholders to most effec-
tively make use of newly generated genomic knowledge. We also discuss the
importance of developing social structures that combine and maximize awareness,
learning, and participation for genomic medicine. We include descriptions of the
Center for Pediatric Genomics at Cincinnati Children’s Hospital and the multi-insti-
tutional Genomic Research and Innovation Network as illustrations of enterprise-
level genomic programs. Institutional commitments to integrated genomics practice
will ensure the progression of genome-based pediatric practice, as well as deeper
insights into the molecular basis of complex childhood disorders.
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15.1 Existing Models for Broad Patient Enrollment

Much focus in the “big data” era involves technology and analytical methods. An
additional and often overlooked challenge for establishing and generalizing genomic
and precision medicine studies is the development of robust and scalable regulatory
and compliance processes. Precision medicine initiatives across the country use a
variety of models for consent and enrollment of participants. Such efforts require
balancing the desire to facilitate the efficiency and quality of research with the
proper protection of subjects. Solutions are often complicated by a wide range of
local, state or district, federal, and international regulatory practices that are fre-
quently evolving, ambiguous, and occasionally in conflict. Current practices range
from a resource-intensive full, in-person consent, to an intermediate mail-in con-
sent, to a revised “consent to treat.” Ethical enrollment needs to incorporate assur-
ance that participants sufficiently understand a study, which often incurs a substantial
educational effort for genomic studies. To assist with such costs, innovative meth-
ods of implementation are developing around electronic consent processes and
patient-centered portals. Multimedia tools and technologies include interactive
computer and touch-screen presentations, take-home audiotape supplements, video
vignettes, and powerpoint slideshows (Nishimura et al. 2013).

Two major institutional projects illustrate successful paths to broad patient
enrollment, phenotype documentation, and sample acquisition. Geisinger Health
System has a partnership with Regeneron Pharmaceuticals to generate sequencing
data for up to 250,000 individuals combined with electronic medical record data for
participants, as part of Geisinger’s MyCode Community Health Initiative. (Carey
et al. 2016). MyCode enables study participants to enroll through a prospective, in-
person consent process. Participants contribute biomaterials for a centralized bio-
bank and provide permission to link these samples to phenotypic data collected in
the Hospital’s centralized electronic health record (EHR). MyCode samples can be
linked to clinical EHR data through a data broker who can access identified data. As
of September, 2015, more than 90,000 patients had enrolled in the biobank, includ-
ing 3600 pediatric patients that were enrolled through parental consent. Patients
contribute a median of 60 clinical visits and 12 years of phenotypic data from the
EHR. This data resource often requires extensive mining for re-use, including the
use of natural language processing. For this work, Geisinger has leveraged efforts
for developing methods for computable phenotyping, as supported by the NIH’s
Electronic Medical Records and Genomics (eMERGE) Network (Gottesman et al.
2013). To extract a cohort, custom-validated phenotypic algorithms are designed for
clinical traits of interest and extracted using the Phenotype KnowleledgeBase
(PheKB) (Rasmussen et al. 2014). Inclusion criteria are defined by extracting phe-
notypes from billing codes (CPT, ICD-9), laboratory results, and vital signs.
Participants enrolled in MyCode agree to be re-contacted for clinically actionable
results, and examples of the types of results that will or will not be returned are
provided to subjects and/or their parents. An oversight committee has been estab-
lished to determine which clinically validated results should be returned and the
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most appropriate process for returning the information. Clinically actionable results
are added to the patient electronic chart, and the patient is provided subsequent
access to genetic counselors and other experts to discuss findings.

The Mayo Clinic is a nonprofit healthcare organization engaged in medical care,
research and education throughout the US. Mayo’s Center for Individualized
Medicine aims to bring the latest discoveries from research to the clinic in the form
of new genomics-based tests and treatments. Mayo has established a large collec-
tion of biological samples with associated patient-reported health information and
electronic medical record health information (Ridgeway et al. 2013) . This was
accomplished by recruiting patients who responded to a mailed consent. Patients
scheduled for primary care appointments are randomly recruited by mail and
through recruitment desks in two locations. For mail enrollment, completed materi-
als can be returned via an enclosed postage paid envelope. The Mayo clinic has
started to enroll healthy patients in a whole genome sequencing protocol in partner-
ship with Helix (more on page 305).

