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Nothing has changed,
except everything

Sanger sequencing and fragment analysis like you have never experienced
before. Same workflow, same trusted technology, now with an innovative all-
in-one cartridge that takes setup time from hours to minutes. Introducing the
Applied Biosystems™ SeqStudio™ Genetic Analyzer.

| _ _ ThermoFisher
Find out more at thermofisher.com/seqstudio SCIENTIFIC

For Research Use Only. Not for use in diagnostic procedures. © 2017 Thermo Fisher Scientific Inc. All rights reserved.
All trademarks are the property of Thermo Fisher Scientific and its subsidiaries unless otherwise specified. COL21879 0517
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CELLECTA

DriverMap™ Targeted RNA
Expression Profiling Solution

Faster. Simpler. More Sensitive than targeted
RNA Seq or Microarrays. lllumina-NGS Compatible.

Profile all 19,000 human protein-coding
genes in a single tube.

RNA-Seq DriverMap™ Profilé
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+ Available as a service or in a kit
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At ASHG, Cellecta will be in Booth 1009.

Join us on Wednesday, October 18 for a lunch workshop
Development of Novel Functional Genomic Tools for Identifying Candidate Disease Genes and Biomarkers
Meet our experts

Gus Frangou, M.Sc., D.Phil. Lester Kobzik, M.D. Paul Diehl, Ph.D.
Chief Scientist, Cellecta, Inc. Professor of Pathology, Brigham Women’s Chief Operating Officer, Cellecta, Inc

Development of Novel Synergistic Functional CRISPR screens with pooled sgRNA libraries

Genomics Technologies to Understand Assessment ofli and Biomarker serve as useful tools to Identify genes
Complex Diseases Di ] responsible for key biological responses
Wednesday, October 18, 2017 Wednesda iy Friday, October 20, 2017, 1:15 pm
12:30 - 1:M Hilton Orlando 1:00 - 1:30 pm Hilton Orla . Hilton Orlando (Agilent workshop,

Lake George Room, Lobby Level Lake George Room, Lobby Level

separate registration required)
Lake Down Room, Lobby Level ‘

Register for our Wednesday lunch workshop at www.cellecta.com/ashg2017

Who we are

Cellecta is a leading provider of genomic products and services. Our functional genomics portfolio includes gene knockout and
knockdown screens, custom and genome-wide CRISPR and RNA:i libraries, construct services, cell engineering, NGS kits and
targeted expression profiling products and services.

¢ CELLECTA
We can help your discovery efforts.

www.cellecta.com info@cellecta.com +1 877-938-3910 or +1 650-938-3910 © 2017 Cellecta, Inc. 320 Logue Ave. Mountain View, CA 94043 USA
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SeqCap EZ Choice Custom Target Enrichment



Design and order your custom capture today for only $3K

Now is a great time to design and evaluate your custom capture for NGS.
Now until April 30", 2018, US customers can evaluate a 4-reaction pack
(before multiplexing) of SeqCap EZ Choice human design for only $3000*!
Target any content of 0 - 7 Mb.

SeqCap EZ empowers you.
= Increase coverage and uniformity by deploying up to 2.1 million probes

= Reduce expense by fully supported multiplexing

= Combine Roche SeqCap EZ Choice with KAPA HyperPrep or KAPA
HyperPlus library prep kits in an optimized HyperCap Workflow

= Easily scale from pilot studies to high-throughput production
= Increase throughput with help from our Automation Support Team

= Design your capture online or by working directly with our Design Team
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Competitor A Design, Moderately Stringent Coverage

*Offer limited to first-time, US-based SeqCap EZ users only. Valid on human capture targets of 0 - 7 Mb.
Purchase order must be received by 4/30/2018. Contact your Roche representative for pricing on larger
designs (7-200 Mb) or on captures for non-human samples.

For Research Use only. Not for use in diagnostic procedures.
© Roche Diagnostics. All rights reserved. KAPA, NIMBLEGEN and SEQCAP are trademarks of Roche.

Design comparison between SeqCap EZ Choice
Enrichment System and Competitor A Design Software.
A 3.51 Mb region on Chromosome 18 was targeted to compare
probe coverage across design platforms. Roche NimbleDesign
probes covered 79.3% of the target region (2.79 Mb of target)
compared to 50.2% coverage (1.77 Mb of target) by Supplier

As design software. Note: Probe design used standard design
parameters for both NimbleDesign and Supplier As software.
Coordinate files from each design were uploaded to SignalMap
software to obtain coverage file illustrated above. About 1.05 Mb of
coverage space was unique to the NimbleDesign platform and not
covered by Supplier As software.

Visit go.roche.com/seqcapeval today!
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LIFE IS BUSY ENOUGH

Your patients with urea cycle disorders (UCDs)—and their families—don’t have time for complicated dosing.
RAVICTI® (glycerol phenylbutyrate) Oral Liquid offers 24/7 ammonia control with easy administration for busy lives!

RAVICTI IS APPROVED FOR PATIENTS 2 MONTHS OF AGE AND OLDER WITH UCDs.

M The only FDA-approved oral liquid nitrogen scavenger therapy' I No pill or powder preparation
I Nearly tasteless and odorless? I Taken with meals via oral dosing syringe'

Consider switching your patients now.

Visit ASHG hooth #322 and RavASHG.com

RAVICTI is indicated for the chronic management of patients with UCDs >2 months of age who cannot be managed by diet and supplementation alone.
It must be used with dietary protein restriction.

RAVICTI is not indicated for the treatment of acute hyperammonemia or for NAGS deficiency, and is contraindicated in patients <2 months of age!

« 0Of the 17 pediatric patients 2 months to <2 years of age in 3 open-label studies, 7 patients (41%) reported a total of 11 hyperammonemic crises
« 0f the 26 pediatric patients 6 to 17 years of age in both 12-month studies of RAVICTI, 5 patients (19%) reported a total of 5 hyperammonemic crises.
« Of the 5T adult patients in the 12-month study of RAVICTI, 7 patients (14%) reported a total of 10 hyperammonemic crises.

Please review the Brief Summary for RAVICTI on the following page. Visit RavASHG.com to download a copy of the RAVICTI Full Prescribing Information
and Medication Guide.

Abbreviation: ASHG, the American Society of Human Genetics.
References: 1. RAVICTI [package insert]. Lake Forest, IL: Horizon Pharma USA, Inc.; 2017. 2. Diaz GA, Krivitzky LS, Mokhtarani M, et al. Hepatology. 2013;57(6):2171-2179. doi10.1002/hep.26058.

t®
‘ 1 HORIZON RAVICTI

(glycerol phenylbutyrate) Oral Liquid

RAVICTIis owned by or licensed to Horizon. . .
(© 2017 Horizon Therapeutics, Inc. Allrights reserved. P-RVI-00TT7 Printed in USA. Rethink pOtentlaI.
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RAVICTI® (glycerol phenylbutyrate) Oral Liquid
BRIEF SUMMARY
INDICATIONS AND USAGE

RAVICTI s indicated for use as a nitrogen-binding agent for chronic
management of patients 2 months of age and older with urea cycle disorders
(UCDs) who cannot be managed by diet and/or supplementation alone.
RAVICTI must be used with dietary protein restriction and, in some cases,
supplements (eg, essential amino acids, arginine, citrullin, protein-free
calorie supplements).

LIMITATIONS OF USE

« RAVICTIis not indicated for the treatment of acute hyperammonemia
in patients with UCDs because rapidly acting interventions are essential
to reduce plasma ammonia levels.

« The safety and efficacy of RAVICTI for the treatment of N-acetylglutamate
synthase (NAGS) deficiency has not been established.

DETAILED IMPORTANT SAFETY INFORMATION
CONTRAINDICATIONS

« Patients less than 2 months of age: Children less than 2 months of age
may have immature pancreatic exocrine function, which could impair
hydrolysis of RAVICTI, leading to impaired absorption of phenylbutyrate
and hyperammonemia.

«Patients with known hypersensitivity to phenylbutyrate:Reactions include
wheezing, dyspnea, coughing, hypotension, flushing, nausea, and rash.

WARNINGS AND PRECAUTIONS

« Neurotoxicity: Phenylacetate (PAA), the major metabolite of RAVICTI,
may be toxic at levels of 500 ug/mL or greater. Reduce RAVICTI dosage
if symptoms of neurotoxicity, including vomiting, nausea, headache,
somnolence, or confusion, are present in the ahsence of high ammonia
or other intercurrent illnesses.

* Reduced phenylbutyrate absorption in pancreatic insufficiency or intestinal

malabsorption: Low or absent pancreatic enzymes or intestinal disease
resulting in fat malabsorption may result in reduced or absent digestion
of RAVICTI and/or absorption of phenylbutyrate and reduced control

of plasma ammonia. Monitor ammonia levels closely.

USE IN SPECIFIC POPULATIONS

* Pregnancy:RAVICTI should be used with caution in patients who are
pregnant or planning to become pregnant. Based on animal data, RAVICTI
may cause fetal harm. A voluntary patient registry monitors pregnancy
outcomes in women exposed to RAVICTI. For more information regarding
the registry program, visit www.ucdregistry.com or call 1-855-823-2595.

« Nursing mothers: Breastfeeding is not recommended during treatment
with RAVICTI. There are no data on the presence of RAVICTI in human milk,
the effects on the breastfed infant, nor the effects on milk production.

ADVERSE REACTIONS

In >10% of adult patients: diarrhea, flatulence, and headache occurred
during 4-week treatment (n=44) with RAVICTI; nausea, vomiting, diarrhea,
decreased appetite, dizziness, headache, and fatigue occurred during
12-month treatment (n=>5T) with RAVICTI.

In >10% of pediatric patients ages 2 to 17 years: upper abdominal pain,
rash, nausea, vomiting, diarrhea, decreased appetite, and headache
occurred during 12-month treatment (n=26) with RAVICTI.

In >10% of pediatric patients ages 2 months to less than 2 years:
neutropenia, vomiting, diarrhea, pyrexia, hypophagia, cough, nasal
congestion, rhinorrhea, rash, and papule occurred during 12-month
treatment (n=6) with RAVICTI.

DRUG INTERACTIONS

Corticosteroids, valproic acid, or haloperidol may increase plasma ammonia
level. Monitor ammonia levels closely.

Probenecid may affect renal excretion of metabolites of RAVICTI, including
phenylacetylglutamine (PAGN) and PAA.

(YP3A4 substrates with narrow therapeutic index (eg, alfentanil, quinidine,
cyclosporine): RAVICTI may decrease exposure to the concomitant drug.

Midazolam: Use of RAVICTI decreased exposure of midazolam with
concomitant use.

You are encouraged to report negative side effects of
prescription drugs to the FDA. Visit www.fda.gov/medwatch
or call 1-800-FDA-1088.

Visit RavASHG.com to download a copy of the RAVICTI Full Prescribing
Information and Medication Guide.
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Echo® Acoustic LIQUID HANDLING

for SEQUENGING G
oY

Reduce Library Prep Costs

100-Fold

Echo® Liquid Handlers enable library preparation in low microliter volumes for a range
of sequencing methods. Dramatically reduce reagent costs, conserve samples, and
eliminate steps - all while improving library quality.

Echo acoustic liquid handling allows... Comparison of Liquid Handling Methods*

» 100-fold reduction of library prep reaction volumes Echo® Liquid Handler

» 30-fold reduction of sample pooling turnaround time Amount of DNA 50 ng 0.06 - 2.0 ng
» Increased sample throughput DNA volume (Rxn) 25uL 200 nL
» Automation of workflow to easily prepare thousands Library prep volume (Rxn) 25 L 300nL
of samples Total volume 50 pL 0.5 uL
Reactions per kit 96 9600

» Improved accuracy of results
Cost per reaction $72_91 $O.73

For more information, visit www.labcyte.com/sequencing.

* Low-Cost, High-Throughput Sequencing of DNA Assemblies Using a ! A B C YTE .)
Highly Multiplexed Nextera Process. Shapland et al. ACS Synth. Biol., 2015 ‘ ,TM
The Future of Science is Sound

© 2017 LABCYTE INC. All rights reserved. Labcyte®, Echo®, and the Labcyte logo are
registered trademarks or trademarks of Labcyte Inc., in the U.S. and/or other countries.

FOR RESEARCH USE ONLY. Not for use in diagnostic procedures. 3 @labcytelnc  info-us@labeyte.com


http://www.labcyte.com/sequencing
http://twitter.com/@Labcytelnc
mailto:info-us@labcyte.com

MOVE ASIDE,
ROVER.

Biomarker detection just got a lot more sensitive.

The new Quanterix SR-Plex™ Ultra-Sensitive Biomarker
Detection System features multiplexed detection of
analytes and 1,000 times the sensitivity of ELISA,
changing the biomarker detection game one molecule
at a time.

Discover the SR-Plex at
go.quanterix.com/sr-plex

Quanterix

The Science of Precision Health
‘ 1
. !

Quanterlx conm, | © 2017 Quahten {nc. SR-Plex™"is a‘regIStered trademark of Quanterixalng.
M ) For research, use oRly: Not for dLagmistlc procédpres
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Thousands
of single cells.

One solution.

Introducing the lllumina Bio-Rad Single-Cell Sequencing Solution.
Access high-resolution insights into gene expression in a single,
comprehensive workflow.

Single-cell RNA-Seq delivers higher resolution of gene regulation for a deeper view of cell function, disease
progression, and identification of therapeutic targets in research, compared to RNA-Seq. Developed by the
industry leaders in sequencing and Droplet Digital™ technologies, our robust, scalable, and user-friendly
workflow allows transcriptome profiling of hundreds to tens of thousands of single cells.

Gain insights into your research.
Learn more at bio-rad.com/ddSEQsinglecell

°
For Research Use Only. Not for use in diagnostic procedures. I | I m I n a® Blo _RAD
© 2017 lllumina, Inc. | Bio-Rad Laboratories, Inc. All rights reserved. u
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GE Healthcare

Accelerate your drug discovery
research at every step

GE Healthcare provides innovative tools and analytics to support therapeutic development
from target identitication, all the way through bioprocessing. Confidently move through the
drug development pipeline while reducing costs and maximizing productivity throughout
development and biomanufacturing. Learn more at gelifesciences.com.

HyClone™ Media

Wit identification

Amersham™ ECL

Biacore™ SPR Systems
Reagents

AKTA™ Protein
Purgﬁciltmn Aidiaisaliaa
HiTrap™ Biomolecular
Prepacked imager
Columns

To market

ReadyToProcess WAVE™ and IN Cell Analyzer High
Xcellerex™ Bioreactors Content Imaging Systems

imagination at work
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Foreword

We are pleased to bring you the latest installment of the Best of AJHG reprint collection from Cell Press, which
gives us a chance to reflect upon the science that engaged and influenced AJHG readers in late 2016 and early
2017. This collection includes nine of the most accessed research articles, which span a range of topics, as well
as the most highly accessed Commentary. To select the articles, we used the number of requests for PDF and
full-text HTML versions of a given article. We acknowledge that no single measurement can truly be indicative
of “the best” research papers over a given period of time. This is especially true when sufficient time has not
passed to allow one to fully appreciate the relative impact of a discovery. Nonetheless, we hope you agree that
it is still informative to look back at our scientific community’s interests in what has been published in AUHG over
the past year.

In this collection, you will see a range of the exciting topics that have widely captured the attention and enthusiasm
of our readers, including genetic ancestry, translational genomics, the genetic bases of disease, and genetic risk
prediction. We are especially pleased to note that included in this Best of collection are the two winners of the
2017 Cotterman Award, which recognizes the best papers published in the Journal for which the first author was
either a pre- or post-doctoral trainee and an ASHG member.

As always, we welcome your submissions and look forward to working with you to bring your best work to the
attention of the human genetics community.

We hope that you will enjoy reading this special collection and that you will visit www.cell.com/AJHG to check out
the latest findings that we have had the privilege to publish. Also be sure to visit www.cell.com to find other high-
quality papers published in the full collection of Cell Press journals. Please feel free to contact us at ajhg@ajhg.net
to tell us about your latest work or to provide feedback. We look forward to working with you in 2018 and beyond!

Finally, we are grateful for the generosity of our sponsors, who helped make this reprint collection possible.

AJHG

David L. Nelson, PhD
Editor

Sara B. Cullinan, PhD
Deputy Editor

Sarah Ratzel, PhD
Scientific Editor

For more information about the Best Of Series, please contact:
Jonathan Christison | Program Director | jchristison@cell.com | 617-397-2893
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eppendorf

\_Reliable. Efficient. Quiet.

Exceptional Sample Safety

Eppendorf CryoCube® F740-series ULT -85 °C Freezer
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INHERITED DISEASE RESFARCH

Target next-generation sequencing efforts on the exonic regions of over
4,100 medically relevant genes. Choose the optimized hybridization-based
SeqCap EZ Inherited Disease Panel to achieve highly uniform sequencing
coverage for genes classified as pathogenic from OMIM, as well as other
medically relevant content identified by scientific collaborators.

= Use a single 11.8 Mb panel before NGS to comprehensively replace
many commonly run NGS disease research panels and PCR-based
single-gene assays

= Eliminate or decrease the amount of Sanger sequencing necessary
for full gene coverage

= Increase lab efficiency and decrease sequencing costs with uniform
panel coverage

Number of genes in panel covered 100%
at 20x depth

3400
W NA12878
3200

3000

Number of genes

2800

2600
15M 25M 35M

Number of reads

Demonstration of the number of coding genes that have 100% base
pair coverage at 2 20x depth with 15M, 256M and 35M reads.

Request a free sample today

Evaluate the SeqCap EZ Inherited Disease Panel in your lab with
a complimentary sample* of this optimized panel.

Visit go.roche.com/IDPsample to learn more or request your free
panel today.

For Research Use Only. Not for use in diagnostic procedures.
*Free sample offer available only to US-based medical researchers
evaluating for commercial use.
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Best of 2016 and 2017

Commentary

International Cooperation to Enable the Diagnosis
of All Rare Genetic Diseases

Articles and Reports

InterVar: Clinical Interpretation of Genetic Variants
by the 2015 ACMG-AMP Guidelines

MARRVEL: Integration of Human and Model Organism
Genetic Resources to Facilitate Functional Annotation
of the Human Genome

Chad Genetic Diversity Reveals an African History
Marked by Multiple Holocene Eurasian Migrations

Integrating Gene Expression with Summary Association
Statistics to Identify Genes Associated with 30 Complex
Traits

Mutations in Epigenetic Regulation Genes Are a Major
Cause of Overgrowth with Intellectual Disability

Kym M. Boycott, Ana Rath, Jessica X. Chong, Taila Hartley,
Fowzan S. Alkuraya, Gareth Baynam, Anthony J. Brookes,
Michael Brudno, Angel Carracedo, Johan T. den Dunnen,
Stephanie O.M. Dyke, Xavier Estivill, Jack Goldblatt, Catherine
Gonthier, Stephen C. Groft, Ivo Gut, Ada Hamosh, Philip
Hieter, Sophie H6hn, Matthew E. Hurles, Petra Kaufmann,
Bartha M. Knoppers, Jeffrey P. Krischer, Milan Macek, Jr.,
Gert Matthijs, Annie Olry, Samantha Parker, Justin Paschall,
Anthony A. Philippakis, Heidi L. Rehm, Peter N. Robinson,
Pak-Chung Sham, Rumen Stefanov, Domenica Taruscio,
Divya Unni, Megan R. Vanstone, Feng Zhang, Han Brunner,
Michael J. Bamshad, and Hanns Lochmdiller

Quan Li and Kai Wang

Julia Wang, Rami Al-Ouran, Yanhui Hu, Seon-Young Kim,
Ying-Wooi Wan, Michael F. Wangler, Shinya Yamamoto,
Hsiao-Tuan Chao, Aram Comjean, Stephanie E. Mohr, UDN,
Norbert Perrimon, Zhandong Liu, and Hugo J. Bellen

Marc Haber, Massimo Mezzavilla, Anders Bergstrém, Javier
Prado-Martinez, Pille Hallast, Riyadh Saif-Ali, Molham Al-
Habori, George Dedoussis, Eleftheria Zeggini, Jason Blue-
Smith, R. Spencer Wells, Yali Xue, Pierre A. Zalloua, and Chris
Tyler-Smith

Nicholas Mancuso, Huwenbo Shi, Pagé Goddard, Gleb
Kichaev, Alexander Gusev, and Bogdan Pasaniuc

Katrina Tatton-Brown, Chey Loveday, Shawn Yost, Matthew
Clarke, Emma Ramsay, Anna Zachariou, Anna Elliott, Harriet
Wylie, Anna Ardissone, Olaf Rittinger, Fiona Stewart, . Karen
Temple, Trevor Cole, Childhood Overgrowth Collaboration,
Shazia Mahamdallie, Sheila Seal, Elise Ruark, and Nazneen
Rahman

(continued)
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Bringing clarity
o complex gene targets.

While highly repetitive fegions of the genome pose significant hurdles to reliable
genetic analysis, their implications in disease are becoming clear.

Asuragen is committed to providing clinical researchers with the kits needed
to investigate the most compelling and challenging targets, including genes
implicated in Alzheimer's, ALS, FTD, Myotonic Dystrophy and Fragile X Syndrome.

Our clinical research kits overcome target complexity so you can focus on what
matters most — scientific breakthroughs that drive better outcomes.

AmplideX®PCR/CE FMR1"? | C9orf72? | TOMM40? | DMPK?
Xpansion Interpreter® for AGG Interruptions in FMR14

Visit Asuragen at the American Society of Human Genetics Annual Meeting
Booth #824 | Oct 18-21, 2017 | Orange County Convention Center | Orlando, FL

Sensitive | Accurate | Complete ComP.eX made
www.asuragen.com/ComplexityMadeClear

ICE-IVD. ?RUO. 3In development. “Only available from the Asuragen Clinical Laboratory.
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Whole-Exome Sequencing Identifies Loci Associated
with Blood Cell Traits and Reveals a Role for Alternative
GFI1B Splice Variants in Human Hematopoiesis

Guidelines for Large-Scale Sequence-Based Complex
Trait Association Studies: Lessons Learned from the
NHLBI Exome Sequencing Project

Cotterman Award Winners

Modeling the Mutational and Phenotypic Landscapes
of Pelizaeus-Merzbacher Disease with Human
iPSC-Derived Oligodendrocytes

Human Demographic History Impacts Genetic Risk
Prediction across Diverse Populations

Linda M. Polfus, Rajiv K. Khajuria, Ursula M. Schick, Nathan
Pankratz, Raha Pazoki, Jennifer A. Brody, Ming-Huei Chen,
Paul L. Auer, James S. Floyd, Jie Huang, Leslie Lange,

Frank J.A. van Rooij, Richard A. Gibbs, Ginger Metcalf,
Donna Muzny, Narayanan Veeraraghavan, Klaudia Walter,

Lu Chen, Lisa Yanek, Lewis C. Becker, Gina M. Peloso,

Aoi Wakabayashi, Mart Kals, Andres Metspalu, Tonu Esko,
Keolu Fox, Robert Wallace, Nora Franceshini, Nena Matijevic,
Kenneth M. Rice, Traci M. Bartz, Leo-Pekka Lyytikéinen, Mika
Kéhdénen, Terho Lehtiméaki, Olli T. Raitakari, Ruifang Li-Gao,
Dennis O. Mook-Kanamori, Guillaume Lettre, Cornelia M.

van Duijn, Oscar H. Franco, Stephen S. Rich, Fernando
Rivadeneira, Albert Hofman, André G. Uitterlinden, James G.
Wilson, Bruce M. Psaty, Nicole Soranzo, Abbas Dehghan, Eric
Boerwinkle, Xiaoling Zhang, Andrew D. Johnson, Christopher
J. O’Donnell, Jill M. Johnsen, Alexander P Reiner, Santhi K.
Ganesh, and Vijay G. Sankaran

Paul L. Auer, Alex R Reiner, Gao Wang, Hyun Min Kang,
Goncalo R. Abecasis, David Altshuler, Michael J. Bamshad,
Deborah A. Nickerson, Russell P. Tracy, Stephen S. Rich,
NHLBI GO Exome Sequencing Project, and Suzanne M. Leal

Zachary S. Nevin, Daniel C. Factor, Robert T. Karl, Panagiotis
Douvaras, Jeremy Laukka, Martha S. Windrem, Steven A.
Goldman, Valentina Fossati, Grace M. Hobson, and Paul J.
Tesar

Alicia R. Martin, Christopher R. Gignoux, Raymond K. Walters,
Genevieve L. Wojcik, Benjamin M. Neale, Simon Gravel, Mark
J. Daly, Carlos D. Bustamante, and Eimear E. Kenny



2018 Membership Opens in Late Fall

Enjoying the journal? There's never been a better time to join the worldwide
community of human genetics specialists by becoming a member of ASHG.
ASHG membership provides career and leadership opportunities, networking
and collaboration, and valuable savings.
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OPPORTUNITIES

Become a leader in your
field by serving on our

E Board and committees. m

SAVINGS PUBLISHING
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on Annual Meeting fees AJHG, plus get free
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Join our efforts to advocate
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COMMENTARY

International Cooperation to Enable
the Diagnosis of All Rare Genetic Diseases

Kym M. Boycott,1.* Ana Rath,? Jessica X. Chong,3 Taila Hartley,! Fowzan S. Alkuraya,+>

Gareth Baynam,® Anthony J. Brookes,” Michael Brudno,® Angel Carracedo,® Johan T. den Dunnen,10
Stephanie O.M. Dyke,!11 Xavier Estivill, 1213 Jack Goldblatt,® Catherine Gonthier,2 Stephen C. Groft,14
Ivo Gut,1> Ada Hamosh,1¢ Philip Hieter,17 Sophie Hohn,2 Matthew E. Hurles,8 Petra Kaufmann,1?
Bartha M. Knoppers,!! Jeffrey P. Krischer,20 Milan Macek, Jr.,21 Gert Matthijs,22 Annie Olry,2
Samantha Parker,23 Justin Paschall,!® Anthony A. Philippakis,2¢ Heidi L. Rehm,24

Peter N. Robinson,2526 Pak-Chung Sham,2” Rumen Stefanov,2® Domenica Taruscio,?® Divya Unni,?
Megan R. Vanstone,! Feng Zhang,39.31 Han Brunner,32:33 Michael ]J. Bamshad,334

and Hanns Lochmiiller3s

Provision of a molecularly confirmed diagnosis in a timely manner for children and adults with rare genetic diseases shortens their “diag-
nostic odyssey,” improves disease management, and fosters genetic counseling with respect to recurrence risks while assuring reproduc-
tive choices. In a general clinical genetics setting, the current diagnostic rate is approximately 50%, but for those who do not receive a
molecular diagnosis after the initial genetics evaluation, that rate is much lower. Diagnostic success for these more challenging affected
individuals depends to a large extent on progress in the discovery of genes associated with, and mechanisms underlying, rare diseases.
Thus, continued research is required for moving toward a more complete catalog of disease-related genes and variants. The International
Rare Diseases Research Consortium (IRDiRC) was established in 2011 to bring together researchers and organizations invested in rare
disease research to develop a means of achieving molecular diagnosis for all rare diseases. Here, we review the current and future bottle-
necks to gene discovery and suggest strategies for enabling progress in this regard. Each successful discovery will define potential
diagnostic, preventive, and therapeutic opportunities for the corresponding rare disease, enabling precision medicine for this patient
population.

Introduction

Rare diseases, though individually rare,
are collectively common. A rare disease
is defined as one that affects fewer
than 200,000 people in the US!
or less than 1 in 2,000 people in
Europe.?A substantive number of rare

diseases are due to altered functions
of single genes. Cumulatively, these
rare genetic diseases (RGDs), also
termed Mendelian or monogenic
diseases, affect at least 1 in 50 individ-
uals in the European-derived general
population.®> Our understanding of

the number of RGDs that exist is
incomplete but is estimated to be well
over 7,000 according to current medi-
cal and genetic evidence® (also see Or-
phanet in the Web Resources). Despite
their often chronic and progressive na-
ture, long-term complications can be
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lessened or delayed for some RGDs if
they are diagnosed early (e.g., via
newborn screening) and optimally
managed by standard and/or targeted
therapies. In addition, a definitive mo-
lecular diagnosis can obviate the need
for further diagnostic investigations,
facilitate appropriate access to health-
care resources, reduce prognostic un-
certainty, provide accurate recurrence-
risk counseling, foster reproductive
choices in affected families, and impart
psychosocial benefits to the patient
and their family. Importantly, under-
standing the underlying genetic etiol-
ogy and linking a RGD to a causative
biological pathway is leading to highly
effective targeted therapies for some se-
vere, previously only symptomatically
treatable RGDs (e.g., ivacaftor for class
III CFTR [MIM: 602421] pathogenic
variants).® Ultimately, successful dep-
loyment of precision medicine will be
directly related to diagnostic success
for patients with RGDs.

Current Understanding of
Phenotypic and Genetic Diversity of
RGDs

Knowledge of the phenotypic and
genetic diversity of RGDs is steadily
increasing; however, substantial gaps
remain. Establishing the number of
RGDs is challenging for several rea-
sons, not the least of which is distin-
guishing between novel and known
diseases to objectively segment a con-
tinuum of pathologies into discrete
disease entities. Two international da-
tabases curate clinical and genetic data
for the community: Online Mende-
lian Inheritance in Man (OMIM)*
and Orphanet.® OMIM has continu-
ously provided curation and classifica-
tion of Mendelian disease since it
began as Mendelian Inheritance in Man,
first published by Dr. V. McKusick in
1966, OMIM has been online and
searchable since 1987. OMIM mines
the biomedical literature and, accord-
ing to expert review, curates significant
new information on genes and genetic
phenotypes into separate gene and
phenotype entries. OMIM numbers
for Mendelian diseases are incorpo-
rated into the biomedical literature
across many disciplines of medicine.

OMIM emphasizes gene-phenotype re-
lationships by cataloging the same or
similar phenotypes caused by patho-
genic variants in different genes as
distinct entities; genetic heterogeneity
is displayed through the associated
Phenotypic Series. A recent analysis
of OMIM (data downloaded September
5, 2016) recognized 3,209 unique
genes associated with 4,550 mono-
genic rare diseases.

Orphanet (see Web Resources) has
maintained an inventory of both ge-
netic and other rare diseases since
1997. Within Orphanet, a rare disease
is defined as a recognizable and
homogeneous clinical presentation,
whatever the cause or the number of
genes related to it. Disorders are orga-
nized in a multi-hierarchical classifica-
tion and can be further subdivided
into subtypes, of which genetic sub-
types are included. Orphanet per-
forms a literature survey and curates
the published literature of newly
discovered genes or new gene-disease
relations. As a result, a semantic rela-
tion is assigned to couple the gene
and disease in the database. As of
September 14, 2016, Orphanet docu-
mented 3,654 unique genes associ-
ated with 3,551 rare diseases.

The discrepancy in the number of
rare diseases with monogenic etiology
documented in each of the two
databases (4,550 for OMIM and 3,551
for Orphanet) can be attributed to
the way each database is structured;
OMIM categorizes rare diseases on
the basis of genetic etiology, whereas
Orphanet groups by clinically recog-
nizable diseases and can include
more than one OMIM entry when
the same disease is caused by variants
in more than one gene. Recently, the
Clinical Genome Resource (ClinGen)’
has begun defining the strength of ev-
idence for published gene-disease asso-
ciations. The evidence levels are scored
according to semiquantitative frame-
works, and the scores are posted on
ClinGen'’s website along with the
scoring sheets that structure the
evidence and sources. These scores
will also soon be posted on OMIM.
As ClinGen grows, it will enable a
clear delineation between those genes

for which gene-disease causality is
substantiated and those claims that
will require further evidence for
implication.

Although substantial progress has
been made toward identifying the
genetic basis of rare diseases, the
underlying etiologies for approxi-
mately half remain undiscovered.
Beginning in the mid-1980s, and for
the following two decades, the pri-
mary approach to gene discovery was
a combination of linkage analysis, po-
sitional cloning, and sequencing of
candidate or regionally selected genes,
most of which was hypothesis driven.
The subsequent introduction of next-
generation sequencing (NGS) strate-
gies to identify genes associated with
disease, primarily based on whole-
exome sequencing (WES), in 2009
accelerated the pace of discovery by
enabling hypothesis-free approaches.
Today, WES is routinely used as the
primary technological approach to
discovering disease-gene associations
(Figure 1). Its favor over whole-
genome sequencing (WGS) has pri-
marily been due to its significantly
lower cost and that the majority of
pathogenic variants continue to be
within the protein-coding portion of
the genome. Without a doubt, as the
cost of WGS decreases, clinicians and
researchers will transition to its use
given its more even coverage, its abil-
ity to identify structural variation,
and the opportunity it provides to un-
cover non-exomic variants.

Our analysis of OMIM documented
an average of 259 “novel” RGD dis-
coveries per year from 2012 to 2015
(Figure 1), comprising 157 new dis-
ease-gene discoveries (here defined as
pathogenic variants in a gene that
had not been previously associated
with disease) and 102 new disease-
gene relations each year (defined
as pathogenic variants in a gene
previously associated with a different
disease; data not shown).® Orphanet
documents an average of 281 novel
RGD discoveries per year over the
same time period: 160 new disease-
gene discoveries and 121 new
disease-gene relations (Figure 2). Or-
phanet and OMIM report essentially
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the same number of new disease-gene
discoveries (average of 160 and 157,
respectively, over the same time
period), but more disease-gene rela-
tions have been reported by Orphanet
(121 versus 102 for OMIM). In a
manual review of randomly selected
discrepancies between OMIM and
Orphanet, this is most likely attribut-
able to differences in the process of
curation; OMIM is more likely to
decide that the publication reports a
phenotypic expansion of an already
explained RGD than a new disease-
gene relation. Nevertheless, the data
from OMIM and Orphanet both
show that a significant proportion of
RGD discoveries are new diseases asso-
ciated with pathogenic variants in
previously known genes (gene-disease
relations): 38 and 43%, respectively.
This is an interesting trend in compar-
ison with a recent analysis of all of
OMIM’s data, which demonstrated
that nearly 25% of all genes associated
with Mendelian disease underlie two
or more clinically distinct disorders.®

Since the introduction of WES,
many RGDs that were previously
intractable to conventional gene-dis-
covery approaches, largely because
they were associated with a substan-
tially reduced reproductive fitness,
have been found to be caused by de
novo pathogenic variants or to exhi-

bit high allelic or locus heterogeneity.
These RGDs are enriched with highly
recognizable clinical presentations;
are often associated with early age of
onset, severe phenotype, and/or clear
laboratory and/or medical imaging
features; and are caused by highly
penetrant pathogenic, protein-coding
genomic variants (i.e., in legacy termi-
nology, “mutations”). In addition,
these RGDs are usually autosomal,
X-linked recessive, or de novo domi-
nant, rendering them relatively more
accessible and amenable to current
discovery strategies relying on WES;
these RGDs represent the sweet
spot of WES-based approaches. Both
OMIM and Orphanet data (Figures 1
and 2) show a trend toward a de-
creasing number of discoveries per
year; whether this trend is real or
will continue will require analysis of
data from future years. However,
what is clear is that recognized bottle-
necks must be addressed if the current
pace of discoveries is to be main-
tained, or even accelerated, after the
more straightforward RGDs have
been solved.

The International Rare Diseases
Research Consortium

The International Rare Diseases Re-
search Consortium (IRDiRC) was es-
tablished in 2011 to bring together

researchers and organizations invested
in rare disease research. Three IRDiRC
Scientific Committees (Diagnostics,
Interdisciplinary, and Therapies) and
representation from three patient-
advocacy groups (two from the US [Na-
tional Organization for Rare Disorders
(NORD) and Genetic Alliance] and one
from Europe [Rare Diseases Europe-
EURORDIS]), advise the Consortium
Assembly (formerly the Executive
Committee), which includes public
research funders and private-sector
members from pharma and biotech
from 42 member institutions. Each
has committed at least $10,000,000
USD to rare disease research within
their jurisdiction (Figure 3; data ac-
cessed January 11, 2017). Currently,
rare disease research coordinated
under the umbrella of IRDiRC totals
more than $2,000,000,000 USD.
IRDiRC aims to facilitate the under-
standing of all rare genetic diseases.
The focus of the Diagnostics and
Interdisciplinary Committees, and
their associated working groups
and task forces, has been identifying
current and future bottlenecks to
RGD discovery and suggesting strate-
gies by which international coopera-
tion can address them. We anticipate
that several shortcomings of the pre-
sent-day discovery pipeline will need
to be addressed if we are to continue
to make important RGD discoveries
at the current pace, or even accelerate
it. These include the collection and
analysis of clinical and genomic
data, data discovery and sharing, ge-
netic and functional support for the
establishment of disease causality,
and the presence of disease mecha-
nisms that are intractable to our cur-
rent analytical and genomics-based
approaches, as summarized in Table 1.

Strategies for Enabling the
Diagnosis of All RGDs

The coming years will see an expanding
need for large-scale infrastructure, re-
sources, and tools for completing the
grand challenge: understanding the
molecular pathogenesis of all RGDs.
Over the past few years, our commit-
tees, working groups, and task forces
have identified specific areas of high
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rate of discovery of both novel genes and
declining.

priority to facilitate the achievement of
this goal. To this end, the IRDiRC has
developed a quality indicator, “IRDiRC
Recognized Resources,”® on the basis
of specific criteria to highlight key re-
sources (e.g., platforms, tools, stan-
dards, and guidelines), which, if used
more broadly, would accelerate the
pace of discoveries.
Ontologies, Terminologies, and Nosol-
ogies for Exchanging Clinical Data
Understanding how genomic alter-
ations result in different disease-related
phenotypes is fundamental to human
health research. In this endeavor, if
careful phenotypic characterization is
lacking, having genomic data, even
from large numbers of individuals, is
of limited value. Although we have
made large strides toward enabling
the sharing of genotype data, stan-
dards are not widely used for the ex-
change of phenotypic data. For undi-
agnosed RGDs, the situation is even
more problematic because only a few
individuals in the world might have
the same undiagnosed condition.
Currently, numerous ontologies, termi-
nologies, and nosologies are used,
reflecting the disparate needs and prac-
tices of different communities involved
in translational research and patient
care in many fields of medicine.