Among Children’s Hospitals, two are particularly notable for having invested in
institutional approaches to broad patient enrollment. The Center for Applied
Genomics at the Children’s Hospital of Philadelphia (CHOP) is a long-established
program that pioneered the idea of broad consent for genomic studies. CHOP has
established a patient recruitment network across its busiest healthcare intake facili-
ties that utilizes research coordinators for consenting both healthy and unwell chil-
dren and parents. Subjects are asked for a short medical history synopsis, and their
EHR data is linked to blood and DNA samples in a central warehouse in a de-
identified manner. This resource, which encompasses nearly 400,000 samples, has
been used for genome association (GWAS) and sequencing studies for many dis-
ease projects, including obesity, diabetes, autism, ADHD, and asthma, and as a
healthy control cohort for analysis of structural variation (Bonnelykke et al. 2014;
Bradfield et al. 2012; Elia et al. 2010; Gai et al. 2012; Hakonarson et al. 2007;
Shaikh et al. 2009). Finally, in support of their institutional biobank of 800,000
samples and their enterprise genomic efforts (see below), Cincinnati Children’s
Hospital has instituted an opt-in consent for broad use of residual blood samples
that is incorporated into the patient registration process. Consents and samples are
linked to the de-identified institutional data warehouse, which is accessible for
research studies with IRB authorization and an honest broker policy. These efforts
have led to a number of scientific advances, notably including GWAS-based discov-
eries for a number of diseases through the NIH’s eMERGE (Bush et al. 2016;
Gottesman et al. 2013; Hall et al. 2015; Namjou et al. 2013, 2015).

15.2 Phenotypic Data Standardization

A paradox of precision medicine is that although the focus is on the individual
patient, deriving confidence in an individualized treatment plan requires sizable
patient populations, in order to obtain statistical rigor for stratifying subpopulations
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in terms of onset, course, outcome, or intervention. Moreover, requirements for
patient and data volumes increase dramatically for complex genetic disorders. As
genomic sequencing costs continue a trend towards affordability, a number of proj-
ects have been initiated to generate genomic datasets for large cohorts. These
include the ExAC consortium (90,000 existing whole exome sequences), and plans
for the National Heart, Lung, and Blood Institute’s Genome Sequencing Program
(70,000 subjects), the UK Biobank (500,000 subjects), the Million Veteran Program
(1 M), the NIH’s Precision Medicine Initiative (PMI) (1 M), and a similar PMI ini-
tiative soon to be launched in China. While tremendous in scale and opportunity,
this nature of genomic effort generally does not collect phenotypic data of suitable
granularity for many pediatric disorders, due to disorder rarity and variability in
presentation. Therefore, for genetic diseases of childhood, precision medicine often
requires both large-scale and highly precise collection of phenotypic data. Especially
for rare disorders, this collection process typically requires the formation of
pediatric-focused data networks (see Chap. 10), where multiple institutions together
share this data and collaborate on a collective study or output. Data sharing across
institutions introduces the need for data representation and data quality standards, in
order to ensure interoperability, reproducibility, and effective re-use. The granular-
ity, completeness, expansiveness, and level of rigor needed to properly conduct
these studies often exceeds what is available in EHR data, which can introduce a
need for ancillary collection of additional data to support specific avenues of discov-
ery. However, patient clinics are busy and overloaded clinicians are not traditionally
focused on or incentivized for augmenting phenotypic data for research evidence-
based medicine studies. Much of the data in the clinical chart that is useful for
research studies is typically in unstructured clinician notes. Further, customized
data capture systems are expensive, poorly generalizable, and often challenging to
implement across multiple institutions. The ideal is to improve the quality of data
input in the clinic, but this will first require optimization of EHR phenotyping tools
and large-scale culture change (learn more in Chap. 10).

As global solutions for standardized data capture and representation continue to
evolve, local data representation efforts relevant to genome-based phenotyping are
emerging. One important new standard is The Human Phenotype Ontology (HPO)
(Kohler et al. 2014). This project was established to create a comprehensive struc-
tured nomenclature around abnormal human phenotypes, to facilitate communica-
tion about the phenotypes and associated genetic findings, and to establish
consistency in disease representation. The HPO initiative has built upon many years
of ontology efforts used for phenotype-based characterization of several model
organisms, which was pioneered and led by the Gene Ontology Consortium (Gene
Ontology 2015). While initial concentration was on dysmorphologies, HPO has
more recently grown to include a more complete representation of organ systems,
tissues, and disease states. In 2014, HPO’s data dictionary included 10,088 terms
that describe human abnormalities and disease. About half of these terms are also
associated with more extensive descriptions on affected cell type, function, embry-
ology, and pathology. These descriptions can be used with phenotypic data in other
model organisms through Gene Ontology and organism-specific term mappings.
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HPO is structured as a directed acyclic graph, allowing for parent and child term
groupings. Terms are defined and tied to known associated genes and diseases
through annotations that include Online Mendelian Inheritance in Man (OMIM)
and DECIPER (Amberger et al. 2015; Bragin et al. 2014), MySQL, and/or other
web-based tools. A number of disease or function-focused ontologies have adopted
HPO as a framework to promote semantic interoperability. As an example, The
Monarch Initiative (Mungall et al. 2015) contributes another extension to HPO by
creating semantic similarity algorithms across species for assessment of genetic
variants and phenotypes. The Monarch web portal allows for upload and filtering of
whole exome data with immediate comparison to known animal phenotypes and
genotypes for diagnosis and disease mechanism research. Multiple groups are
working to optimize the availability and use of HPO language through automation,
adoption into clinical flows, and incorporation into commercial tools (Hamosh et al.
2013; Girdea et al. 2013).

15.3 Genomic Data Standardization

In order to realize the potential of genomic variation underlying human disease,
large datasets will have to be processed and analyzed in unison, particularly for
interpretation of rare variants. As technology has advanced and data processing
costs continue to exponentially decrease, the major challenge has shifted from gen-
eration to interpretation of genomic data. To begin the process, standardized pheno-
types are compared to variants identified through targeted, whole exome, or whole
genome sequencing to look for associations between phenotypes and genotypes.
However, wet and dry lab practices vary across the world, and the large scale data
from different sources will not be comparable without measures to align data pro-
cessing and annotation for optimized interrogation.

The Global Alliance for Genomics and Health (GA4GH) (Lawler et al. 2015)
was created to develop standards for broad data sharing around the world. This team
recognizes that the future of genomic interrogation lies in the interpretation of large
data sets—and that this effort will require interoperability between dataset nomen-
clature and annotation. The Global Alliance Data Working Group created a free
Application Programming Interface (API) to facilitate exchange of next generation
sequencing data across diverse organizations and platforms. In addition to data stan-
dardization, the API provides variant annotation and genotype/phenotype associa-
tion data. GA4GH has also participated in work with the Matchmaker Exchange
(Buske et al. 2015; Philippakis et al. 2015) to create a federated platform for match-
ing genomic variants and phenotypes with disease gene experts across disparate
sites, in order to establish a distributed interpretation service. A number of clinical
genetics laboratories participate in Matchmaker Exchange around the world. This
network provides improved annotations for known and uncertain variants. These
annotations can then be added to public annotation datasets such as ClinGen,
ClinVar, dbSNP, and COSMIC.
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The GA4GH recognizes that the challenges associated with genomic and health
information data sharing are not purely technical. To address the reluctance of some
investigators to share data, one of the first initiatives of GA4GH was to create a
“Framework for responsible sharing of genomic and health-related data (Knoppers
2014).” The purpose of this document is to foster responsible data sharing through
(1) respect for individuals, families and communities; (2) the advancement of
research and scientific knowledge; (3) the promotion of health, well-being and
equality; and (4) fostering trust, integrity and reciprocity. The core elements of the
framework are transparency, accountability, engagement, data quality/security, pri-
vacy/data protection/confidentiality, risk-benefit analysis, recognition/attribution,
sustainability, education and training, accessibility, and dissemination. The frame-
work is designed for community-wide adoption, irrespective of GA4GH
membership.

Data standardization is also a key focus for a public-private-academic collabora-
tion known as the The Genome in a Bottle Consortium (Zook et al. 2014). The
partnership is hosted by the National Institution of Standards and Technology
(NIST). The primary goal of this Consortium is to develop technical infrastructure
for implementation of genome sequencing into clinical practice. To do so, the
Consortium is putting into practice a set of genomic technical and methodology
reference standards, and making reference genomic data available to the public.
These standards have been adopted by many clinical and research laboratories,
resulting in a substantial increase both in site-specific quality, and also in participa-
tory improvement of best practices. The Genome in a Bottle Consortium has also
formed an analysis group to develop high quality phased variant calls for others to
use as a benchmark for their data processing pipelines. The references will be able
to identify potential biases in sequencing methods and give users the ability esti-
mate the confidence of reported variant calls. The group’s focus includes overcom-
ing specific challenges in the areas of short read assembly, structural variants and
phasing. As each of these challenges are addressed, the updated infrastructure is
made available to the public.