The IRDiRC recognizes phenotype
ontologies, terminologies, and disease
nosologies as critical for RGD research.

new disease-gene relations appears to be

The Human Phenotype Ontology
(HPO)'*!! has been recognized as a
useful annotation of phenotypic ab-
normalities of RGDs, with the under-
standing that other resources might
be suitable in certain situations, and is
being used by RGD databases such as
PhenomeCentral,'* DECIPHER," the
UKI0K Project,'* and many others.
The HPO has been incorporated into
the United Medical Language System
(UMLS), which will allow interopera-
bility with an even larger range of med-
ical informatics resources. The HPO is
more than a clinical terminology; all
terms are set in a hierarchical structure,
and it is designed to allow computa-
tional analysis of clinical findings
for differential diagnostics,'® as well as
RGD phenotypic stratification prior
to WES analysis in both the clinical'®
and discovery settings.!” A key area
for ontological development is in-
creasing the granularity and coverage
of the HPO across some less well-
covered rare-disease domains. Addi-
tionally, enabling a means of making
longitudinal assessments (onset and
temporality), utilizing phenotype nega-
tion (the patient does not have pheno-
type X), and making quantitative spec-
ifications (e.g., levels of abnormality of
laboratory results) will be important.
To bridge the compatibility gap
between various systems and the lack
of terminology specific enough for

RGDs, the newly established Interna-
tional Consortium for Human Phe-
notype Terminologies (ICHPT) has
worked to provide the community
with phenotype terminology stan-
dards and definitions for the more
often used phenotype terms for data-
base interoperability, in particular to
allow the linking of phenotype and ge-
notype databases for RGDs. The ICHPT
was created with input from members
of several groups, including Orphanet
(under the EuroGentest project; see
Web Resources), HPO,'® and OMIM
(Robinson et al., 2014, Am. Soc.
Hum. Genet., abstract). The outcome
of this effort is a set of >2,300 terms
that should be present in any termi-
nology through one of its synonyms.
These terms have already been map-
ped to a few of the major terminol-
ogies, including HPO,"' PhenoDB,"’
Orphanet, Elements of Morphology,*’
POSSUM, SNOMED, MeSH, and
MedDRA, facilitating cross-compati-
bility between systems. Where ontol-
ogies contain more detailed terms at
a finer level of granularity, these terms
will map “up” to the broader aligned
terms. The IRDiRC recognizes and en-
courages the ICHPT as the minimal
set of standard terms to be used for
sharing phenotypic data.

Two complementary rare-disease no-
sologies exist, the Orphanet Rare Dis-
ease Ontology (ORDO)*' and OMIM.*
ORDO is a structured vocabulary for
rare diseases and is derived from the
Orphanet database; it captures relation-
ships between diseases, genes, and
other relevant features to form a useful
resource for the computational analysis
of rare diseases. It integrates nosologies
(classifications of rare diseases), relation-
ships (gene-disease relations and epide-
miological data), and connections with
other terminologies (MeSH, UMLS,
and MedDRA), databases (OMIM,
UniProtKB, HGNC, Ensembl, Reac-
tome, IUPHAR, and Geneatlas), or clas-
sifications (e.g., International Statistical
Classification of Diseases and Related
Health Problems-10 [ICD-10]). It should
be noted that ICD-10 contains only
~500 unique rare-disease classification
codes. This deficiency is now being
overcome by the development of a
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Figure 3. Map of the IRDiRC

The IRDiRC was formally launched in 2011 and currently includes member institutions
from Asia, the Middle East, Australasia, Europe, and North America. The current cumula-
tive commitment from the 42 member institutions from both the public and private sec-
tors is estimated at more than $2,000,000,000 USD.

hierarchical rare-disease classification
and coding (Orpha numbers) scheme
by Orphanet, which will become the
basis for inclusion of the majority of
known rare diseases into ICD. Orpha
numbers are now increasingly used
by European healthcare systems for
informatics tracing of RGDs, and their
introduction is fostered by National
Action Plans and Strategies for Rare
Diseases and recommended by the Eu-
ropean Commission expert group on
rare diseases.?

OMIM has also played a central role
in the naming and classification of
Mendelian diseases by defining recog-
nizable patterns of features and
highlighting those that allow one
condition to be distinguished from
another. In general, OMIM creates
separate phenotype entries on the ba-
sis of molecular etiology, that is, ge-
netic heterogeneity. OMIM’s clinical
synopsis for each phenotype includes
only those features that have been
reported in individuals with muta-
tions in the disease-associated gene.
Each OMIM phenotype is assigned a
unique and stable identifier (MIM
number) that is used in the aforemen-
tioned databases and in the biomed-
ical literature. The IRDiRC strongly
supports the continued interopera-

bility between the rare-disease nosol-
ogies ORDO and OMIM, both of
which are recognized for rare-disease
classification.

Standards, Tools, and Resources to
Facilitate Genomic Data Analyses

Our ability to analyze, annotate, and
ultimately share genomic datasets is
fundamental to the RGD research
agenda. Currently, tools and methods
for analysis and annotation are not
standardized and lack interopera-
bility; as a result, the sharing of out-
puts from large genomic datasets is
hampered. Pipelines for analyzing
DNA sequences still have much
room for improvement in terms of
sequence alignment, variant calling,
and functional annotation and pre-
diction, especially for more complex
variation such as insertions, deletions,
and the wide spectrum of structural
variants,”* calling for a harmonized
approach. This observation is sup-
ported by recent data suggesting
that the limited yield of WES as re-
ported in the literature, at least in
the context of certain recessive dis-
eases, is mostly accounted for by our
limited ability to correctly call vari-
ants.?* An example of such a platform
has been developed by the RD-Con-
nect EU project for research and diag-

nosis, together with the EURenOmics
and NeurOmics RGD research projects.
Furthermore, existing tools will need
to be made interoperable and widely
adopted, and their curation and up-
dates should be duly coordinated.
Genomic data analyses for RGD dis-
covery are also challenged by the
identification of rare variants to be
prioritized for further interpretation.
Investigators studying the causes of
RGDs are relying heavily on WES
datasets compiled by consortia, such
as the Exome Aggregation Con-
sortium (ExAC; 60,000 exomes) and
the NHLBI Exome Sequencing Project
(ESP; 6,500 exomes), that investigate
different diseases as reference datasets
for analyses, and this is proving useful
in decreasing the number of variants
to a manageable number for certain
populations. However, many of these
first comparative exome datasets
have been generated from popula-
tions of Western European and North
American origin. This limits patho-
genic variant discovery, especially
from populations that have been
sparsely assessed, if sampled at all.
The 1000 Genomes Project has made
significant contributions to our un-
derstanding of the architecture of
the human genome as a large hete-
rogeneous population dataset. Most
recently, gnomAD has aggregated
15,000 genomes and 120,000 exomes,
including data from the 1000 Ge-
nomes Project and the ExAC and ESP
exome datasets. Increasing such pop-
ulation datasets and generating and
sharing datasets from populations
with little to no representation in ex-
isting repositories that can be used
by the RGD research community, as
well as others investigating human
health, will be of great importance in
the future. The Global Alliance for
Genomics and Health (GA4GH) is
active in this space and is committed
to enabling responsible and effective
sharing of genomic and clinical
data through a federated ecosystem
approach; we support these efforts
and their application to RGDs.*
For example, the Beacon Network, a
demonstration project of GA4GH, is
a global search engine for genetic
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Table 1.

Factors Contributing to Bottlenecks in the Gene-Discovery Pipeline

Clinical data
hypotonia)

e non-specific clinical presentations (e.g., developmental delay and

e ultra-rare and unrecognized genetic diseases
e lack of ontology encompassing the complete spectrum of human

phenotypes

e insufficient utilization of ontologies or 3D facial-gestalt analysis in

phenotyping

e inconsistent multidisciplinary approaches to patient evaluation
e inability to account for and compare age-specific disease presen-

tations

Genomic data e technical limitations of WES (e.g., copy-number variants and
structural variation are not captured well)
e lack of standardized technical and informatics approaches

Data discovery .
and sharing °
°
°
participant
Genetic evidence e siloed datasets

incompleteness of population-specific control datasets

lack of a widely adopted data-sharing framework

lack of common data-sharing standards

lack of a systematic way to record data-use conditions

lack of a privacy-preserving linkage system for each research

e lack of and use of data-sharing infrastructure

Functional evidence e lack of standardized and moderate-throughput analyses of variant

impact

e lack of biological insight into the function of most human genes

Novel disease o lack of expertise in the analysis of non-coding variants
mechanisms e other mechanisms including tissue-specific mosaicism, methyl-
ation, and di- or oligogenic inheritance

variation and connects 60 databases
representing every inhabited conti-
nent, enabling global discovery of ge-
netic variation.

Ethical Standards to Enable Data Dis-
covery and Sharing

The RGD research community is
acutely and universally aware of the
need for data discovery and sharing.?®
Given the challenge ahead of us to un-
derstand and be able to diagnose RGDs
of ever increasing rarity, the ability to
share clinical and genetic data maxi-
mally has become of central impor-
tance. In this regard, the IRDiRC is
collaborating with the Human Vari-
ome Project (HVP) and GA4GH to
tackle major ethical, legal, and social
issues and agree on standards for
international data to break down exist-
ing hurdles. The IRDiRC has recog-
nized the Framework for Responsible
Sharing of Genomic and Health-
Related Data®” as a resource on the
basis of international adherence to
Article 27 of the UN Declaration of
Human Rights, which holds that

everyone has a right “to share in scien-
tific advancement and its benefits” and
“to the protection of the moral and
material interests resulting from any
scientific ... production of which [a
person] is the author.”?® Recently, rec-
ommendations and models for “Data
Transfer Agreements” have been pub-
lished with the “IRDiRC recognized”
label.?®

The IRDIRC-HVP-GA4GH collabo-
ration is paving the way for interna-
tional recognition of common data-
sharing standards. Several critical
areas of data-sharing governance are
currently the focus of collaborative
efforts. First, the collaboration devel-
oped a “tiered” consent policy that
is dependent on the context of
data collection and use (clinical or
research) and on the level of risk that
the shared data will be identified;
this policy is currently in use by
the Matchmaker Exchange***! (MME;
see below). Two related initiatives,
namely the Consent Codes®** model
and the Automatable Discovery and

Access Matrix (ADA-M), seek to enable
systematized representation of con-
sent-, legal-, and institutional-based
permissions and restrictions associ-
ated with research and clinical records
to facilitate streamlined and appro-
priate discovery, sharing, and use of
extant datasets. This will also help
to better standardize consent-form
clauses, thereby guiding best practices
in both research and ethics review
committees. Just as consent practices
need to become interoperable so as
to enable greater data sharing, so too
do data-access mechanisms. Efforts
are currently underway to produce a
new model that would facilitate data
access (registered access) and use inter-
actions with initiatives such as MME
by authorizing users through a stan-
dard online authentication and attes-
tation process. Registered access will
address different categories of poten-
tial data users (researchers, clinical
care professionals, and patients), as
well as different levels of data depend-
ing on their identifiability and sen-
sitivity. Additional IRDiRC-GA4GH
collaboration is underway to develop
a privacy-preserving linkage system
that would link data from the same
individual across multiple projects
while also respecting privacy. Policy
for recognizing ethics review to en-
courage streamlined and coherent
ethics review for international pro-
jects and consortia is also available.
Over time, such efforts will harmonize
local ethical, legal, and social policies
and procedures for efficient and
responsible international sharing and
analysis of genomic and clinical data.
Genetic Evidence to Support Gene
Discovery

Reports from several large-scale col-
laborative research initiatives, in-
cluding the FORGE Canada Con-
sortium,3? US Centers for Mendelian
Genomics,® and UK Deciphering
of Developmental Disorders study,**
indicate that wunder very select
circumstances (including ascertain-
ment of multiple, thoroughly pheno-
typed families with the same condi-
tion), the “solve rate” for RGDs
is often >50%. Reports focusing
on disease-causing variants in known
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disease-related genes in over 9,000
cases from various clinical diagnostic
settings indicate an overall success
rate of ~30%.%°° These latter co-
horts have demonstrated that a sub-
stantial fraction (25%-30%) of clin-
ical diagnostic success depends on
recent progress in the discovery of
genes underlying disease. This obser-
vation in combination with the
higher solve rate in the research
setting suggests that the unsolved
fractions of these clinical cohorts
contain many discoveries.

Case-Based — Matching for  Gene
Discovery. The discovery of disease-
gene associations requires confirma-
tion of pathogenic genomic variation
in multiple unrelated individuals
affected by the same rare disease.
Our collective experience suggests
that it takes approximately 2-3 years
to identify an additional unrelated in-
dividual with likely pathogenic muta-
tions in the same gene after publica-
tion of a single patient or family.
Thus, a central challenge is to effi-
ciently identify additional and unre-
lated persons with pathogenic vari-
ant(s) in the same gene and an
overlapping phenotype. It is difficult
to gauge the number of such single
surviving candidate genes (containing
deleterious-appearing genetic varia-
tion that remains after multiple fil-
tering steps with segregation data
and pathway and/or model-organism
support from existing literature) that
remain unpublished and/or in inac-
cessible “silos” worldwide, but we esti-
mate it to be more than 1,000.

To address this challenge, several
collaborative initiatives have devel-
oped platforms for genotype- and
phenotype-driven matching algo-
rithms!#1340-52; however, a connec-
tion between these existing solutions
has been lacking. Very recently, the
IRDiRC Diagnostics Scientific Com-
mittee, in collaboration with each
participating data-sharing service,
Can-SHARE, and the GA4GH, has
contributed to launching a federated
platform termed the MME.>® This
platform facilitates the identification
of unsolved patients and families
with similar phenotypic and geno-

typic profiles through a standardized
application programming interface
(API) and standard operating proced-
ures.*® The MME enables searches of
multiple databases at once, circum-
venting the need to separately search
all services by depositing data in
each one. Under this initial API,
each server can treat any description
arbitrarily: the level of similarity
required (on either the genotype or
phenotype level) before a match is
triggered is left to the discretion of
each service. The launch of the MME
is a major step forward, and currently
PhenomeCentral,'?> GeneMatcher,*!
DECIPHER,"® MyGene2,** matchbox,
and Patient Archive, representing
data from more than 20,000 unrelated
RGD patients, are connected to one
another. However, truly optimizing
this type of case-based matching and
enable RGD discovery on a global
scale will require improvement of in-
ternational data sharing, optimiza-
tion, financial support, and scaling
up of such infrastructure, operating
procedures, and algorithms.
Functional Evidence to Support Gene
Discovery

Integration of Genomic Data into Sys-
tems Biology. Parallel to the enormous
advances in gene identification
through WES, other large-scale -omics
approaches have been developed (e.g.,
proteomics, transcriptomics, and me-
tabolomics) to aid RGD discovery
and facilitate the validation of vari-
ants of unknown significance. For
instance, changes in protein levels or
function help to identify the disease-
causing variant if more than one
plausible gene has been identified
through WES. Data integration across
different -omics datasets on popula-
tion or individual patient levels will
also be required for understanding
the importance of disease-modifying
variants in conditions with high
phenotypic variability or incomplete
penetrance and for assisting the
development of diagnostics and ther-
apeutic biomarkers and will play an
increasing role in developing targeted
therapies. For example, RD-Connect is
establishing a platform where geno-
mic data on rare disease patients are

combined with other -omics data
and standardized phenotypes.>® Such
initiatives need to be increased in
number and made sustainable.

Model Systems to Facilitate Gene
Discovery. Model-systems research (in
humans, yeast, flies, worms, zebrafish,
mice, and other organisms) will
continue to be critical in determining
the functional consequences of geno-
mic variants in candidate disease-
related genes and in discovering and
validating new drug targets, candidate
drugs, and other therapeutic strate-
gies. The pace of allele discovery is
outstripping our ability to understand
the biological consequences of indi-
vidual mutations on gene, pathway,
and network function. There is an
opportunity for the next generation
of disease modeling to address this
gap in an efficient, cost-effective, and
generalizable manner with higher
throughput. Improved infrastructure
is required for (1) allowing clinician
scientists who have discovered a dis-
ease-causing variant to be exposed to
the full range of experimental tools
available to them, (2) allowing experts
in a variety of model organisms to
apply their skills on pertinent ques-
tions of biological and clinical inter-
est, and (3) creating efficiencies so
that studies are not duplicated and
existing models are utilized to their
full potential. Linking clinician scien-
tists and basic researchers early and
providing seed funds for collaborative
experiments would be the ultimate
goals of such an effort.

One approach to accelerating col-
laborations between clinicians and
basic researchers is to proactively iden-
tify collaborative “matches” and to
provide seed funding to ignite col-
laborative research projects. In Can-
ada, a national infrastructure, the
“Rare Diseases: Models and Mecha-
nisms” network, has been established
to link clinicians and basic researchers
as soon as disease-related genes are
discovered.>® The network is in its sec-
ond year of its 3 year funding cycle
and has been successful in catalyzing
collaborative links for over 40 clinician
and basic-scientist matches. An alterna-
tive approach is through an “enabling”
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scheme, in which national funding
agencies allow investigators to jointly
apply for supplemental funding to
existing grants. In the US, for example,
administrative supplements to “R”
and “P” grants are not uncommon;
indeed, this model has been used by
the NIH Undiagnosed Disease Program
to seed research on candidate genes
discovered by that effort.’” An inte-
grated international virtual network
allowing clinician scientists to discover
relevant researchers might also be
a complementary and intermediate
approach.

It will also be important to stimu-
late the establishment and validation
of novel phenotyping pipelines that
have correlates in other organisms by
emphasizing disease relevance, patho-
physiological pathways, and high
efficiency. This will accelerate the
evaluation of genomic variants and
candidate genes, drug and drug-target
testing using disease-relevant output
measures, and fundamental under-
standing of disease mechanisms and
pathologies. Phenotyping pipelines
can, in some cases, assess disease traits
that resemble hallmarks of the human
disorder in an obvious manner (e.g.,
malformations, behaviorial features,
or other findings). If sufficiently
specific (i.e., unique), such pheno-
types can validate the relevance of a
disease model. The Monarch Initiative
has been working in this realm since
2009 and acts as an integrative data
and analytic platform that connects
phenotypes and genotypes across spe-
cies. Alternatively, phenotyping pipe-
lines can assess traits that are not
linked to the disease of interest in an
obvious manner but that do result
from the same molecular defects un-
derlying the disease phenotype in hu-
mans and thus represent orthologous
phenotypes (“phenologs”).*® In addi-
tion, it will be important to develop
and validate novel efficient and dis-
ease-relevant test paradigms and phe-
notypes that can be cross-compared
between species (parallel phenotyp-
ing). Such validated disease-relevant
phenotypes across organisms could
provide the required output measures
for overcoming current bottlenecks,

such as the validation of alleles and
disease-related genes, at a scale that
is urgently required in the post-
genome-sequence era.

Novel Disease Mechanisms

Progress toward the discovery of the
genetic basis of every RGD has been
substantial over the past several years.
Yet, there remain a non-trivial num-
ber of well-known rare diseases (e.g.,
Hallerman-Streiff syndrome, Dubo-
witz syndrome, VACTERL, Gomez-Lo-
pez-Hernandez syndrome, Aicardi
syndrome, and PHACE syndrome)
for which, despite multiple groups’ ef-
forts to use WES and, in some cases,
WGS, the causal genetic mechanism
remains elusive. The reasons that
such discovery efforts fail are myriad
and most likely include both tech-
nical limitations (e.g., annotation er-
rors, missed coding and non-coding
variation, and structural variation)
and complex biology (e.g., extreme lo-
cus heterogeneity, tissue-specific so-
matic mosaicism, unusual modes of
inheritance, intrafamilial allelic or lo-
cus heterogeneity, and causal synony-
mous variants). Approaches that over-
come these barriers to RGD discovery
are few in number. Moreover, the
rare genetic conditions for which the
genetic mechanism has yet to be
identified are likely enriched with
those that will not be solved easily
by existing WES-based approaches.
Identifying the molecular basis of
conditions intractable to existing ap-
proaches requires broader and in-
novative application of existing dis-
covery strategies (e.g., WGS, RNA
sequencing of affected cells or tissues,
and deep sequencing of tissues deri-
ved from the three major embryonic
lineages); improvement of compu-
tational and statistical models for
variant identification, annotation,
functional prediction, and prioritiza-
tion—particularly for variants in
non-coding regions;** and develop-
ment of strategies for discovering causal
genetic mechanisms. Also, temporally
focused, multidisciplinary assessments
that take advantage of cumulative
expert clinician experience and preci-
sion phenotyping centered around sin-

gle patients, such as the Undiagnosed
Diseases Network International,®® are
part of a suite of approaches to support-
ing the discovery of rare-disease mecha-
nisms. The development and applica-
tion of these strategies will further
leverage investments that support
genetic and functional approaches for
the discovery of underlying genetic
mechanisms.

Critical Next Steps

Achieving the IRDiRC’s goal of a
means of diagnosing all RGDs will
require the discovery of the genetic
mechanism underlying every dis-
order. This challenge—producing a
complete catalog of the phenotypic
characteristics of all RGDs and their
corresponding causal variants, devel-
oping successful approaches to dis-
covering the underlying etiology of
RGDs caused by non-traditional
modes of inheritance, and establish-
ing tools and resources to translate
this new knowledge into patient care
(e.g., harmonization and adoption of
international guidelines for the clin-
ical application of NGS-based ap-
proaches)—is significant. This grand
challenge can be achieved only with
significant international cooperation
and engagement of all relevant stake-
holders at a scale the community has
never seen before. Efforts to engage
the research community, such as the
IRDIiRC and GA4GH, are of critical
importance, and international coordi-
nation and funding of activities will
be necessary. Improving translation
and reimbursement strategies for clin-
ical genome-wide analysis of patients
with rare diseases will be essential;
this is particularly important for
avoiding the large number of patho-
genic variants identified in known
genes in research projects focused on
discovery and reallocating research
funding to the generation and valida-
tion of novel insights. Engaging clin-
ical laboratories, researchers, and the
patient community to share their
data will be critical.

We must also recognize that as
more and more genes are discovered
to be associated with human disease
and appropriate analytical tests are
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established, a significant challenge in
RGD diagnosis will remain: that of in-
terpreting a growing numbers of vari-
ants of uncertain significance. DNA
diagnostics for RGD is primarily based
on shared knowledge about genes,
genomic variation, and phenotypes.
Currently, diagnostic data are col-
lected through a multitude of ap-
proaches by many different diag-
nostic laboratories and are stored in
a wide variety of server systems and
databases, which generally lack feder-
ated connections, i.e., “silos.” Local
solutions need to be developed and
implemented for storing data on ge-
netic variants and their associated
phenotypes in an easy and reproduc-
ible way with common standards
and terminologies. In addition, these
local systems need to be connected
worldwide to form a “genetics knowl-
edge web.” Making this type of sharing
part of the normal standard of care will
require community engagement. Inte-
grating existing platforms that store
clinical genetic and phenotype data
(e.g., ClinVar,®! Leiden Open Variation
Database [LOVD],°? and DECIPHER'3),
linking different types of data (e.g.,
array and sequencing), and encom-
passing small (single-nucleotide) to
large (deletion, duplication, inversion,
etc.) variants will be essential. These
challenges are further compounded
by the rate and impact of false-positive
causative variant assignments® that
exist in such databases, so ultimately
the curation of this knowledge by rele-
vant experts will be the key to diag-
nostic precision. Variant classification
as pathogenic or benign will rely
heavily on the same tools that are
critically needed for RGD discovery,
specifically the availability of popula-
tion-specific disease and control data-
bases for a diverse range of popula-
tions, the use of orthogonal assays
such as metabolomics, transcriptom-
ics, or proteomics to clarify func-
tional effect, and the systematic
screening of mutations in disease-
related genes in tractable models or
cell systems. Clearly, the task of as-
signing pathogenicity to individual
variants is mission critical to infor-
med patient care.

Achieving a means of diagnosing all
RGDs will be of great importance for
patients and families. It will allow ge-
netic counseling, better prognostica-
tion, and identification of specific
health risks to the individual and will
prevent unnecessary or harmful diag-
nostic interventions and treatments.
Ultimately, such insights can be
applied to genome-wide sequencing
in newborns for both diagnosis and
screening.®* In an increasing number
of patients, effective drug treatment
is available once the exact diagnosis
(e.g., lysosomal-storage disorders or
congenital myasthenic syndromes)
has been established.®®> In addition,
this aim will allow more patients to
participate in research cohorts for
clinical trials that require a definite
molecular and phenotypic diagnosis,
providing potential benefit from new
drugs or interventions being devel-
oped by academia and the private
sector.®® In our view, the understand-
ing of all RGDs will be the cornerstone
of precision medicine; the power of
genomics to explain these rare dis-
eases with concomitant fundamental
insights into biological processes will
rapidly transform medical care for
these patients and their families.
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ARTICLE

InterVar: Clinical Interpretation of Genetic Variants
by the 2015 ACMG-AMP Guidelines

Quan Lit# and Kai Wang!.2.3.*

In 2015, the American College of Medical Genetics and Genomics (ACMG) and the Association for Molecular Pathology (AMP) pub-
lished updated standards and guidelines for the clinical interpretation of sequence variants with respect to human diseases on the basis
of 28 criteria. However, variability between individual interpreters can be extensive because of reasons such as the different understand-
ings of these guidelines and the lack of standard algorithms for implementing them, yet computational tools for semi-automated variant
interpretation are not available. To address these problems, we propose a suite of methods for implementing these criteria and have
developed a tool called InterVar to help human reviewers interpret the clinical significance of variants. InterVar can take a pre-annotated
or VCF file as input and generate automated interpretation on 18 criteria. Furthermore, we have developed a companion web server,
winterVar, to enable user-friendly variant interpretation with an automated interpretation step and a manual adjustment step. These
tools are especially useful for addressing severe congenital or very early-onset developmental disorders with high penetrance. Using re-
sults from a few published sequencing studies, we demonstrate the utility of InterVar in significantly reducing the time to interpret the

clinical significance of sequence variants.
Introduction

With the continued development and deployment of
massively parallel next-generation sequencing (NGS) tech-
nologies, clinical and molecular laboratories are now
rapidly adopting NGS in genetic testing and human ge-
netics research. Although it is becoming easier and more
affordable for individual laboratories to generate NGS
data, the major hurdle in utilizing these data lies in how
to interpret the genotype-phenotype relationships, espe-
cially in genomic medicine settings.? The process of iden-
tifying disease-causing or disease-contributing variants
among the thousands of genetic variants within an indi-
vidual's genome generally involves a number of steps,
such as variant annotation, variant filtering, in silico pre-
diction, and clinical interpretation by human experts.?
Each of these steps can involve the use of specific compu-
tational and bioinformatics tools.

Several tools and databases have been developed to assist
laboratories and clinicians with understanding the func-
tional significance of genetic variants with respect to their
potential effects on genes and diseases. They generally fall
into several categories. First, a number of annotation tools,
such as ANNOVAR,*> VAAST,® SeattleSeq,” SNPeff,® and
VEP,? can predict how genetic variants affect transcript
structure or coding sequences. They can classify variants
into intronic, intergenic, splice, and exonic variants, and
for exonic variants, they can compute how amino acid se-
quences are affected. Second, for coding variants, a variety
of tools can predict whether the variant is deleterious to
protein function or structure by using evolutionary infor-
mation, context within the protein sequence, and
biochemical properties. These in silico methods include in-

dividual scoring systems, such as SIFT,'® PolyPhen-2,'!
CADD,'? FATHMM,'® and MutationTaster,'* as well as
meta-predictors, such as Condel'® and MetaSVM.'® Many
have a similar theoretical basis, but they also have known
limitations, such as moderate accuracy, low specificity, and
over-prediction.'”"'® Third and finally, public disease-spe-
cific and gene-specific databases, such as the Human
Gene Mutation Database (HGMD),'? ClinVar,*® and
various locus-specific databases,?' can document function-
ally or clinically validated genetic variants that are
pathogenic for particular diseases. The HGMD is a compre-
hensive collection of germline mutations in nuclear genes
that underlie, or are associated with, human inherited
disease and is compiled primarily from the published liter-
ature.' ClinVar®® archives the clinical significance of
variants reported directly from submitters. However, these
databases often contain variants that are incorrectly classi-
fied without a primary review of evidence, and they some-
times have contradictory records on the assessment of
pathogenicity. The NIH began the ClinGen initiative®* to
build an authoritative central resource that defines the
clinical relevance of genes and variants for use in precision
medicine and research. To improve the accuracy of variant
interpretations, ClinGen uses a ranking system to denote
the quality associated with each submission to ClinVar.
Despite the existence of a variety of resources, a more sys-
tematic way to evaluate the pathogenicity of genetic vari-
ants observed in sequencing studies is needed to facilitate
clinical evaluation of variants and to enable the precise im-
plementation of genomic medicine.

To standardize the clinical interpretation of genetic
variants, the American College of Medical Genetics and
Genomics (ACMG) recommended standards for the
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interpretation of sequence variations and offered a deci-
sion-tree algorithm for variant interpretation in 2000 and
2007.2%2* With the rapid development and adoption of
NGS, variant interpretation has become more complex,
and new challenges in the clinical interpretation of Men-
delian and complex diseases have emerged. To address
these challenges and to provide more concrete guidelines,
the ACMG and the Association for Molecular Pathology
(AMP) published updated guidelines for the interpretation
of sequence variants in May of 2015.2° This new report de-
scribes updated standards and guidelines for classifying
sequence variants by using criteria informed by expert
opinion and experience. To better describe the causality
of variants identified in genes associated with Mendelian
diseases, the ACMG and AMP recommend a widely used
five-tiered categorization system—pathogenic, likely path-
ogenic, uncertain significance, likely benign, and benign—
for classifying variants. The system uses a total of 28
criteria based on different sources of data, such as popula-
tion data, in silico data, functional data, and segregation
data. The ACMG and AMP also propose a set of scoring
rules, which combine criteria to give the five-tier classifica-
tion system for genetic variants.

Although the ACMG-AMP guidelines were developed to
enable consistent and reliable interpretation of genetic
variants, application of the ACMG-AMP criteria still in-
volves some discrepancies between intra- and inter-labora-
tory settings. Some efforts have been taken to reduce
inter-laboratory inconsistencies,® but >66% of variant
classifications are still discordant in inter-laboratory classi-
fications. There could be several reasons for the discor-
dances. For many clinical labs, implementing the variant
scoring rules into a standardized workflow is difficult
with available informatics tools. For example, the ACMG
and AMP recommend using 28 criteria during the inter-
pretation process; however, gathering information on
each of the criteria is quite complicated and might not
be easily accomplished by individual interpreters or might
not be reproducible by the same interpreter at different
times. Furthermore, the ACMG and AMP provide only
general guidelines on how to assess each criterion but
do not offer specific algorithms for implementing these
guidelines (for example, which databases to use); different
researchers might prefer to use different algorithms, mak-
ing the results less reproducible between different human
interpreters. Finally, although a variety of databases (such
as ClinVar and the 1000 Genomes Project) or in silico
tools (such as SIFT and PolyPhen-2) are available online
and easily accessible to the average user, there is a lack
of tools that combine all of these databases together to
offer a one-stop shop for human interpreters to derive a
final score for genetic variants. Addressing these chal-
lenges will require easy-to-use yet automated computa-
tional tools and web services that can generate versioned
and reproducible criteria for every variant and help hu-
man interpreters quickly understand the clinical signifi-
cance of genetic variants. In this study, we present such

a tool, InterVar (Clinical Interpretation of Genetic Vari-
ants), to fill these unmet needs on the basis of the
2015 ACMG-AMP guidelines and user-supplied domain
knowledge.

Material and Methods

Generation of Variant Annotation

The required input for InterVar is a simple tab-delimited file
including a list of variants that are already annotated with a set
of required information, such as amino acid changes and allele fre-
quency. Users can generate this input file themselves by using an
in-house variant analysis workflow; alternatively, InterVar can
take a VCF file, call the ANNOVAR software (a powerful and
widely used annotation tool), and generate the required input
data. The following is an example command line for running
ANNOVAR: “perl table_annovar.pl input.vcf humandb/ -buildver
hgl9 -remove -out output -protocol refGene,esp6500siv2_all,
1000g2015aug_all,avsnp144,dbnsfp30a,clinvar_20160302,exac03,
dbscsnv11,dbnsfp31a_interpro,rmsk,ensGene, knownGene -oper-
ation g ffffffff1gg -nastring. -vcfinput.” The description for
these databases is given below: “esp6500siv2_all” is a database
for allele frequency in the NHLBI Exome Sequencing Project
(ESP6500), “refGene” is a database for gene annotation from
RefSeq, “1000 g2015aug_all” is a database for alternative allele fre-
quency (AAF) in the 1000 Genomes Project?” (version August
2015), “exac03” is a database for AAF in the Exome Aggregation
Consortium (ExAC) Browser?® (version 0.3), “dbnsfp30a” is a data-
base for various functional deleteriousness prediction scores from
dbNSFP?% (version 3.0a), “clinvar_20160302” is for the variants
reported in ClinVar®® (version 20160302), “avsnp144” is for the
ANNOVAR-compiled dbSNP (version 144), “ensGene” is for gene
annotation from Ensembl, “knownGene” is for gene annotation
from UCSC Known Genes, “dbnsfp31a_interpro” is a database of
the domain information from dbNSFP?® and InterPro®! (which
integrates information about protein families, domains, and func-
tional sites), “dbscsnv11” is a database for predicting the splicing
impact by Ada Boost and Random Forest,*> and “rmsk” is a data-
base on the repeat masking track from the UCSC Genome Browser.
These databases might be updated to new versions when they
become available.

Criteria and Scoring System

Based on the 2015 ACMG-AMP guidelines, the criteria fall into
two sets: pathogenic or likely pathogenic (P/LP) and benign or
likely benign (B/LB), whereas “uncertain significance” is assigned
to variants for which the criteria for P/LP and B/LB are contradic-
tory or not met. There are a total of 28 criteria: the 16 criteria for
the P/LP criterion are very strong (PVS1), strong (PS1-PS4), moder-
ate (PM1-PM6), or supporting (PP1-PPS); whereas the 12 criteria
for the B/LB criterion are stand-alone (BA1), strong (BS1-BS4), or
supporting (BP1-BP7). If a criterion is positive, InterVar will assign
1; otherwise, InterVar will assign 0. For these 28 criteria, InterVar
can automatically generate predictions on 18 (PVS1, PS1, PS4,
PM1, PM2, PM4, PMS5, PP2, PP3, PP5, BA1, BS1, BS2, BP1, BP3,
BP4, BP6, and BP7) according to the current annotation datasets,
yet the rest (PS2, PS3, PM3, PM6, PP1, PP4, BS3, BS4, BP2, and
BPS) require user input in the manual adjustment step. Below,
we describe the details on how to assign these criteria from various
sources of annotation information.
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PVS1 by Automated Scoring

The null variants include nonsense variants, frameshift indels, and
canonical splice variants, which often lead to loss of function
(LOF). From ANNOVAR annotations, these LOF variants are repre-
sented as frameshift indel, stop-gain, stop-loss, and splicing vari-
ants in canonical transcripts. We first filtered ClinVar (version
20160302) by taking those variants shown in MedGen and then
removing common variants (allele frequencies > 5%) and variants
with conflicting annotations. The variants in ClinVar were anno-
tated by ANNOVAR with RefGene definitions, and we identified
1,988 genes harboring at least one LOF variant that is “patho-
genic” in ClinVar. Recently, the EXAC analyzed high-quality
exome (protein-coding region) DNA sequence data for 60,706 in-
dividuals and identified 3,230 genes as LOF intolerant.”® We com-
bined these two gene sets from ClinVar and the EXAC Browser and
generated 4,807 genes as our final LOF-intolerant gene list. Null
variants in the canonical transcripts for these 4,807 genes were
assigned a PVS1 of 1. However, on the basis of the canonical rules
for nonsense-mediated mRNA decay,®® we did not consider
nonsense variants that are downstream of or within 50 nucleo-
tides of the final exon-junction complex.

PS1 and PMS5 by Automated Scoring

Generally speaking, if one missense variant is pathogenic, then a
different nucleotide change that results in the same amino acid
alteration should also be pathogenic for PS1. However, if a
different nucleotide change results in a different amino acid
change, then it suggests moderate evidence of pathogenicity by
PMS5. We first filtered ClinVar (subject to the same data-cleaning
procedure described above), picked out all missense variants anno-
tated as pathogenic, and stored the amino acid changes in an
InterVar-specific database. We also inferred the splicing impact
of these exonic missense variants by ANNOVAR from the
“dbscsnvl1” database to assess the possibility that they act
through splicing disruption rather than amino acid changes. If a
variant supplied by the user results in the same amino acid change,
the PS1 value will be assigned as 1. However, if a variant supplied
by the user results in a different amino acid change, then PMS5 will
be assigned as 1.

PS2 and PMé6 by Manual Scoring

The de novo status of the variants gives strong support for the
pathogenic status for PS2 if both maternity and paternity can be
confirmed; if maternity or paternity is not confirmed, then moder-
ate evidence of pathogenicity should be applied to PM6. Because
InterVar cannot directly annotate the de novo status of the user’s
input variants, PS2 and PM6 are treated as user-supplied values in
the second step (manual adjustment) of InterVar.

PS3 and BS3 by Manual Scoring

If in vitro or in vivo functional studies are supportive of a
damaging effect on the gene or gene product, PS3 should be as-
signed as 1. If in vitro or in vivo functional studies show no
damaging effect on protein function or splicing, BS3 should be as-
signed as 1. InterVar does not have the information on functional
studies, so by default these values are 0 and can be overridden by
users. In the future, we might establish a database with validated
genetic variants that are known to affect the function of genes
or gene products.

BA1, BS1, BS2, PS4, and PM2 by Automated Scoring

The AAFs in control populations are useful for scoring the patho-
genicity of variants, given that frequently occurring variants in the
population are unlikely to cause rare diseases. We retrieved infor-
mation on disease prevalence from OrphaNet and translated
OrphaNet identifiers into OMIM identifiers. Here, we used three

datasets to assess the variant frequency: the NHLBI Exome
Sequencing Project (ESP6500), 1000 Genomes Project, and EXAC
Browser. If any of the AAFs in any database is >5%, BA1 will be as-
signed as 1. If the AAF in the EXAC Browser is great than expected
for the disorder caused by mutations in the corresponding gene,
BS1 will be assigned as 1 (here, we set a default cutoff as 1% for
rare disease, but users can specify their own cutoft in the configu-
ration file of InterVar). If a variant is observed in a healthy adult in
the 1000 Genomes Project as a homozygote (for diseases defined as
recessive in OMIM) or as a heterozygote otherwise, then BS2 will
be applied. We manually removed known major adult-onset disor-
ders from consideration. We did not use the ExAC Browser or
ESP6500 here because these datasets can contain variants from in-
dividuals with various diseases.

Variants that are absent or are present at extremely low fre-
quencies in a large control cohort could represent moderate evi-
dence for pathogenicity. If a variant that is responsible for
dominant diseases is absent in all control subjects from
ESP6500, 1000 Genomes Project, and the ExAC Browser, PM2
will be applied. If the variant causes recessive diseases and has a
very low frequency with AAF < 0.5%, then PM2 can also be
applied. Information on the gene-disease relationship, such as
dominance or recessiveness, is obtained from OMIM.