15.4 Federated Genotype/Phenotype Searches for Cohort
Expansion

Data fragmentation has made the task of cohort expansion challenging, particularly
in rare disease. A major challenge is the lack of open data exchange, as such data is
usually sequestered in individual laboratories, focused disease networks, and insti-
tutions. This is confounded by issues of patient consent and data ownership. The
Matchmaker Exchange (MME) (Philippakis et al. 2015) was created to address
these challenges by establishing a network of genomic/phenotypic data sets that are
accessible through a central API. To optimize institutional regulatory infrastructure
and maintain the ability to obtain longitudinal data, the collaborative group opted to
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build a federated network that is connected through a common API. Programs that
wish to participate must:

* Require users to submit case level data

» Establish at least two point-to-point API connections

» Contain useful genomic/phenotypic data content

* Implement algorithms for variant matching

* Enable dual notification of data requestor and data depositor, including sharing
user identities and contact information

* Submit disclaimers for the open-source code repository to GitHub

» Store queries over time for auditing purposes

* Meet data and infrastructure security criteria

The API facilitates queries that are executed in the data stores of participating insti-
tutions, along with the response that provides information about potential matches
(Buske et al. 2015). To standardize terminology, the MME API uses HPO terminol-
ogy (Kohler et al. 2014) for phenotype representation and Sequence Ontology
(Eilbeck et al. 2005) terms for genotype. Current efforts revolve around simple
matching for cohort expansion of rare disease based on a common phenotype or
genotype. The long-term goal is to transition to a model that allows one-sided
hypothesis matching that enables a single submitted variant to be compared to pre-
viously submitted and broader datasets, such as total variant sets (VCFs) from one
or more additional individuals of interest. The MME is an open-source example of
the changing environment in big data science that will make possible broad-scale
variant data sharing.

15.5 Genomic Data Sharing

Historically, the size and complexity of pediatric datasets has been substantially
limited by data attainment costs and single investigator-focused academic models.
These constraints have been largely eliminated through technology advances, as
well as the realization that the genetics of most disorders is multifactorial. As
molecular data acquisition costs continue to fall, the field is quickly accumulating
large data sets that overcome localized informatics and IT capacities, both in terms
of IT infrastructures and sufficient knowledgeable personnel. Large-scale genomics
initiatives are thus following the lead of other data-intensive scientific disciplines
such as meteorology, climate science, and astrophysics. Through the concepts of
team science and distributed infrastructures, these initiatives have transitioned from
local resources to shared data and elastic compute facilities, often referred to as the
“cloud”. Well-executed cloud storage and computing provides several opportunities
for accelerating high-quality science, but it also challenges existing researcher and
institutional behavior paradigms. A cloud architecture provides the means for read-
ily establishing a disease or project-focused commons for collaborating institutions
to store data, develop and execute applications, and share both data and results. This
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arrangement benefits scientific discovery by sharing and economizing infrastructure
costs, as well as by building trust through facilitated data sharing and dissemination.
The growing advent of open data initiatives is illustrative of the attraction to such
models. Cloud infrastructures address many performance questions by offering
seemingly unlimited, on-demand storage and compute resources that are connected
through high-speed networks. Thus, the cloud offers a model for scalability both in
terms of data storage and compute capacity, while allowing participating institu-
tions autonomy to make their own analysis workflow decisions. However, the cloud
environment also represents new challenges to genomic data sharing from legal,
regulatory, behavioral, and security perspectives (Dove et al. 2015). Potential hid-
den costs of cloud architectures include perceptions of inappropriate data use, the
need for compromise in choosing appropriate technology and analytical strategies,
and short-term costs required to convert local workflows to a distributed computing
environment. Additionally, conversion to a cloud environment can create service
provider dependencies, as well as increasing the need for well-defined data, intel-
lectual property, and academic credit governance. Nevertheless, a number of
genomic initiatives are moving to a cloud strategy. These early adopters are typi-
cally consortium-based projects that can leverage a strong central incentive for par-
ticipation. In this section, we focus on one phenotype—autism spectrum
disorder—and the work being done in this disease to make genomic data more
accessible to researchers.

Autism spectrum disorder (ASD) is a collective neurodevelopmental diagnosis
that includes manifestations of impaired social interaction and communication
skills. The diagnosis is made in 1:500 children— these children meet criteria set
forth in the diagnostic and statistical manual of mental disorders, 5th edition (DSM-
5). The etiology of ASD is not well understood, but it is likely due to some combi-
nation of environmental and genetic factors, and there is substantial evidence
supporting a sizable heritable component (Hallmayer et al. 2011). Organizations
that support ASD research have invested significantly in whole genome surveil-
lance, which has led to indications of genomic complexity (Gai et al. 2012;
Geschwind and State 2015). In particular, parallel initiatives organized by the advo-
cacy groups Autism Speaks and the Simons Foundation are coalescing their autism
genomic research infrastructures using a cloud strategy. Both organizations have
recently partnered with cloud providers to share large-scale genomic data with
researchers.