In some cases, pathogenic variants have a significantly higher
frequency in affected subjects than in control subjects. To handle
these variants, we also cataloged all variants with an odds ratio
(OR) > 5.0 from GWASdb®* version 2. For these variants, PS4
will be applied. For some rare variants where case-control studies
might not reach statistical significance, PS4 also can be down-
graded to a moderate level during the manual adjustment step.
PM1 by Automated Scoring
Many protein domains play essential roles for protein function, so
missense variants in these domains tend to be pathogenic. The
domain information can be inferred from dbNSFP by ANNOVAR
through the “dbnsfp31a_interpro” database. We first annotated
all ClinVar variants (subject to the same data-cleaning procedure
described above) with protein-domain information and then
compiled a list in which domains contained only pathogenic or
likely pathogenic variants without benign or common (allele fre-
quency > 5%) variants. This list is provided within the InterVar
package and will be updated regularly. If the user’s input variants
are located in these domains, then PM1 will be applied.

PM3 and BP2 by Manual Scoring

The pathogenicity of a variant also needs to be evaluated on the
basis of whether variants with known pathogenicity exist in cis
or trans with it. InterVar does not know the cis/trans status for var-
iants, so this needs to be provided by users in the second step
(manual adjustment) of InterVar. For two heterozygous variants
that are present in a gene associated with recessive disorders, if
one is pathogenic and the other is located in trans, then moderate
evidence of PM3 will be applied. If more than two variants are
observed in trans, then moderate evidence for pathogenicity can
be upgraded to strong. If the variants are present in a gene associ-
ated with dominant diseases, yet one variant is pathogenic and the
other is located in trans, then supporting evidence of benign status
will be applied to BP2 for the other variant. Regardless of models of
disease inheritance, for two variants, if one is pathogenic and the
other is observed in cis, then BP2 will be applied for the other
variant.

PM4 and BP3 by Automated Scoring

Indels and stop losses can change the length of proteins and
disrupt protein function. We annotated the repeat region by using
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the “rmsk” database from the UCSC Genome Browser. This data-
base was created by the RepeatMasker program, which screens
DNA sequences for interspersed repeats and low-complexity
DNA sequences. When the variants are “non-frameshift inser-
tion,” “non-frameshift deletion” in the non-repeat region, or
stop-loss variants, PM4 will be applied. If the variants are “non-
frameshift insertion” or “non-frameshift deletion” in the repeat re-
gion, BP3 will be applied.

PP1 and BS4 by Manual Scoring

Familial segregation of a variant with a disease is an important sign
for linking the variant to the disease. If segregation is found in
multiple affected family members and if this gene is definitively
known to be associated with this disease, then PP1 will be applied.
When there is a lack of segregation in affected members of a fam-
ily, then the benign supporting evidence of BS4 will be applied.
Because InterVar does not know the information on segregation,
this piece of evidence can be provided by users in the second
step (manual adjustment) of InterVar.

PP2 and BP1 by Automated Scoring

For many genes, the spectrum or distribution of pathogenic and
benign variants can be informative for the pathogenicity status.
For a given gene, if the missense variants are common causes of
the disorder and the gene also has very few benign variants,
then a missense variant in this gene can be supporting evidence
for pathogenicity, and PP2 will be applied. However, if the trun-
cating variants are major causes of the disease, then a missense
variant in this gene can be supporting evidence for a benign status,
and BP1 will be applied.

We annotated all variants in ClinVar (subject to the same data-
cleaning procedure described above). For a given gene, if most of
the pathogenic variants (>80% and at least one variant) are
missense, and if a small proportion (<10% and less than one
variant) of missense variants are benign, then for missense vari-
ants, PP2 will be assigned as 1. The treatment for BP1 is similar
to that for PP2, but we assess whether most of pathogenic variants
(>80% and at least one variant) are truncating variants. The trun-
cating variants are defined as stop-gain, stop-loss, frameshift indel,
or those disrupting splice sites. If the user’s variants are missense in
this gene, BP1 will be assigned as 1.

PP3 and BP4 by Automated Scoring

When multiple pieces of computational evidence support a delete-
rious effect on the gene or gene product (conservation, evolu-
tionary, splicing impact, etc.), then the supporting pathogenic
evidence of PP3 will be assigned as 1. In comparison, when multi-
ple pieces of computational evidence suggest no impact on the
gene or gene product, then supporting benign evidence of BP4
will be assigned as 1. All sets of in silico results must agree when
PP3 or BP4 is assigned.

These multiple pieces of computational evidence can be pro-
vided by ANNOVAR from the “dbnsfp30a” database, where the
MetaSVM score'® is used for deleteriousness prediction and
GERP++ is used for evolutionary conservation. The splicing im-
pacts can be inferred by ANNOVAR from the “dbscsnv11” data-
base. For the evidence of PP3 and BP4, we set the cutoff to 0.0
for MetaSVM scores (greater scores indicate more likely deleterious
effects), 2.0 for GERP++_RS (smaller scores indicate less conserva-
tion), and 0.6 for adaptive boosting (ADA) and random forest (RF)
scores of dbscSNV as splicing impact (larger scores indicate more
likely splice altering).

PP4 by Manual Scoring
For a given gene, if the individual’s phenotype or family history is
highly specific to the disorder associated with the gene, then it is

supporting evidence for pathogenicity; in such a case, PP4 should
be applied. This information needs to be provided by the user in
the second step (manual adjustment) of InterVar.

PP5 and BP6 by Automated Scoring

If a reputable source has already reported a variant as pathogenic
but the evidence is not provided for independent evaluation,
then PPS will be applied. When a reputable source has already re-
ported a benign variant but without detailed evidence, then BP6
will be applied. In InterVar, we used the ClinVar dataset (subject
to the same data-cleaning procedure described above) to perform
this analysis by default, but users can select to use HGMD or other
proprietary databases for this analysis.

BP5 by Manual Scoring

If a disease has an alternate molecular basis (caused by more than
one gene) and if a variant is observed in a gene related to the dis-
ease, then it will be supporting evidence for a benign status, and
BP5 will be assigned as 1. Note that this criterion is stronger for
a gene associated with a dominant disorder than for a gene
associated with a recessive disorder. Because of the multiple
exceptions for this criterion, as described before,*® users can adjust
this criterion by using their own knowledge in the manual adjust-
ment step.

BP7 by Automated Scoring

If a synonymous (silent) variant has no effect on splicing and if the
nucleotide position is not highly conserved, then we can classify
this variant as likely benign and assign BP7 as 1. The prediction
on the effect on splicing can be extracted by ANNOVAR with
the “dbscSNV” database. Both scores dbscSNV_RF_SCORE and
dbscSNV_ADA_SCORE should be <0.6 when the variant is pre-
dicted to have no impact on splicing. The conservation informa-
tion is retrieved from the “dbnsfp30a” database, where a GERP-++
score > 2 indicates that the nucleotide is highly conserved.

InterVar and winterVar

InterVar is a command-line-driven software written in Python and
can be used as a standalone application on a variety of operating
systems—including Windows, Linux, and MacOS—where Python
is installed. The source code of InterVar is available from GitHub
(see Web Resources).

InterVar takes either pre-annotated files in tab-delimited formats
or unannotated input files in VCF format or ANNOVAR input
format, where each line corresponds to one genetic variant. If
the input files are unannotated, InterVar will call ANNOVAR to
generate necessary annotations. Users can also use software tools
other than ANNOVAR to generate pre-annotated files. The execu-
tion of InterVar mainly consists of two major steps: (1) automati-
cally interpreting the variant by using the criteria outlined above
and (2) manually adjusting specific criteria to re-interpret the clin-
ical significance. However, users can also specify their own evi-
dence file for a subset of the criteria and import it into InterVar
by using the argument “-evidence_file” so that one single step is
sufficient to generate the final results. In the output, on the basis
of all 28 pieces of criteria that are either automatically generated or
manually supplied by the user, each variant will be assigned as
pathogenic, likely pathogenic, uncertain significance, likely
benign, or benign by rules specified in the 2015 ACMG-AMP
guidelines.?

We also developed a web server called winterVar, which offers a
graphical user interface for InterVar (see Web Resources). Users can
directly input their missense variants into winterVar by chromo-
somal position, by dbSNP identifier, or by gene name with the
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Figure 1. Flowchart of the Two-Step Procedure of InterVar
Underlined and bold fonts denote automated criteria.

nucleic acid change. The winterVar server will provide full details
on the variants, including all automatically generated criteria,
most of the supportive evidence, and sub-population information.
Users then have the ability to manually adjust these criteria and
resubmit to the server to perform re-interpretation. We scanned
all exons, and for each position we generated all three possible
nucleotide changes. If the mutation was non-synonymous, we
kept it in our database. The human genome contains approxi-
mately 80,000,000 non-synonymous variants, and we pre-
computed the 18 criteria for all of them. Therefore, the execution
of winterVar is very fast, typically less than 1 s to obtain the result
on a variant. However, the winterVar server cannot process other
types of variants (such as indels), and the user will need to rely on
InterVar instead.

Results

Summary of the Interpretation Procedure

A flowchart for InterVar is given in Figure 1. InterVar
mainly consists of two major steps: (1) automated scoring
on each of the 18 pieces of criteria and (2) manual review
and adjustment on specific criteria to arrive at a final inter-
pretation. During the first step, InterVar calls an annota-
tion software, such as ANNOVAR,® to obtain necessary
annotation information on variants and then uses its
own internal annotation database to supplement addi-
tional annotations. Using these annotations on variants
and genes, InterVar performs a preliminary interpretation

Classify

PP3PP4PP5 | T
System
: i Uncertain —
E (com o ng
Rules)

Step 2: Manual adjustment

Pathogenic| ]
Likely
Pathogenic!

Likely
Benign

of the variant and presents all relevant evidence for
manual review. Currently, 18 pieces of criteria can be auto-
matically generated and used in the first step. During the
second step, the user can manually adjust each of the
criteria on the basis of prior information (such as a vari-
ant’s de novo status) or his or her own domain knowledge
to reach a final interpretation. We emphasize here that
automated scoring is based on default parameters and
that users are advised to examine detailed evidence and
use prior knowledge on ethnicity and/or disease to perform
manual adjustments. A detailed explanation of these 28
criteria is given in Figure 2.

For example, consider missense variant chrl2:
52,093,447T>C (GRCh37 coordinate) in exon 7 of SCNSA
(MIM: 600702), which causes early infantile epileptic en-
cephalopathy type 13 (MIM: 614558). We recently reported
this variant as a de novo mutation in a 4-year-old female
who, at 5 months of age, exhibited symptoms of epilepsy
that progressed to a severe condition with very little
movement, including the inability to sit or walk on her
own.>® We illustrate the scoring logic for this variant.
This variant is located in a protein domain called the
ion transport domain. This domain does not have any
benign variants in public databases compiled by InterVar,
so we assigned PM1 as 1. In addition, this variant is not
present in the 1000 Genomes Project, EXAC Browser, or
ESP6500, so PM2 was assigned as 1. For SCN8A4, all
known pathogenic variants are missense, so PP2 was
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assigned as 1. According the 2015 ACMG-AMP rules, the
variant falls into the class of “uncertain significance.” In
the second step, if we manually adjust the criteria by
providing de novo information as PS2 = 1, then the clin-
ical significance will change to “likely pathogenic” on the
basis of “1 strong (PS1-PS4) and 1-2 moderate (PM1-
PM6).” This procedure illustrates how to use automated
interpretation and manual adjustment to derive a final
interpretation for genetic variants.

Interpretation of De Novo Variants in
Neurodevelopmental Disorders

We compiled a dataset of 9,305 de novo variants from
12 published trio-based exome sequencing studies on
autism spectrum disorders,**3” developmental disor-
ders,*® schizophrenia,®*~*? epileptic encephalopathies,**
and intellectual disability.***” Among them, 8,346 vari-
ants were detected from affected subjects (n = 6,515),
and 959 were detected from control subjects (n = 900).
Among these 8,346 variants from affected subjects, 4,526
were non-synonymous, resulting in coding sequence

changes in 3,462 genes, whereas 616 non-synonymous
variants were present in 592 genes from control subjects.

We next performed automated variant interpretation by
InterVar on all of these variants by using default options in
the program and setting expected prevalence for these dis-
orders as 1% (Table 1). Given that each published exome
sequencing study used Sanger sequencing to validate the
de novo status of the variants, we assigned PM6 as 1, indi-
cating that these variants were assumed to be de novo
without confirmed paternity or maternity. Among these
variants, 4,459 (53.4%) and 493 (51.4%) were interpreted
as having uncertain significance in affected and control
subjects, respectively. Among affected subjects, 430
(5.1%) and 1,666 (20.0%) variants were interpreted as
pathogenic and likely pathogenic, respectively. Among
control subjects, 10 (1.0%) and 206 (21.5%) variants
were interpreted as pathogenic and likely pathogenic,
respectively.

We next combined variants with a benign or likely
benign interpretation as one category (B/LB) and those
with pathogenic or likely pathogenic as another category
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Table 1.

Illustration of Automated Interpretation of De Novo Variants from Individuals with Several Different Diseases and Control

Subjects

Affected Control
Interpretation DD sCz ASD EE ID Subjects Subjects
Benign 7 3 52 0 0 62 0
Likely benign 288 241 1,085 59 56 1,729 250
Uncertain significance 819 466 2,869 180 125 4,459 493
Likely pathogenic 339 199 967 81 80 1,666 206
Pathogenic 125 26 226 17 36 430 10
Total 1,578 935 5,199 337 297 8,346 959
Benign and likely benign 295 244 1,137 59 56 1,791 250
Pathogenic and likely 464 225 1,193 98 116 2,096 216
pathogenic
p value (compared to 4.71E-7 0.65 0.06 0.00061 2.07E-6 0.0022 -

control subjects)®

OR and 95% CI 0.55 (0.44-0.69) 0.94 (0.72-1.21)

0.82 (0.67-1.00)

0.52 (0.35-0.75) 0.42 (0.29-0.60) 0.74 (0.61-0.90) -

Abbreviations are as follows: DDD, developmental disorder; SCZ, schizophrenia; ASD, autism spectrum disorder; EE, epileptic encephalopathy; ID, intellectual

disability; OR, odds ratio; and Cl, confidence interval.
p values were calculated with a two-sided Fisher’s exact test.

(P/LP) and compared their frequency between affected and
control subjects. (Please note that we do not have access to
individual-level data, so our analysis below focused on
comparing detected variants between affected and control
subjects.) Using Fisher’s exact test, we detected a strong
enrichment of P/LP variants among de novo variants in
affected subjects (p = 0.0022) on the basis of automated
interpretation. This result confirms that de novo variants
that might be pathogenic are more prevalent in subjects
with neurodevelopmental disorders than in control sub-
jects. Please note that this analysis leveraged results only
from automated interpretation (step 1) and did not ac-
count for manual adjustment (step 2) based on additional
domain knowledge of the variants, genes, phenotypes, or
diseases.

In comparison, we also predicted the pathogenicity
of these variants by using SIFT and PolyPhen-2 scores
on a subset of the variants for which the scores were
available (Table 2). SIFT predicted 2,242 (26.8%) of
8,346 variants as deleterious (SIFT < 0.05 as the cutoff)
for the subjects with neurodevelopmental disorders and
predicted 283 (29.5%) of 959 variants as deleterious
for control subjects. PolyPhen-2 predicted 3,157 (37.8%)
of 8,346 variants as probably damaging or possibly
damaging (PolyPhen-2_HDIV > 0.453 as the cutoff) for
affected subjects and predicted 403 (42.0%) of 959 vari-
ants as probably damaging or possibly damaging for
control subjects. Comparing affected and control subjects
(Table 2), we did not observe a strong enrichment of
P/LP variants with these two methods (p = 0.64 for SIFT
and p = 0.08 for PolyPhen-2_HDIV). These results demon-
strate that in silico predictions alone might not be suffi-
cient to identify P/LP variants in exome sequencing
studies.

Comparative Analysis on ClinVar
Although variant databases such as HGMD, ClinVar, and
OMIM have been very helpful for cataloging genetic vari-
ants known to be associated with human diseases, they
also have known limitations, e.g., that a portion of benign
variants are incorrectly classified as pathogenic vari-
ants.*®*° For example, Dorschner et al.° manually exam-
ined primary literature for 239 unique variants reported
as pathogenic in HGMD and confirmed that only 7.5%
are actually pathogenic from the original publication.
The discrepancy in variant clinical significance between
HGMD and clinical labs also highlights the lack of stan-
dards in interpreting a variant as pathogenic or likely path-
ogenic in the literature. Similarly, Bell et al.>! found that
27% of the pathogenic variants cited in the literature are
common polymorphisms or misannotated, underscoring
the need for better mutation databases. Interestingly, we
recently sequenced a personal genome and identified two
variants reported as pathogenic in ClinVar, but manual ex-
amination of the cited publication indicated that neither
was reported as pathogenic in the original publication.>?
This problem has been increasingly recognized in recent
years,*® suggesting that “known” pathogenic variants in
various databases should not be taken at face value and
instead deserve more detailed re-examination. Here, we
analyzed the entire ClinVar dataset and compared their an-
notations with the automated interpretation (step 1) by
InterVar to assess the concordance rates and examine sour-
ces of discordance. We recognized that because InterVar
compiled some of its internal databases from ClinVar, its
interpretation might be slightly biased toward being
more similar to that of ClinVar.

We retrieved ClinVar version 2016-03-02 and selected all
non-conflicting nonsynonymous variants categorized as

The American Journal of Human Genetics 100, 267-280, February 2, 2017 273



Table 2. Analysis of De Novo Variants by SIFT and PolyPhen-2

SIFT

Interpretation Affected Subjects

Control Subjects

PolyPhen-2

Affected Subjects

Control Subjects

Benign or tolerated 2,608 (31.2%)

Deleterious, probably damaging,
or possibly damaging

2,242 (26.8%)

Unknown 3,496 (42.0%)
Total 8,346
p value (compared to control subjects)® 0.64

343 (35.7%)
283 (29.5%)

333 (34.8%)
959

1,426 (17.1%)
3,157 (37.8%)

3763 (45.1%)

8,346

214 (22.3%)

403 (42.0%)

342 (35.7%)
959

0.08

?p values were calculated with a two-sided Fisher’s exact test.

one of the following: (1) benign or likely benign and (2)
pathogenic or likely pathogenic. We then re-interpreted
these variants by using the automated interpretation func-
tion in InterVar (Table 3). For the benign category in
ClinVar, InterVar also classified 4,898 (80.6%) variants as
benign or likely benign, suggesting that InterVar is largely
consistent with ClinVar on this category of variants. How-
ever, for variants in the pathogenic category, InterVar and
ClinVar have large differences. In fact, InterVar classified
only 2,058 (13.9%) variants in the category as likely path-
ogenic yet none as pathogenic. Obviously, we acknowl-
edge that all of these interpretations by InterVar were
based on only 18 pieces of criteria in step 1, and none of
them were subjected to manual examination; yet, addi-
tional information such as familial segregation, family his-
tory, and de novo status could move some variants with
uncertain significance into a more deleterious category
(likely pathogenic or pathogenic).

Given the differences between ClinVar annotation and
InterVar prediction, we performed a more detailed analysis
on the 513 (3.5%) variants that were classified as patho-
genic by ClinVar but predicted as benign or likely benign
by InterVar. First, we plotted the distribution of the
maximum AAF of these variants in three databases (1000
Genomes Project, EXAC Browser, and NHLBI ESP6500;
Figure 3). From this analysis, we found that there were
>10% variants with AAF > 0.01 and 5% variants with
AAF > 0.1. Clearly, >10% variants might be merely genetic
polymorphisms that were incorrectly cataloged as patho-
genic in ClinVar. Nevertheless, we also confirmed that in
ClinVar, more than half of the pathogenic or likely patho-
genic variants were very rare with an AAF < 0.0001, and
>85% pathogenic variants had an AAF < 0.001, which
fits our expectations. For manual examination of these var-
iants, the cutoff of disease prevalence could be essential for
assigning benign criteria such as BS1.

Analysis on Previously Reported Clinically Actionable
Variants

Clinical exome and genome sequencing are likely to
uncover “incidental findings” that are unrelated to the
indication for ordering the sequencing tests but are
of clinical significance.”® The ACMG has recommended re-

turning incidental findings from a minimum set of 56
actionable genes,®* but many researchers have used an
expanded list of genes selected according to domain
knowledge. Several studies have examined incidental
findings from large-scale genome or exome sequencing
projects, so here we investigated how InterVar classifies
clinically actionable genetic variants reported in previous
studies.

Amendola et al.>* previously examined exome se-
quencing data on 4,300 European Americans and 2,203
African Americans as part of NHLBI ESP6500 and reported
616 variants in 112 actionable genes (Table 4). These 616
variants were classified as actionable and pathogenic on
the basis of HGMD annotations. Amendola et al. re-classi-
fied these 616 variants by using their own classification
criteria, such as rules based on allele frequency, segrega-
tion, de novo status, function data, etc. They found only
70 (11.4%) as pathogenic or likely pathogenic, yet most
of them (66.4%) were classified as variants of uncertain sig-
nificance. Automated prediction (step 1) from InterVar
classified only 33 (5.4%) variants as pathogenic or likely
pathogenic, whereas most of the variants (43.2%) were
classified as benign or likely benign. Please note that dur-
ing variant classification, Amendola et al. leveraged infor-
mation such as segregation and de novo status, but we
did not have access to these pieces of information. There-
fore, the number of pathogenic variants classified by
InterVar in step 2 (manual adjustment) could increase
significantly given additional information. Nevertheless,
these results already suggest that the interpretation of
InterVar is consistent with the manual interpretation by
Amendola et al., who concluded that the vast majority of
variants annotated as pathogenic in HGMD are probably
not really pathogenic. This analysis confirms that incorrect
classification of the pathogenic variant, even in ACMG
actionable genes, represents a substantial issue when
HGMD is the only criterion used for variant interpretation.

Comparative Analysis with CLINVITAE

CLINVITAE (see Web Resources) is a database of clinically
observed genetic variants aggregated from public sources
and is operated and made freely available by INVITAE.
Although the vast majority of the variants were collected
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Table 3. Illlustration of Automated Interpretation of Pathogenic
and Benign Variants Annotated in ClinVar

ClinVar
InterVar (Automated Pathogenic or Benign or
Interpretation) Likely Pathogenic Likely Benign

Benign 65 (0.4%) 1,505 (24.8%)

Likely benign 448 (3.0%) 3,393 (55.9%)

Uncertain significance 12,207 (82.6%) 1,173 (19.3%)

Likely pathogenic 2,058 (13.9%) 0 (0%)
Pathogenic 0 (0%) 0 (0%)
Sum of five tiers 14,778 6,071

Benign and likely benign 513 (3.5%) 4,898 (80.6%)

Pathogenic and likely
pathogenic

2,058 (13.9%) 0 (0%)

from public databases, 11,696 variants were detected and
classified by the INVITAE team. Unlike ClinVar and
HGMD, which compile information from diverse sources,
CLINVITAE potentially represents a more homogeneous
collection of variants interpreted by a consistent set of
institution-specific rules. Among these 11,696 variants,
5,405 (46.2%) and 717 (6.1%) were classified as benign
or likely benign and pathogenic or likely pathogenic,
respectively. Among them, 4,226 (36.1%) benign or likely
benign variants were also classified as benign or likely
benign by InterVar, whereas only 227 (1.9%) pathogenic
or likely pathogenic variants were classified as pathogenic
or likely pathogenic by InterVar (Table 5). This analysis
again demonstrates that the concordance between auto-
mated interpretation of InterVar and expert-compiled clas-
sification is higher for benign or likely benign variants
than for pathogenic or likely pathogenic variants.

wintervar: Web Version of InterVar to Facilitate Manual
Interpretation

winterVar (see Web Resources) is a web implementation of
InterVar so that users can use an online web server to
perform interpretation on individual variants without
using command-line tools. The winterVar server has two
steps for assessing and adjusting the clinical significance
of variants: users first input a variant to obtain pre-
computed, automated interpretation (Figure 4A). After re-
viewing the results of automated interpretation, users
can then click the “adjust” button to perform the manual
adjustment step by selecting and de-selecting appro-
priate criteria according to additional information and
domain knowledge. The winterVar server will then
perform the final interpretation with the two-step proced-
ure (Figure 4B).

We assessed the speed of InterVar and winterVar. Using a
machine with 16 GB of memory and two Intel Xeon X5650
(2.67 GHz) CPUs, the InterVar pipeline takes approxi-
mately 40 min to annotate 3,000,000 variants from a
whole genome. The runtime can be greatly reduced to
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Figure 3. AAF Distribution of Pathogenic or Likely Pathogenic
ClinVar Variants Predicted to Be Benign or Likely Benign by
InterVar and All Pathogenic or Likely Pathogenic ClinVar Variants

<5 min (~0.1 ms per variant) if an existing ANNOVAR
annotation file is already available. For the winterVar
server, all annotation results for all possible non-synony-
mous variants were already pre-computed and imported
into MongoDB, a NoSQL database system. Therefore, users
can quickly search specific variants and receive an almost
immediate response (<1 s for a variant). In addition, users
can manually adjust the criteria and re-submit to
winterVar to obtain the final interpretation with an almost
immediate response.

Discussion

In this article, we have presented two computational tools,
InterVar and winterVar, for performing evidence-based
clinical interpretation of genetic variants according to
the 2015 ACMG-AMP guidelines. To the best of our knowl-
edge, we are not aware of software tools that are freely
available to the academic community and perform similar
functionalities. We wish to emphasize that although
InterVar is a computational tool, it requires human input
to derive accurate results with a two-step design: in the first
step, InterVar performs automated interpretation with pre-
liminary results, yet in the second step, InterVar takes addi-
tional information provided by human experts to adjust
the criteria and provide a final interpretation. The two-
step procedure allows InterVar to leverage automated in-
formation retrieval as much as possible, yet also allows
additional input by human experts, to obtain the most ac-
curate interpretations for genetic variants.

We applied InterVar to annotate and interpret de novo
variants in subjects with neurodevelopmental disease
and control subjects and observed a strong enrichment
of pathogenic or likely pathogenic variants in affected
subjects. In comparison, simple deleteriousness predic-
tion algorithms such as SIFT and PolyPhen-2 failed to
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Table 4. Interpretation of 616 HGMD-Classified Pathogenic
Variants from NHLBI ESP6500

Table 5. Comparison of Variant Interpretation by CLINVITAE and
Automated Interpretation by InterVar

InterVar ESP6500 Team InterVar
Clinical (Automated (Manual Clinical (Automated
Significance Interpretation) Interpretation) Concordant Significance Interpretation) CLINVITAE Concordant
Benign 5 0 0 Benign 242 2,407 230
Likely benign 261 137 77 Likely benign 6,593 2,998 2,428
Likely pathogenic 30 38 2 Likely pathogenic 286 106 11
Pathogenic 3 32 0 Pathogenic 137 611 132
Uncertain 317 409 234 Uncertain 4,438 5,574 3,047
significance significance
Sum of five tiers 616 616 313 Sum of five tiers 11,696 11,696 5,848
Benign or likely 266 137 79 Benign or likely 6,835 5,405 4,226
benign benign
Pathogenic or 33 70 6 Pathogenic or 423 717 227
likely pathogenic likely pathogenic

differentiate affected from control subjects. This observa-
tion suggests that one should compile multiple sources of
criteria (in this case, up to 28 criteria), including deleteri-
ousness prediction algorithms, to assess the potential
pathogenicity of genetic variants rather than rely on dele-
teriousness prediction algorithms only.

Currently, a number of public databases, such ClinVar
and HGMD, document the clinical significance of genetic
variants, which are mostly provided by submitters or
manually compiled from scientific literature. Because
different submitters or different authors can have very
different criteria to assess the pathogenicity of genetic var-
iants, the quality of entries in these databases can be
highly heterogeneous. As a result, it is expected that a pro-
portion of pathogenic variants in these databases might
simply be false positives that are misclassified.**=>! Several
studies have demonstrated that after manual re-interpreta-
tion, many of the pathogenic variants are indeed benign or
have uncertain significance.>>~>’ Our results in the current
study further support the observation that a very large pro-
portion of documented pathogenic or likely pathogenic
variants are indeed polymorphisms segregating in the
population and are unlikely to contribute significantly to
disease risk. These observations further support the impor-
tance of efforts, such as ClinGen, to compile high-quality,
gold-standard datasets with confidence scores to be used
by the community for more accurate interpretation of
genetic variants.

InterVar has several limitations that we wish to discuss
here. First, InterVar needs a variant knowledgebase for ac-
curate interpretation, so some variants in some genes
might be more accurately interpreted than others. For
example, well-studied genes tend to have more entries in
clinical databases and are more likely to be interpreted
accurately. Second, InterVar is designed to interpret genetic
variants that are likely to cause Mendelian diseases or are
highly penetrant for Mendelian diseases (OR > 5) and
cannot handle alleles that increase susceptibility to com-

mon and complex traits. Therefore, we caution that the
current interpretation is appropriate only for Mendelian
diseases or Mendelian forms of complex diseases. Third,
although we provide a set of default databases to help
implement 18 of the 2015 ACMG-AMP criteria, it is ex-
pected that different users or groups might want to use
their own versions of these criteria. Therefore, we designed
InterVar to be highly flexible in taking user-supplied anno-
tations for each of the criteria to accommodate a variety of
users with different needs.

Another issue we wish to emphasize is that the 2015
ACMG-AMP guidelines use 28 criteria with equal weights.
One underlying rationale might be that it is difficult to
quantify the contribution of each criterion given the
complexity of interpreting genetic evidence.?® Another po-
tential reason is that equal weighting is intuitively easier to
understand and implement by clinicians and researchers.
However, it is expected that different types of criteria
might have different contributions and weights for the
classification of the pathogenicity or quantitative predic-
tion of pathogenicity. If we can accumulate very large data-
sets of true positives and true negatives, it is possible to
apply machine-learning approaches in the future for
more accurate prediction and quantitative assessment of
pathogenicity for genetic variants.

One important caveat that we wish to stress is that
InterVar is better suited to addressing the variant-interpreta-
tion problem for severe congenital or very early-onset devel-
opmental disorders with nearly 100% penetrance, but it
might work less well for late-onset or recessive diseases. For
example, amyotrophic lateral sclerosis (ALS) is a fatal, pro-
gressive neurodegenerative disease, and the non-canonical
IkB kinase family member TANK binding kinase 1 (TBK1
[MIM: 604834]) was recently identified as an ALS-related
gene in whole-exome sequencing of 2,874 ALS individuals
and 6,405 control individuals.’® InterVar classified all
TBK1 variants reported in the study as benign or having un-
certain significance. Another example is TREM2 (MIM:
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A

Search your missense variants from pre-built winterVar datasbase (built on 2016-November-26 11:14:37)

If you already know the criteria of your variant, you can clik here to interpret your variant directly.

Warning: All listed results were from the automated interpretation on default parameters!

* Query by genomic coordinate

Users are advised to examine detailed evidence and use prior knowledge on ethnicity/disease to perform manual

adjustments.

hg19 Chr 12 52093447 Ref: T Alt: C
‘You searched by chromosomal coordinates and Alleles
build: hg19  Chr:12 Pos:52093447 Ref:T Alt:.C
Query by dbSNP (http: .ncbi.nim.nih.gov/proj /) ID .
Show/hide columns. Restore columns Copy to clipboard Download result as CSV Search: |
rs.: rs373849532 '
- Gene ExonicFunc Transcript
Chr Position Ref Alt (refGene) Intervar (refGene) SNP (Ref)
Query by HGNC (http://lwww.genenames.org/) gene symbol
Gene: LEP cDNA change: c. G298A NM 001177984
Uncertain significance nonsynonymous Adetalls L2678
12 52093447 c SCN8A ? SNVy v of Z’M 014191
Submit Query Reset Details&Adjust! MAF' NM 014191
p.L267S
A~
B Showing 1 to 1 of 1 entries Previous | 1 | Next
Re-Interpret your variant with position: 12:52093447 Ref:T Alt:C Gene: SCN8A Show the detailed criteria and re-interpret
The automated clinical interpretation is: Uncertain significance,but you can manually adjust it by checking/uncheckin:
the criteria below
Blue color represents the criteria that need manual adjustment
O PVS1: null variant (nonsense, frameshift, canonical +- 2 splice sites, initiation codon, single or multiexon deletion) in a gene where LOF is a known
mechanism of disease
O | strong PS1: Same amino acid change as a previously established pathogenic variant regardless of nucleotide change
[ strong PS2: De novo (both maternity and paternity confirmed) in a patient with the disease and no family history
O [strong PS3: Well-established in vitro or in vivo studies supportive of a effect on the gene or gene product
0| strong PS4: The prevalence of the variant in affected indivi is signif i P with the prevalence in controls
O[Strong  PSS:The user has additional |1 strong ic evidence Re-interpretation based on manual adjustment
] \ Moderate  PM1: Located in a mutational hot spot and/or critical and well-establis
variation You specified evidence for Pathogenic:
- . i PS2 PM1 PM2 PP2
@ ‘ Moderate  PM2: Absent from controls (or at extremely low frequency if recessive
You specified evidence for Benign:
Aggregation Consortium
O |Moderate  PM3: For recessive disorders, detected in trans with a pathogenic var
O | Moderate  PM4: Protein length changes as a result of in-frame deletions/insertio Show/hide columns || Restore columns || Copy to clipboard | Download result as CSV Search:
0| Moderate  PM5: Novel missense change at an amino acid residue where a differ
before ﬁ Chromosome Position Ref AR oere InterVar- InterVar- PVS1 Ps1 pst
O |Moderate  PM6: Assumed de novo, but without confirmation of paternity and ma (refGene) Adjusted Automated Grade
O |Moderate PM7: The user has additional | 1 moderate pathogenic evidence kel Uncertain
— 12 52093447 T C SCNBA v . P 0 0 1
0 [Supporting PP1: Cosegregation with disease in multiple affected family members pathogenic significance

# | Supporting PP2: Missense variant in a gene that has a low rate of benign missen
of disease

o \ Supporting PP3: Multiple lines of computational evidence support a deleterious e
impact, etc.)

o ‘ Supporting PP4: Patient's phenotype or family history is highly specific for a disease with a single genetic etiology

Grade 1: Strong;

Showing 1 to 1 of 1 entries

Grade 2: Moderate;

Grade 3: Supporting

/\ Previous | 1 | Next

Updated interpretation

0| Supporting PP5: Reputable source recently reports variant as pathogenic, but the evidence is not available to the laboratory to perform an independent

evaluation o
of PP6: The user has additional | 1 i evidence
Figure 4. lllustration of winterVar

(A) Automatic interpretation of genetic variants, which can be entered by several means.
(B) Once users click “adjust,” the full list of criteria is shown for manual adjustment, after which the final results are given.

605086), associated with Alzheimer disease, from a recent
sequencing study on a heterogeneous population of 1,092
affected and 1,107 control subjects.>® Rare variants in
TREM2 (especially SNP 175932628, which has the strongest
association) were reported in their study. However, none of
these variants were predicted to be pathogenic by InterVar.
One main reason is that databases such as the ExAC Browser
and ESP6500 were used in compiling the criteria, but they
are technically not appropriate control databases because
they are actually composed of many adult individuals with
diseases. In comparison, the 1000 Genome Project is prob-
ably a more appropriate source of general control subjects,
butits sample size is too small to enable adequate evaluation
of rare variants. In any case, when databases such as the
ExAC Browser and ESP6500 are used, it could be tricky to
assign BS1 and BS2 to adult-onset or late-onset disorders,
and some user-specific adjustments might be necessary for
these diseases.

In summary, we have developed InterVar, a com-
putational tool, and winterVar, a web server, for the clin-

ical interpretation of genetic variants according to the
2015 ACMG-AMP guidelines. InterVar can automatically
generate the preliminary interpretations for 18 criteria
and then allow manual adjustment of additional criteria
to arrive at the final interpretation. InterVar can be easily
used by researchers and clinicians and will greatly facilitate
our understanding of the functional consequences of ge-
netic variants in human diseases.
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Web Resources

1000 Genomes Project, http://www.1000genomes.org/

ANNOVAR, http://annovar.openbioinformatics.org/

ClinVar, https://www.ncbi.nlm.nih.gov/clinvar/

CLINVITAE, http://clinvitae.invitae.com/

dbNSFP, https://sites.google.com/site/jpopgen/dbNSFP

dbscSNV, https://sites.google.com/site/jpopgen/dbNSFP

dbSNP, http://www.ncbi.nlm.nih.gov/SNP

Ensembl, http://www.ensembl.org/

Exome Aggregation Consortium (ExAC) Browser, http://exac.
broadinstitute.org

GERP++, http://mendel.stanford.edu/SidowLab/downloads/gerp/

GWASdDb, http://jjwanglab.org/gwasdb

HGMD, http://www.hgmd.org

InterVar, https://github.com/WGLab/InterVar

MedGen, https://www.ncbi.nlm.nih.gov/medgen/

NHLBI Exome Sequencing Project (ESP) Exome Variant Server,
http://evs.gs.washington.edu/EVS/

OMIM, http://omim.org/

OrphaNet, http://www.orpha.net/

PolyPhen-2, http://genetics.bwh.harvard.edu/pph2

RefSeq, http://www.ncbi.nlm.nih.gov/refseq

RepeatMasker, http://www.repeatmasker.org/

SIFT, http://sift.jcvi.org/

UCSC Genome Browser, http://genome.ucsc.edu

wintervar, http://wintervar.wglab.org/
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MARRVEL: Integration of Human and Model Organism
Genetic Resources to Facilitate
Functional Annotation of the Human Genome
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One major challenge encountered with interpreting human genetic variants is the limited understanding of the functional impact of
genetic alterations on biological processes. Furthermore, there remains an unmet demand for an efficient survey of the wealth of infor-
mation on human homologs in model organisms across numerous databases. To efficiently assess the large volume of publically avail-
able information, it is important to provide a concise summary of the most relevant information in a rapid user-friendly format. To this
end, we created MARRVEL (model organism aggregated resources for rare variant exploration). MARRVEL is a publicly available website
that integrates information from six human genetic databases and seven model organism databases. For any given variant or gene,
MARRVEL displays information from OMIM, ExAC, ClinVar, Geno2MP, DGV, and DECIPHER. Importantly, it curates model organ-
ism-specific databases to concurrently display a concise summary regarding the human gene homologs in budding and fission yeast,
worm, fly, fish, mouse, and rat on a single webpage. Experiment-based information on tissue expression, protein subcellular localization,
biological process, and molecular function for the human gene and homologs in the seven model organisms are arranged into a concise
output. Hence, rather than visiting multiple separate databases for variant and gene analysis, users can obtain important information by
searching once through MARRVEL. Altogether, MARRVEL dramatically improves efficiency and accessibility to data collection and fa-
cilitates analysis of human genes and variants by cross-disciplinary integration of 18 million records available in public databases to facil-

itate clinical diagnosis and basic research.
Introduction

One major challenge encountered with interpreting
human genetic variants is the limited understanding of
the functional impact of genetic alterations on biological
processes. Traditional variant interpretation methodology
relies on restricting clinical interpretation to known Men-
delian diseases and employing in silico prediction algo-
rithms. For most genes, few variants have reliable and
validated clinical significance designation, resulting in dif-
ficulties in differentiating between benign and pathogenic
variants or determining whether variants in a candidate
gene are causative.! The wealth of available biological in-
formation across multiple model organisms could aid in
the interpretation of variants such as known molecular
functions of the candidate gene. However, there are major
barriers to search for biological data in specific model or-
ganism databases due to the intricacies of evaluating or-
thologs and navigating seven different websites’ different
organization, different approaches, and different use of
gene or protein identifiers (Figure S1). This limits the effi-
ciency of incorporating known model organism data into
analysis of candidate genes.