MSSNG is a partnership between Autism Speaks and Google Genomics to
sequence 10,000 individuals from the NIH-sponsored Autism Genetic Research
Exchange Repository, itself a consortium designed to share genomic data from fam-
ilies with a member affected with ASD. The effort aims to provide sequences, anno-
tations, and phenotype data to autism researchers through the Google Cloud
Platform (Yuen et al. 2015). Genomic efforts of this magnitude, which generate
petabyte scale data and enormous computational requirements for iterative analysis,
outstrip the ability of any single pediatric institution to support. Google Genomics
created an API under the standards of GA4GH, which can be used to access data for
the MSSNG project. At the same time, MSSNG has created a data use agreement
that creates an environment for responsible data sharing. Participating users must
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agree to a number of shared governance provisions, including use restricted to
research; and compliance with MSSNG’s privacy, intellectual property, academic
credit, and compliance policies.

The Simons Foundation Autism Research Initiative began to explore the genetics
of autism spectrum disorders through the collection of copy number variation data
generated by microarray-mediated genome surveillance (Fischbach and Lord 2010).
The organization subsequently supported the generation of genomic sequencing
data over time. The current Simon’s data resource contains sequence and associated
phenotypic data from 2600 quadplex families with a child who has a diagnosis of
autism spectrum disorder, as well as an unaffected sibling to serve as an internal
control. The data can now be accessed through a commercially-supported platform
after researchers sign a data agreement similar in scope to the MSSNG governance
policy. The Simons data resource includes applications for data processing, includ-
ing GATK (Van der Auwera et al. 2013) and FreeBayes.

15.6 Implementing Genomics in the Clinic

New focus and investment in precision medicine is re-emphasizing the need to
make genomic discoveries translatable. The implementation of genomic informa-
tion into clinical work flows will require a transformation in culture and training,
data infrastructure, and patient education. A number of existing efforts are explor-
ing the burden and developing methods to overcome these barriers. The NIH-
supported MedSeq (Vassy et al. 2014) and BabySeq (Frankel et al. 2016) projects
are randomized, controlled trials that simultaneously enroll patients and their physi-
cians in a comparison of the current standard of care to the standard plus the addi-
tion of whole genome sequencing results. Babyseq, modeled after MedSeq, enrolls
newborns and their parents in both standard, healthy settings at an adult hospital or
in the context of a neonatal intensive care unit at a children’s hospital. Subjects are
randomly assigned to receive standard newborn screening results either with or
without genome sequencing results. Parents return after 6 weeks for a disclosure
interview where they receive results related to childhood-onset conditions, carrier
status, and pharmacogenomics. Participants are asked to complete surveys about
their experience at enrollment, disclosure, and again 3 and 10 months after disclo-
sure. Both the BabySeq and MedSeq projects are building communities of genom-
ics practice by educating patients/families and clinicians in a variety of settings.
These projects also build trust with their patients and the broader community, a
necessary step in the implementation of new technologies.

Another NIH-sponsored initiative, Implementing GeNomics In PracTicE
(IGNITE) (Weitzel et al. 2016), is considering a variety of data types in planning for
genomic implementation. IGNITE comprises six projects that are creating genomic
practice models for results dissemination in electronic health records, with EHR-
enabled clinical decision support (CDS). Current projects aim to explore genetic
markers for disease risk prediction and prevention, develop tools for family history
data in diverse settings, incorporate actionable pharmacogenomics data into clinical
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care, refine diagnostics through mutational analysis, and develop new educational
approaches. The network collects data on clinical indications, family history, genet-
ics and outcomes, including individual patient genetic and pharmacogenetics test
results. Genomic data collected in the IGNITE studies is expected to inform patient
care decisions, such that all genetic testing is carried out in a CLIA certified clinical
laboratory. The IGNITE goal is to link outcomes to genomics-informed clinical
decision-making to determine how this information improves patient care. While
nascent, this strategy represents a promising future direction for personalized
medicine.