Therefore, there is an unmet demand for resources to
facilitate rapid curation of available human gene and
variant information, to determine conservation, and to
gather relevant information on homologous genes in
model organisms. Furthermore, such data compilation is
relevant to evaluating the consequences of human genetic
variation in model organisms.? To provide a concise and
user-friendly curation of pertinent and publicly available
knowledge, we created MARRVEL (model organism aggre-
gated resources for rare variant exploration). MARRVEL is
an open-access resource that synthesizes genetic and
model organism information from several public databases
into a single user-friendly website (Figure 1).

The major impetus for developing MARRVEL arose from
growing efforts to analyze the potential pathogenicity of
genetic alterations in genes that are either not previously
associated with human genetic disease or associated with
different clinical features. A wide range of efforts for the dis-
covery of disease-causing variants include the research con-
sortiums for rare (e.g., Center for Mendelian Genomics® and
Undiagnosed Diseases Network?*) or common (CHARGE
consortium?®) diseases, clinical genetics laboratories, large-
scale sequencing projects,>® and collaborations between
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Figure 1. Overall Structure of MARRVEL
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MARRVEL integrates 21 different databases to facilitate human gene and variant analysis for further study in model organisms. Human
genetic databases are selected to provide data on disease association, statistics on variants found in a gene of interest, and exact matches
with a variant of interest. Integration databases are important to the overall structure of MARRVEL due to the complicated structures and
connections between each database that require homology prediction, specific gene identifiers, and nomenclature. Gene function da-
tabases are selected to provide a concise summary of what is known about a gene of interest across organisms.

human geneticists and model organism researchers.”
Together, these research efforts generate growing numbers
of large human genomic datasets that require the develop-
ment of resources and tools to facilitate efficient data
analysis.

For example, the Undiagnosed Diseases Network* com-
bines the expertise of clinicians, sequencing centers (e.g.,
whole-exome, whole-genome, RNA-seq), metabolomics
laboratories, and model organism scientists (fruit fly, zebra-
fish, and mouse) to diagnose individuals with rare disor-
ders that eluded traditional diagnostic modalities. Many
of these cases are predicted to have a primary genetic cause
but the suspected causative variant may not be in disease-
associated genes. When candidate pathogenic gene vari-
ants are identified, model organism data available for pre-
dicted orthologs of the human gene are an invaluable
resource for interpreting the biological significance of the
genetic alterations. However, this model organism-based
resource is underutilized due to limited accessibility by
non-model organism researchers. Currently, researchers
need to visit and navigate separate model organism-spe-
cific databases (e.g., FlyBase,® MGI,? ZFIN'?) that utilize
distinct genotype and phenotype nomenclature as well
as data organization. Moreover, in the study of genes or
variants linked to human diseases, model organisms pro-
vide powerful platforms for mechanistic studies. Hence, a
user-friendly open-access web-based resource to curate
and synthesize current knowledge and resources from
model organisms and human genomics databases is
invaluable.''-'?

Material and Methods

Human Genetics Databases
Human genetics data are extracted from Online Mendelian Inheri-
tance in Man (OMIM),'* Exome Aggregation Consortium (EXAC),™®
Genotype to Mendelian Phenotype (Geno2MP), ClinVar,'® Data-
base of Genomic Variants (DGV),'” and DECIPHER (database of
genomic variation and phenotype in humans using Ensembl re-
sources).'®

We display the human gene description, gene-phenotype rela-
tionships, and reported alleles from OMIM. Next, control popula-
tion gene summary from the ExAC'® database is displayed. EXAC
is a public collection of more than 60,000 exomes that have been
selected against individuals with severe early-onset Mendelian
phenotypes.'® When MARRVEL is primarily applied to early-onset
pediatric phenotypes and used to evaluate candidate genes for
Mendelian disease, the EXAC data can be considered as a “control”
dataset. We will refer to this data as “control” throughout the
paper though it should be noted these samples should not be
considered similarly for adult neurodegenerative phenotypes, for
example. Within the control population gene summary, we
include the pLI (the probability of being loss-of-function [LoF]
intolerant) score of a gene, which assesses the probability that a
gene is extremely intolerant to loss of function variants (nonsense,
splice acceptor, and splice donor variants) caused by single-nucle-
otide changes.'®

We next display data from the Geno2MP database. Geno2MP is
a database sponsored by the University of Washington Center for
Mendelian Genetics displaying variants from Mendelian gene dis-
covery projects and provide phenotype information for individ-
uals with specific genotypes, including affected and unaffected
family members.
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Next, we extract data from ClinVar'® containing more than
255,000 unique variants annotated with clinical significance and
review status (i.e., level of evidence). When a user searches for a
gene and variant, MARRVEL displays all ClinVar variants reported
in the gene of interest, summarizes the number of variants in each
category of clinical significance, and highlights any variant(s) that
match the location of the variant of interest. We provide both a
high-level summary of the variants in terms of its reported clinical
significance as well as a table with details for each reported variant.
In addition, any alleles that overlap with the location of the
variant of interest is highlighted in blue.

We then display data from the Database of Genomic Variants
(DGV)'” database, which contains a large collection of structural
variants from more than 54,000 individuals. The database in-
cludes samples of reportedly healthy individuals, at the time of
ascertainment, from up to 72 different studies. Using the DGV
database, we report all copy-number variants (CNVs) that overlap
the input gene. If a CNV containing the gene of interest exists, we
display the frequency, type of CNV, and publications associated
with the CNV.

Finally, we display additional CNV information from the
DECIPHER'® database based on the variant coordinate that in-
cludes common variants from the control population. Due to
data display restrictions, we are able to provide the users only
with control population data from DECIPHER.

Gene Function Databases

Biological and genetic features of human genes and their putative
orthologous genes, including tissue expression pattern and Gene
Ontology (GO) terms, are extracted from the following model or-
ganism databases: Saccharomyces Genome Database (SGD)' for
the budding yeast Saccharomyces cerevisiae, PomBase®® for the
fission yeast Schizosaccharonyces pombe, WormBase®! for the nem-
atode worm Caenorhabditis elegans, FlyBase® for the fruit fly
Drosophila melanogaster, ZFIN'° for the zebrafish Danio rerio, Mouse
Genome Informatics (MGI)° for mouse Mus musculus, and Rat
Genome Database?? and Bodymap?® for rat Rattus norvegicus. For
humans, we extract GO terms from QuickGO?* and tissue expres-
sion data from GTEx?® and Protein Atlas.?® To identify the putative
orthologs of the human gene, we incorporate information from
DIOPT (Drosophila RNAi Screening Center [DRSC] Integrative Or-
tholog Prediction Tool),?” an online tool integrating 14 ortholog
prediction tools to provide a homology score for each predicted or-
tholog pair. Additionally, DIOPT is used to display a multiple pro-
tein alignment that is generated with MAFFT and human gene
functional domains.?’

Data Processing
MARRVEL search allows three types of inputs: a single HUGO gene
symbol,?® a single human variant, or a combination of both. The
human variant input can be in the format conforming to HGVS
nomenclature® or in the genomic variant format [chromosome
number]:[genomic coordinate] [Reference nucleotide]>[Alternate
nucleotide]), for example 6:99365567T>C. If the variant is input
in HGVS nomenclature format, then the Mutalyzer Position Con-
verter tool*® is used to transform the variant input into genomic
coordinate, as variants stored in our database follow the genomic
variant format.

If the input to MARRVEL includes both variant and gene sym-
bol, data from OMIM'* are retrieved using the OMIM API and
gene summary table is extracted from the EXAC website in real

time. Variant data from the EXAC'® and Geno2MP databases
are retrieved from our MySQL?' database as explained in the
following section. Regarding ClinVar'® alleles, MARRVEL searches
by the gene symbol and reports all alleles that overlap with the
input gene. MARRVEL also provides a summary on clinical signif-
icance from these alleles. MARRVEL displays DGV'’ copy-number
variants based on the genes that are encompassed by the copy-
number variants. Variant data from DECIPHER'® are retrieved
from our MySQL database based on the chromosomal location.

If the input includes only a gene symbol, MARRVEL retrieves the
gene summary table from the ExAC website. For Geno2MDP, it
shows all variants overlapping the gene in the database and its het-
erozygote count, homozygote count, and their sum. For DGV, it
shows all CNV regions overlapping the gene. DECIPHER data are
not retrieved since it does not provide report data associated
with genes.

When the input includes only a variant, MARRVEL first searches
the ExAC database to retrieve the variant information. It then
shows gene-related information such as OMIM, orthologs and
their functions, and protein alignment of the first gene the
ExAC database matches.

For any combination of gene and variant input, the gene func-
tion table includes the following columns: the orthologous genes
column, the DIOPT? score column, the tissue expression column,
and the associated GO terms’ columns. The orthologous genes col-
umn displays the putative orthologs predicted using DIOPT with a
link to each organism database as well as a PubMed link. The
PubMed link is generated from the NCBI®*? gene page’s sub-link
“Related articles in PubMed - See all citations in PubMed” under
the “Bibliography” section of the NCBI gene page. By default,
the gene function table shows only the putative orthologs with
the best DIOPT score. All predicted orthologs can also be displayed
by deselecting the check-box for this option at the top of the gene
function table. The tissue expression column displays the tissue
expression data for human and six model organisms. Expression
data shown in the table list the names of tissues that highly ex-
press the gene of interest. For humans, there is an option to
show all tissues with high protein expression levels from Protein
Atlas®® and a bar graph of mRNA expression data from GTEx,>
including tissue names and its median value of RPKM. The mouse
and zebrafish expression show only tissues expressed in wild-type.
For fly, the tissues with high expression levels are displayed.

MARRVEL also provides human gene protein domain informa-
tion and protein alignments for the gene and its homolog genes,
which is extracted from DIOPT.

Server and Data Storing

MARRVEL is hosted on Amazon Web Service (AWS) EC2. We ex-
tracted data from the databases either by the database’s API or
by downloading and storing files publicly available into a MySQL
database. Multiple protein alignment and domain information
from DIOPT are stored using AWS S3. Human variant data from
the EXAC and Geno2MP databases were extracted by downloading
and processing their respective VCF files and storing them in our
database while EXAC gene summary data is pulled on demand
from the EXAC website. Human copy-number variation data
were extracted from the DGV'” and DECIPHER'® databases by
downloading the databases’ tab delimited files and storing them
in our database as well. MARRVEL's usage of DECIPHER data
adheres to the DECIPHER Data Access Agreement. ClinVar'®
data were pulled from the ClinVar website and stored in the
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MySQL database. MARRVEL retrieves updated data from ClinVar
bi-weekly.

Additional gene function data were obtained by accessing and
extracting data from the DIOPT website.”” MARRVEL uses DIOPTs
ortholog prediction, protein alignment, and domain information.
Human tissue expression data were obtained from Protein Atlas*®
website API and median values from GTEx*® downloadable files.
Human GO terms are directly downloaded from the QuickGO**
web pages. Rat expression data and GO terms are from RGD down-
loadable files.?* Mouse expression data and GO terms are from
MGI website.” Zebrafish data are from ZFIN downloadable files.'°
Fly expression data and GO terms are pulled from the FlyBase
website.® S. cerevisiae data and S. pombe data are from SGD'® and
PomBase.?’

MARRVEL’s interface is implemented using the Twitter boot-
strap framework v.4.0.0, jQuery v.2.2.0, and Angular JS v.1.6.1.
The server backend was implemented using the Node.js frame-
work v.6.7.0.

For the exact database versions, please see Tables S1 and S2.

Results

MARRVEL Integrates Data from Human and Model
Organism Databases

MARRVEL builds upon and complements existing tools
by integrating population genetics, model organism func-
tional data, multiple protein alignments, and other infor-
mation into one web- and mobile device-friendly site
(Figure 1). The simple interface at MARRVEL allows entry
of a human gene or variant to begin the survey with the
results falling into two main categories. First, MARRVEL
aggregates information from widely used human genetic
databases (ExAC, Geno2MP, ClinVar, DGV, DECIPHER-
control population), including sources of control and dis-
ease population data, to facilitate gene variant analysis.
Second, MARRVEL displays a concise summary of available
information for putative orthologs across yeast, worm, fly,
fish, mouse, and rat (see Material and Methods). For genes
that are not previously associated with human disease,

links between human disease and gene

function through a comprehensive
overview of publicly available data. In total, MARRVEL in-
tegrates variants from 115,000 control individuals, 12.3
million variants, 6.95 million genotype-phenotype rela-
tionships, and 20,683 GO terms used to describe 235,928
model organism homolog-human gene pairs.

MARRVEL Facilitates Human Genomic Analysis
MARRVEL collects a wide range of data that can be used for
multiple purposes for users from all fields. Here, we present
just one of many ways that MARRVEL assists in human
gene and variant analysis (Figure 2). In our approach,
MARRVEL is used downstream of initial Whole Exome/
Genome Sequencing bioinformatics analysis that results
in a short list of candidate variants for a given individual’s
phenotype. MARRVEL first extracts key data from public
human databases for gene-based analysis. We first display
results from OMIM (Online Mendelian Inheritance in
Man).'* If the gene is documented at OMIM to be associ-
ated with a disease and the individual’s phenotype is
consistent, then the variant is likely causative. However,
there is the caveat that in some cases the variant may be
benign and this does not exclude the possibility that ge-
netic alterations in other genes may also result in similar
clinical phenotype. If a unique variant is in a disease-asso-
ciated gene but the phenotypes are inconsistent with pre-
viously reported phenotypes, then this suggests a possible
phenotypic expansion. If there are no known diseases or
phenotypes associated with the gene in OMIM, then this
may represent a potential disease-association for the gene.
The next set of data is used to assess whether variants in
a specific gene is potentially pathogenic. The pLI score
from ExAC expresses the probability that a gene is intol-
erant to loss-of-function alterations. For CNVs, the data
that we collect are the deletion/duplications in the control
population that contains the gene of interest. We obtain
datasets from DGV and DECIPHER. The data obtained
by DECIPHER is restricted to CNVs found in control
population. DGV (Database of Genomic Variants) contains
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copy-number variations from a large number of non-
disease individuals (control populations from many pub-
lished cohorts). A high frequency of deletions in the
gene of interest in this population suggests that the
gene tolerates haploinsufficiency. Similarly, a high fre-
quency of duplications in the gene of interest in DGV
suggests that gain of one copy is likely tolerated, depend-
ing on the specific location of duplications. DECIPHER
similarly provides copy-number variations for a control
population.

Next, MARRVEL displays the presence or absence of the
variant of interest in EXAC, displayed as an estimate of
allele frequency in a large cohort of individuals without
early-onset disease. For candidate gene variants in individ-
uals with early-onset disease and a proposed dominant
mode of inheritance, the presence of the same variant in
ExAC decreases the likelihood that the variant is patho-
genic especially if the disease is early onset. However,
ExAC does include data from populations known to be
affected by adult-onset diseases, including schizophrenia
and cardiovascular diseases. In contrast, if the variant is
absent in ExAC, then the variant may be a potential candi-
date for further analysis. For candidate gene variants with a
proposed recessive mode of inheritance, the presence of in-
dividuals homozygous for the variant of interest in EXAC
suggests that different gene variants may need to be
considered in evaluating disease pathogenesis.

ClinVar'® is a valuable resource for researchers and clini-
cians to deposit gene variants and associated phenotypes.
It contains more than 255,000 unique variants that are an-
notated with clinical significance and review status (i.e.,
level of evidence). When a user searches for a gene and
variant, MARRVEL displays all ClinVar variants reported
in the gene of interest, summarizes the number of variants
in each category of clinical significance, and highlights the
variant(s) that match the location of the variant of interest.
If the variant of interest is documented in ClinVar as
“benign” or “likely benign” with review status of “criteria
provided, multiple submitters, no conflicts,” then the
variant is unlikely pathogenic. However, if the variant is
designated as “risk factor,” “likely pathogenic,” or “uncer-
tain significance” and with review status such as “no asser-
tion criteria provided” or “single submitter,” then the
variant should remain a pathogenic candidate.

Geno2MP (Genotype to Mendelian Phenotype Browser)
provides gene variant and phenotype correlation. Geno2MP
provides cursory phenotypes for each sequenced individual
in an affected population, as well as their unaffected
relatives (if available), with human phenotype ontology
(HPO) profiles. If a variant of interest is also present in an
affected individual in Geno2MP, then the HPO terms would
allow determination if similar biological systems are affected
(i.e., potential phenotypic similarity). When both the geno-
type and phenotype of an affected individual in Geno2MP
are consistent with the variant or gene of interest and the
variant is not identified in an unaffected relative, then the
variant is a pathogenic candidate.

MARRVEL Curates Gene Function Data in Humans and
Model Organisms

MARRVEL summarizes human and model organism data
relevant to gene function in three main steps. The first
step compares expression patterns in specific organs or
tissues across human and model organisms (except for
yeasts). For human expression data, the source of the
data in MARRVEL is protein levels from the Protein
Atlas.?® In addition, GTEx provides quantitative expres-
sion data, RPKM (reads per kilobase per million mapped
reads), of each gene in 53 human tissues. Model organ-
ism tissue expression data are obtained from individual
model organism databases. Detailed information about
the data sources can be found in Table S2. The tissue
expression data serve at least three purposes. First, genes
for which the pattern of expression is similar in humans
and model organisms (e.g., expressed in comparable tis-
sues) might be more likely to be informative in the
context of human variant analysis. Second, display of
the human tissue data allows for quick assessment of
gene expression in the tissues affected in the individual
under study. Third, expression patterns in human and
model organism tissues can be used to design tissue-
specific studies in model systems. One caveat to note is
that the expression of a gene does not indicate necessity
of the gene product in a specific tissue. In addition, re-
ported developmental expression patterns often cover
only specific stages and therefore may not provide valu-
able information. Moreover, many genes are only tran-
siently expressed or their expression is induced only
under specific environmental or physiological condi-
tions. Finally, expression of many genes is below detec-
tion levels of current techniques.

The second step compares GO terms across human and
model organisms for biological process, molecular func-
tion, and cellular component.** GO terms are useful to
quickly compare biological and molecular functions of
the gene across species. In many cases, a gene may be
well studied in one or more model systems but not in
others. Data from the model organisms can be compared
to provide insight into the degree of conservation, reveal
possible disease mechanisms, and assist in the selection
of one or more specific model organism for further mech-
anistic study.