The US Government’s Health Information Technology for Economic and
Clinical Health (HITECH) Act included a Meaningful Use incentive that led to the
broad adoption of EHR systems. While the use of electronic systems is leading to
the ability to transmit health information across institutions, substantial challenges
in data formatting and implementation remain, and the readiness of healthcare orga-
nizations to return genomic results is limited (Tarczy-Hornoch et al. 2013). If exe-
cuted properly, genetic and genomic results collected in the EHR will be available
for use in precision medicine and research, though each area faces different chal-
lenges (Marsolo and Spooner 2013). Two major NIH-funded initiatives, eMERGE
(introduced on p. 296) and the Clinical Sequencing Exploratory Research (CSER)
program have recently collaborated to assess the current state of inclusion of genetic
information in the EHR and to envision a potential future state (Shirts et al. 2015).
Not surprisingly, these groups indicated substantial heterogeneity in the methods
used to integrate genetic data into the EHR, and the location and accessibility of the
data in the record. For the majority of genetic data types, more than half of the
reporting institutions replied that the genetic data was stored as text blobs, such as
in PDF format. Many institutions report the presence of genetic information in mul-
tiple places in the EHR record, and the majority reported that the source laboratory
was the largest determining factor of information location. Interestingly, only 42 %
of institutions reported a centralized effort to consolidate genetic information in the
EHR. The CSER-eMERGE EHR Integration Working Group proceeded to priori-
tize a list of 20 recommendations for improvement of methods to store genomic
data in the EHR, and those ranked highest were all related to improving clinical
decision support. As most data warehouses pull from discrete EHR data, it will be
crucial to find ways to organize genomic results data and make it queryable both for
research and precision medicine care. The level of access required is also under
discussion, as current EHR systems are not equipped to handle large processed or
raw genomic data.

15.7 Towards Applications for Consumer Genomics

As technical capabilities evolve to more readily accommodate genomic data, many
companies are exploring models of consumer-driven, consumer-oriented use of
genome results. These companies are implementing patient-facing applications to
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return genomic results, share genomic data, and engage in research opportunities. It
is now possible for a consumer to have their whole genome sequenced and to have
results returned to their mobile device without a clinical entity serving as an inter-
mediary (direct-to-consumer (DTC) genetic testing). DTC genetic companies are
likely to accelerate the exposure of the public to genomic testing through ease-of-
use tools. Interestingly, customers will form opinions—good or bad—about
genomic medicine based on their experiences with DTC vendors. There is great
potential to gain or lose community trust around these technologies if they are not
sufficiently validated, do not provide reliable, useful information to the client, or do
not provide good customer support when unexpected genetic results are returned.
Recently in the US, in response to concerns regarding the value and accuracy of
DTC genetic testing, the Food and Drug Administration has begun to regulate pri-
vate service providers. The proper balance between consumer choice and the need
for clinical oversight of genomic results interpretation is a topic of considerable
current debate (Evans et al. 2010; Green and Farahany 2014)

An increasing number of established companies and new start-ups are entering
the market to utilize personalized devices for genomics test results, or for participat-
ing in research. In the beginning of 2016, the company 23andMe partnered with
Apple to develop a consumer data application to share genomic and health informa-
tion data with researchers through an iPhone application (23andme 2016). This
partnership includes use of Apple’s ResearchKit development platform that is
designed to accelerate biomedical research. Veritas Genomics (Genomeweb 2016)
is the first genome sequencing company that is offering direct-to-consumer whole-
genome sequencing and interpretation. Veritas delivers results of medically action-
able genes though a digital report that can be explored with a dedicated application
(Ray 2016). In this space, the challenges appear to be focused more around con-
sumer understanding and consent than technical needs. Furthermore, the follow up
care needed by these patients will likely occur in genetics specialty clinics that
already have long waiting lists for patients. Additionally, many clinicians in these
clinics are focused on Mendelian disease and may not have the answers desired by
consumer driven genomics.

One potential pathway for empowering consumers while simultaneously provid-
ing appropriate clinical guidance is partnership between DTC providers and aca-
demic medical centers. To accelerate precision medicine through consumer adoption
of sequencing, the Mayo Clinic recently partnered with Helix (Healthcare IT News
2015), a company affiliated with sequencing provider Illumina. Companies such as
Helix are exploring ways for consumers to manage their own genomic data and
utilize genomic data dissemination and interpretation applications, including mobile
applications that are of interest to them. In the Helix model, industry and academic
partners develop applications that provide data as well as responsibly educating,
interpreting, and providing decision support regarding personalized genomic data,
such as inherited risks for pediatric and adult disease, ancestry, fitness, and well-
ness. The Mayo Clinic/Helix partnership is a good attempt to cooperate to address
many of the concerns introduced by consumer genomics and will likely yields guid-
ing strategies for other centers.
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15.7.1 Genomics in Pediatrics

Genomics—and subsequent integrative —omics— represents a paradigm shift in
biomedical health practice as we know it. Precision genomics offers great promise
but also requires a transformational shift in approach from the typical practice of
treating a fictional “average” patient, to evidence-based medicine that precisely
considers factors derived from each individual. In order to rapidly and broadly
implement precision genomics, substantial changes from current models in institu-
tional culture and the practice of medicine are necessary. As precision genomics
touches all broad areas of biomedical research and practice, it will be increasingly
important to develop informed participants and practices whose knowledge and
skills are well aligned and coordinated. From a pediatrics perspective, this is con-
founded by a challenging ethical and regulatory framework, as well as by the typi-
cally strong roles of parental and community stakeholders. Moreover, decisions
made by parents today about genetic information may impact children—who may
or may not be involved in shared decision-making—for a lifetime. In the research
realm, academic models often incentivize single investigator discovery and transla-
tion at the expense of team science, which is critical for interpreting genomic data
and making significant advances towards understanding multifactorial diseases.
Cincinnati Children’s is an example of an academic medical center that is carefully
considering this landscape as they evolve their genomic strategy. Part of this strat-
egy includes the creation of the Center for Pediatric Genomics (CpG) and leader-
ship in the national pediatric genomics network, the Genomic Research and
Innovation Network (GRIN). These initiatives will be used as general exemplars to
illustrate major issues to be considered; other institutions have approached certain
of these issues in slightly different ways.

The Center for Pediatric Genomics (CpG) was conceived as a construct within
Cincinnati Children’s combined clinical and research genomics community to
accelerate the translation of genomic information into clinical care. CpG’s vision is
to create an institution-wide “community of practice” around genomics in order to
effectively implement precision genomic medicine for improving the health of chil-
dren. CpG’s mission is to accelerate discovery and translate genomic knowledge
into improved health at the enterprise level. Cincinnati Children’s effort is novel as
it uses a grassroots approach to encourage internal and external stakeholder engage-
ment. CpG funds innovation; incubates and aligns resources; fosters collaboration;
and provides a facilitating infrastructure for data, technology, analysis, and regula-
tory practices.

Community engagement is challenged by diversity in education, socioeconomic
status, and health interests. To fully engage, institutions must be prepared to educate
their patients, clinicians and researchers in a way that directly involves them in
healthcare decisions regarding genomics. The CpG program focuses on reducing
uncertainty around genomics from each type of stakeholder: for example, from
patients and families about genomic results being communicated by a clinical lab;
from participants asked to consent to a broad-based genomic study; from clinicians
regarding how to interpret a genomic result, or when to order a particular test; or
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from genomic researchers regarding how their expertise can best align with oppor-
tunities for improved health. One objective of this approach is to develop frust with
families so they can make informed genome-based decisions about improving their
health, as well as understanding the implication of their choices. CpG also provides
patients and their families the opportunity to participate in research studies to
improve their own care and the care of others. Studies and experience from CHOP,
Cincinnati, Vanderbilt, and other pediatric institutions show that the majority of
parents and/or children will participate when given the option (Desai et al. 2016;
McGregor et al. 2013). To fully engage patients and families, the CpG program is
transparent when it engages in research and education, including assurance that
participants understand how their data will be used with and without their consent.
After consent for broad data sharing activities, conversation acknowledges the
inability to precisely describe future studies, but an overall description of the
expected types of studies and the types of data sharing is shared. The concept of
how sample use is optimized for best potential, and that study leaders are providing
data in good faith to maintain participant trust for future studies is also communi-
cated. Wherever possible, the CpG program continually engages participants in a
cycle of genomic education, knowledge and engagement so that they can learn more
as they understand more.

On another level, CpG attempts to engage clinicians and basic researchers in
creative ways that are intended to induce positive culture change. The program
places emphasis on facilitating the creation of collaborative teams of clinicians and
bench researchers that invokes active communication, in order to understand the
variety of languages, perspectives and contributions. The objective is to raise aware-
ness of capability across dynamic teams in order to broaden the likelihood of inno-
vative spark. As with the patient engagement initiative, this focus on developing a
collaborative environment is intended to increase trust across the institution. One
mechanism that the CpG program has found to foster collaboration is by funding
innovative genomic projects that pair multidisciplinary teams of basic and transla-
tional scientists with practicing clinicians. This peer-reviewed pilot program has
executed three rounds of pilot funding that has generated over 120 collaborative
applications across nearly all clinical and basic science units at Cincinnati Children’s.
Funded principal investigators participate in a monthly seminar that brings together
basic researchers, who may be struggling with their first Human Subjects protocol,
with clinicians who might be learning the technicalities of applying next generation
sequencing to a rare disease cohort. The CpG leadership also takes an active role in
incubating both funded proposals and promising applications by providing consul-
tation services, resources, matchmaking, and infrastructure for improvement.
Another important aspect of the program is the development and coordination of
educational programs designed both for clinicians and researchers, along with con-
tinual engagement of stakeholders through smaller personalized conversations
where possible. CpG has recognized that clinician engagement is critical, as clini-
cians are typically the nexus for decisions regarding diagnostic and therapeutic
approach, and also because these practioners can best provide the phenotypic data
needed for precise genome interpretation.
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In the first round of CpG pilot funding, genomic data sharing was quickly recog-
nized as a considerable challenge within Cincinnati Children’s. This led to invest-
ment in IT and informatics infrastructure for uniform genomic data acquisition,
processing, and dissemination. The central facility for these activities is an applica-
tion suite that provides sequence processing and annotation, sequence and genomic
variant data management, and web-enabled query and reporting functions. This
resource (j VIVA!) serves as a community hub for institution-wide integration, pro-
cessing, storage, and sharing of genomic data. The data resource uploads genomic
data files from multiple sources, including individual investigators, research
sequencing partners, clinically generated raw data files from consented participants,
and publically available datasets. Once uploaded, data is processed using a stan-
dardized and documented suite of tools and workflows to ensure that the repository
contains the most consistent, comparable data possible. Furthermore,  VIVA! serves
as an institutional data asset that allows queries of aggregate genomic data, and
under the proper consent, also allows patient level genomic data to be linked with
phenotypic data. The tool provisions data access by principal investigator and his/
her collaborators; with the proper consent, data can be shared across the institution.
Importantly, data contributors are incentivized for data sharing through a mix of
functional incentives. Finally, VIVA! enables researchers to identify existing bio-
bank specimens with a particular phenotype or genotype of interest. Taken together,
this data resource provides Cincinnati Children’s efficiencies both for catalyzing
collaborative discovery and analysis within CpG, and for participation in external
partnerships and grant opportunities. Challenges faced by the development of this
infrastructure are similar to those faced in national and international genomics proj-
ects, including scope definition, properly incentivizing data sharing, ensuring proper
balance between appropriate data privacy and broad use, and incorporating accurate
and sufficiently granular phenotypic data.

The Genomic Research and Innovation Network (GRIN) is a new collabora-
tion between three leading pediatric institutions: Boston Children’s Hospital,
Cincinnati Children’s, and the Children’s Hospital of Philadelphia. GRIN’s vision is
to accelerate genomic discoveries in pediatric populations through a collective abil-
ity to pursue well-designed, carefully selected research studies of genetic and
genomic data associated with strongly characterized phenotypic information. This
work aligns well with learning health systems such as PedsNet (Chap. 10).
Combining genetic and health information from these pediatric institutions into a
scalable, cloud-based, stakeholder-accessible infrastructure is expected to create an
unparalleled capability in pediatrics. As partnerships with industry often accelerate
the ability of participant data to have an impact on patient care, the GRIN leadership
is considering a long term strategy to make the data resource available to both aca-
demic and industry partners through a co-governed entity known as the Pediatric
Data Trust (PDT) under the appropriate participant consent.

The PDT is being architected as a platform that will facilitate the sharing of clini-
cal and -omic data between participating institutions. In addition, the PDT provides
facilitated services that can, with the appropriate approvals, support a variety of
activities. These include data discovery, cohort identification and expansion (espe-
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cially for rare disorders), and distributed data analyses. In addition, the PDT is
expected to accelerate strategic observational, comparative effectiveness, and trans-
lational research projects. The PDT infrastructure is designed with three tiers of
access. A public tier contains aggregate population-level statistics that allows poten-
tial users to understand the types of information included in the data resource. A
privileged tier is a shared computation and data space where users with appropriate
authorization can execute queries or perform collaborative analyses. Separate pri-
vate tiers are controlled by each participating institution. Each private tier instance
contains the entire staged data asset to be considered for possible inclusion in stud-
ies from the respective institution. The PDT also includes facilitators whose role
includes the vetting and execution of data requests, where each GRIN member (and
individual data contributor) can determine whether their data should be shared for a
particular request.

15.8 Conclusion

The ideal of precision medicine in pediatrics is to provide the best possible care for
a child based on our latest understanding of the science. A precision future means
better treatment for sick kids. It means better understanding of the underlying causes
of disease, with an emphasis on prevention where possible. Many of the initiatives
outlined in this chapter demonstrate developing strategies to collect better, larger
datasets to amass the data we need to generate answers about how to treat the indi-
vidual child in the clinic at any given moment. Challenges remain in the collection
of complete phenotypic data in a common language during routine clinical visits,
the organization of genomic data in the electronic health record, the education of
patients and clinicians alike, the culture of practice that leads to a cycle of educate,
discover, translate and treat; but perhaps the greatest challenge is in understanding
and interpreting these large data sets. The future will require novel analytic capabili-
ties to transform massive datasets to meaning in the clinic. The incorporation of
molecular data into standard care has a long way to go—but we are rapidly over-
coming barriers to provide precision care for kids.
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