The third step examines the conservation of specific
amino acids and protein domains among orthologs based
on multiple alignments of the human protein sequence
and putative orthologs in model organisms (Figure S2).
The alignment provides information on conservation of
the amino acid or functional domain affected by the
missense variant. MARRVEL also lists functional domains
present in the human protein, highlighted in the multiple
alignment. These steps further assist in determining
whether there is evolutionary selection against variation
at the residues analogous to the human variant of interest
and in the selection of model organisms for pursuing
further study of disease mechanism.
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A Figure 3. Example of Variant Analysis us-
' ing MARRVEL
13 Genes + Variants Disease association does not match We re-analyzed a previously published case
phenotype of individual: EPG5, by Yoon et al.'* by following our strategy
ATP8B1, LAMA2, ARL13B outlined in Figure 2.
(A) Magenta genes and variants are elimi-
- N NP nated based on multiple criteria. Blue
Poorly conserved amino acids in - S°°";‘t’f|° '"d'cat';‘? ’ genes and variants are eliminated with
missense variant: EPG5, DISP3 ncreased \ONE co 01 088 © only one criteria and users may consider
function alleles for D/ISP3 X
. . . further analysis. The arrangement of the
T %%";a'"ﬁl:&‘; chart is reflective of Figure 2 which ex-
2‘;%'!1 czggggfd' 8 2 Found homzygous variants in plains our strategy of analysis.

’ ExAC: ARL13B, AP2A2, LAMA2 (B) OGDHL is the most likely candidate
Outside of protein domains: out of the 13 genes and variants to cause
VWA3A Found previously reported to the individual’s phenotypes based on

be benign in ClinVar: ARL12B MARRVEL data. For more details on the
Difficult to study splicing genes and variants, see Table S3.
variants in model organisms: Mismatched expression pattern:
\WASL, AP2A2, VWA3A - ARL13B, OSCN, CCT8
( Mismatched GO terms: OBSCN)
and hypoplasia of the corpus cal-
B losum. She was identified in a consan-

OGDHL Chr 10:50946295 G>A

guineous family in a Turkish brain
malformation cohort.>* The proband,

MARRVEL output
OMIM

Useful Data

ExXAC/ClinVar/Geno2MP Not found
Gene Ontology
Expression Pattern

Multiple protein alignment

No OMIM phenotype association

Microtubule and mitochondrion association
Highly expressed in human cerebellum

Highly conserved amino acid from yeast to

her wunaffected parents, and an
unaffected sibling received whole-
exome sequencing. After filtering for
variants that were both unique to
the proband and rare in the popula-
tion (at least <0.01 minor allele
frequency), variants in 13 different
genes remained. Subsequent steps
illustrate how MARRVEL can be

human, located in the catalytic domain

Case Example of How MARRVEL Facilitates Gene and
Variant Analysis

Here, we provide an example of how MARRVEL displays
information useful for variant prioritization in an output
to facilitate analysis of genes and variants. We describe a
specific case for which MARRVEL can be used to facilitate
manual analysis of putative human disease-causing vari-
ants in an individual (Figure 3).

Yoon et al.'® recently successfully performed functional
studies in Drosophila to demonstrate the pathogenicity of
a gene variant found in a proband with a neurodegen-
erative phenotype. Previous analysis performed by an
expert identified a homozygous variant in OGDHL
(HGNC:25590) as the likely cause of the proband’s pheno-
type.>* Yoon et al.'"* subsequently showed that loss of
Ogdh, the Drosophila homolog of OGDHL, exhibits a neuro-
degenerative phenotype consistent with the proband’s
neurological disorder. As an example of how MARRVEL
can be used to conduct variant analysis, we obtained a list
of 13 candidate variants for this case'® and conducted a
variant analysis using output from MARRVEL to determine
whether we were able to come to a similar conclusion.

The example presented is a 15-year-old girl with devel-
opmental delay, microcephaly, ataxia, motor impairment,
hypotonia, language impairments, brain abnormalities,

incorporated downstream of whole-
exome or -genome analysis pipelines.

We manually filtered and analyze Yoon et al.’s list of 13
candidates'® through MARRVEL’s synopsis of publicly
available databases including OMIM and EXAC; tissue
expression patterns; and the location of the amino acid
change relative to known functional domains. Table S3
shows the manual analysis of the MARRVEL output of
these 13 genes in comparison to the original analysis by
an expert (see Table S2 in Yoon et al.'®). The first step is
to examine any existing phenotypic associations with
the gene. Of the 13 genes, 4—EPGS5 (MIM: 615068,
HGNC:29331), ATP8BI (MIM: 602397, HGNC:3706),
ARLI3B (MIM: 608922, HGNC:25419), and LAMAZ2
(MIM: 156225, HGNC:6482)—have a disease association
that is partially or completely inconsistent with the
individual’s phenotype. Although phenotypic expansion
may still be possible, our current strategy defers that possi-
bility until all other candidate genes are ruled out.

Based on the ExAC data, a gene suspected to have a de
novo variant, DISP3 (MIM: 611251, HGNC:29251), has a
pLI score of O, indicating a high tolerance of loss-of-
function variants. In addition, there are three candidate
genes—ARL13B, AP2A2 (MIM: 607242, HGNC:562), and
LAMA2—in the individual that are either homozygous or
compound heterozygous variants. For these three variants
the same homozygous mutations are listed in ExAC,
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suggesting that these variants are unlikely to result in
early-onset developmental disorders. The ARL13B variant
was also reported in ClinVar as benign and likely benign
by multiple submitters. Through curation of human geno-
mics information, the list of 13 candidate genes was nar-
rowed to 6 remaining genes.

Model organism gene expression data and biolog-
ical function GO terms were analyzed next. For three
genes—ARL13B, OBSCN (MIM: 608616, HGNC:15719),
and CCT8 (HGNC:1623)—the tissue expression pattern
did not match the nervous system involvement in the in-
dividual of interest. Additionally, for OBSCN the GO terms
across model organisms exclusively focuses on muscle
development, structure, and function, making it less likely
to be involved in nervous system-related pathology.

Further analysis of the missense variants revealed that
the affected amino acid residues in EPG5 and DISP3 are
poorly conserved amino acids across model organisms. In
addition, the variant in ARL13B affects a site outside of
the coding regions or protein domains, and variants in
CCTS8, TIAM1 (MIM: 600687, HGNC:11805), ARAP1, and
ATP8BI1 are poorly conserved and encode residues located
outside of protein domains. These variants are therefore
less likely to disrupt protein function. Splicing variants
such as those found in WASL (MIM: 605056, HGNC:
12735) are difficult to study in model organisms and
should be pursued in alternative approaches such as quan-
titative measure of mRNA in human samples.

Altogether, the homozygous variant in OGDHL emerged
as the best pathogenic candidate for further study based on
the human and model organism output from MARRVEL.
In the model organism output from MARRVEL, three lines
of information suggested that OGDHL is a promising
candidate for further study in model organisms
(Figure 3B). (1) Although the gene had not been function-
ally studied in vertebrate or Drosophila, the gene has been
linked to mitochondria function in C. elegans and yeast,
consistent with some of the neurodegenerative pheno-
types. (2) Expression data in human and model organisms
suggest that the gene is highly expressed in the affected tis-
sue (brain). (3) The amino acid is highly conserved
throughout evolution and is located in a highly conserved
stretch of the protein. Indeed, Yoon et al.'* showed that
flies with a null allele of Ogdh exhibit neurodegenerative
phenotypes consistent with a neurological disorder.
Importantly, the variant found in the individual corre-
sponds to a severe loss-of-function allele based on gene hu-
manization and rescue experiments in Drosophila,® indi-
cating that OGDHL is the likely candidate responsible for
the neurological phenotype. In summary, MARRVEL dis-
plays information that provides input for the prioritization
of potentially disease-causing variants for functional vali-
dation (Figure 3).

We recognize that there are multiple approaches to the
analysis of possible disease-causing variants. Above, we
provided one example of using reanalysis of published
data for how MARRVEL can be applied to the downstream

analysis of sequencing data for determination of candi-
date disease genes. If inheritance pattern is unclear, then
multiple parallel analyses should be performed assuming
that the variant could result in either dominant or reces-
sive phenotypes. Furthermore, the variant interpretation
can be evaluated for possible functional consequences
including gain of function, haploinsufficiency, and domi-
nant negative.

Discussion

In summary, MARRVEL affords an efficient aggregation of
information from multiple human genomics and model
organism databases to allow for rapid view and assessment
of candidate genes and variants. OMIM provides funda-
mental information about disease association for the
gene of interest. EXAC provides a powerful resource for
examining the allele frequency of rare variants and can
be used to prioritize the frequency of a coding variant
and potential pathogenicity.'> Geno2MP and ClinVar pro-
vide unique sources of phenotypic and interpretation data
for a variant of interest. DGV and DECIPHER control pop-
ulation provide publically available data, copy-number
variants in apparently healthy individuals, which comple-
ments the data from ExAC, Geno2MP, and ClinVar. MARR-
VEL displays all of this information in a concise format
providing highly integrated, convenient, and fast access
(Figure S1). For potential genes in which disruption may
cause disease, there is often limited in vivo human gene
functional data; however, there is a wealth of information
in model organisms that can be used to develop meaning-
ful hypotheses regarding human gene function and to
inform the likelihood that a variant causes or contributes
to a disease phenotype. For example, in the case of
OGDHL, integrating human and model organism data in
MARRVEL allows us to aggregate all the information
needed to prioritize this gene and variant to be tested
experimentally. One key benefit of MARRVEL is allowing
the data from model organism databases to be reviewed
in a concise format. In MARRVEL, key biological and ge-
netic features of putative orthologous genes, including tis-
sue expression pattern and Gene Ontology (GO) terms, are
extracted from model organism databases. MARRVEL dis-
plays all the relevant information normally assessed in a
manual analysis pipeline described in Figure 2.

Several bioinformatics tools exist for aggregating available
data to increase efficiency of variant analysis. For example,
GeneCards is an aggregation of human gene-centric data.
MARRVEL and GeneCards have anumber of overlapping da-
tasets. However, MARRVEL places more emphasis on human
variant data (ExAC, ClinVar, etc.) and has a much broader
range of data from model organisms. Combined Annota-
tion Dependent Depletion (CADD)*® and PolyPhen*® focus
on predicting the pathogenicity of an amino acid change.
These two tools incorporate a combination of homology,
structural, and machine learning analysis to predict whether
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or not a single amino acid change is likely to disrupt protein
function.>”*® However, there are cases where additional
population frequency data and model organism phenotypic
data are needed to improve variant interpretation.**

The Monarch Initiative*® addresses the challenge of anno-
tating the human genome by gathering data on known phe-
notypes in other organisms (phenotype-centric) to assist in
variant analysis whereas MARRVEL provides a gene-centric
toolkit including non-vertebrate model organisms and pro-
tein alignments. Although most bioinformatics tools and
strategies are useful guides, combining multiple resources
often provides a better view of the variant and higher predic-
tive value when analyzing variants and genes.

Clinical genetics labs and research sequencing centers
have access to well-established variant analysis and anno-
tation pipelines such as Exomiser/PHenotypic Interpreta-
tion of Variants in Exomes (PHIVE),*! ANNOVAR,*? and
Codified Genomics (see Web Resources) that utilize exist-
ing tools to analyze entire sets of sequencing data. These
require familiarity with bioinformatics data processing
and access to these resources. By contrast, clinicians and
model organism researchers often have access only to var-
iants reported in clinical sequencing reports and in the
literature. Furthermore, the majority of clinicians and
model organism researchers lack training in bioinformatics
data analysis. In the absence of an integrated pipeline, it is
difficult for clinicians and basic scientists to efficiently
obtain information on candidate disease variants, as the
information needed is spread across various databases
and tools for variant analysis (Figure S1).

Despite an increasing interest to utilize model organism
data in human genetic analysis pipelines such as in the
Monarch Initiative and Exomiser/PHIVE, the current major
focus is on matching phenotypic information.*"*3
Although the similarities between human and model
organism mutant phenotype can be informative, this
approach may miss numerous opportunities in which the
protein functions are part of conserved pathways among or-
ganisms when the orthologous phenotypes are not obvi-
ously analogous.** For example, a yeast model for angio-
genesis** and a worm model for breast cancer** revealed
molecular pathways that contribute to these disorders
based on the “phenology” concept. Therefore, we adapted
a gene-centric rather than phenotypic-centric approach to
study gene function by integrating model organism and hu-
man data in a single aggregated web-based resource.

Many model organism databases, such as FlyBase®
WormBase,?! and ZFIN,'? are comprehensive and contain
amonumental amount of data accumulated over numerous
decades.*> However, the extremely valuable information in
these databases is not easily accessible by those outside the
field. Importantly, there is a barrier to search specific model
organism databases due to the intricacies of evaluating or-
thologs and navigating different websites and the different
use of gene or protein identifiers (Figure S1). MARRVEL orga-
nizes this information across multiple species in a clear and
concise way and also provides the best predicted orthologs.

In recent years, whole-exome or -genome sequencing
has increasingly been used to assist in the diagnosis of hu-
man diseases.*® Meaningful analysis and interpretation of
the sequencing results require a team of dedicated experts.
Current bioinformatics pipelines are efficient at identi-
fying previously reported pathogenic variants in known
human genes in which disruption causes disease. By
filtering out previously identified benign variants, as well
as those appearing at a high frequency in control popula-
tions, the number of potentially disease-causing variants
can be narrowed down significantly. Further analysis to
identify variants to functionally test in model organisms
will benefit from a survey of currently available model or-
ganism data. In conclusion, MARRVEL is a flexible web
resource that provides a useful and accessible tool for effi-
ciently matching an input against 18 million records of hu-
man variants and genes as well as model organism homo-
logs. MARRVEL provides a step toward the overarching
goal of integrating model organism databases with human
gene-centric user interfaces*! to improve the accessibility
and evaluation of data typically used by experts fluent in
specific data formats and software. Our future goals for
MARRVEL include continuing to integrate additional hu-
man genomics and model organism resources as they
become publicly available to ensure that MARRVEL re-
mains a valuable and up-to-date analytical resource.

Supplemental Data

Supplemental Data include three figures, three tables, and Supple-
mental Acknowledgments and can be found with this article on-
line at http://dx.doi.org/10.1016/j.ajhg.2017.04.010.
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Web Resources

Angular JS v.1.6.1, https://angularjs.org/

Bootstrap v.4.0.0, v4-alpha.getbootstrap.com

ClinVar, https://www.ncbi.nlm.nih.gov/clinvar/

Codified Genomics, http://codifiedgenomics.com/

Database of Genomic Variants (DGV), http://dgv.tcag.ca/dgv/app/
home

DECIPHER, http://decipher.sanger.ac.uk/

DIOPT, http://www.flyrnai.org/diopt

Ensembl GRCh37 Rest API, http://grch37.rest.ensembl.org

ExAC Browser, http://exac.broadinstitute.org/

FlyBase, http://flybase.org/

Geno2MP (March 2017 accessed), http://geno2mp.gs.washington.
edu/Geno2MP/#/

HUGO Gene Nomenclature Committee, http://www.genenames.
org/

jQuery v.2.2.0, https://jquery.com/

MARRVEL, http://marrvel.org/

Mouse Genome Informatics, http://www.informatics.jax.org/

Mutalyzer, https://mutalyzer.nl/index

Node.js framework v.6.7.0, https://nodejs.org/en/

OMIM, http://www.omim.org/

PomBase, https://www.pombase.org/

QuickGO, https://www.ebi.ac.uk/QuickGO/

Saccharomyces Genome Database, http://www.yeastgenome.org/

The Human Protein Atlas, http://www.proteinatlas.org/

Undiagnosed Diseases Network, https://undiagnosed.hms.harvard.
edu/

WormBase, http://www.wormbase.org/

ZFIN, http://zfin.org
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ARTICLE

Chad Genetic Diversity Reveals an African History
Marked by Multiple Holocene Eurasian Migrations

Marc Haber,1.* Massimo Mezzavilla, 1.2 Anders Bergstrém,! Javier Prado-Martinez,! Pille Hallast,!.3
Riyadh Saif-Ali,* Molham Al-Habori,# George Dedoussis,> Eleftheria Zeggini,! Jason Blue-Smith,é/10
R. Spencer Wells,” Yali Xue,! Pierre A. Zalloua,3° and Chris Tyler-Smith®.*

Understanding human genetic diversity in Africa is important for interpreting the evolution of all humans, yet vast regions in Africa,
such as Chad, remain genetically poorly investigated. Here, we use genotype data from 480 samples from Chad, the Near East, and south-
ern Europe, as well as whole-genome sequencing from 19 of them, to show that many populations today derive their genomes from
ancient African-Eurasian admixtures. We found evidence of early Eurasian backflow to Africa in people speaking the unclassified isolate
Laal language in southern Chad and estimate from linkage-disequilibrium decay that this occurred 4,750-7,200 years ago. It brought to
Africaa’Y chromosome lineage (R1b-V88) whose closest relatives are widespread in present-day Eurasia; we estimate from sequence data
that the Chad R1b-V88 Y chromosomes coalesced 5,700-7,300 years ago. This migration could thus have originated among Near Eastern
farmers during the African Humid Period. We also found that the previously documented Eurasian backflow into Africa, which occurred
~3,000 years ago and was thought to be mostly limited to East Africa, had a more westward impact affecting populations in northern
Chad, such as the Toubou, who have 20%-30% Eurasian ancestry today. We observed a decline in heterozygosity in admixed Africans
and found that the Eurasian admixture can bias inferences on their coalescent history and confound genetic signals from adaptation and

archaic introgression.
Introduction

African genetic diversity is still incompletely understood,
and vast regions in Africa remain genetically undocu-
mented. Chad, for example, makes up ~5% of Africa’s sur-
face area, and its central location, connecting sub-Saharan
Africa with North and East Africa, positions it to play an
important role as a crossroad or barrier to human migra-
tions. However, Chad has been little studied at a whole-
genome level, and its position within African genetic diver-
sity is not well known. With 200 ethnic groups and more
than 120 indigenous languages and dialects, Chad has
extensive ethnolinguistic diversity.! It has been suggested
that this diversity can be attributed to Lake Chad, which
has attracted human populations to its fertile surroundings
since prehistoric times, especially after the progressive
desiccation of the Sahara starting ~7,000 years ago (ya).>*

Important questions about Africa’s ethnic diversity are
the relationships among the different groups and the rela-
tionships between cultural groups and existing genetic
structures. In the present study, we analyzed four Chadian
populations with different ethnicities, languages, and
modes of subsistence. Our samples are likely to capture
recent genetic signals of migration and mixing and also
have the potential to show ancestral genomic relationships
that are shared among Chadians and other populations.
An additional major question relates to the prehistoric

Eurasian migrations to Africa: what was the extent of these
migrations, how have they affected African genetic diver-
sity, and what present-day populations harbor genetic
signals from the ancient migrating Eurasians? We have
previously reported evidence of gene flow from the Near
East to East Africa ~3,000 ya, as well as subsequent selec-
tion in Ethiopians on non-African-derived alleles related
to light skin pigmentation.* A recent attempt to quantify
the extent of such backflow into Africa more generally,
by using ancient DNA (aDNA), suggested that the impact
of the Eurasian migration was mostly limited to East
Africa.® However, previous studies using mitochondrial
DNA and the Y chromosome in populations from the
Chad Basin found some with an East African® or Mediter-
ranean and Eurasian influence,””® and analysis based on
genome-wide data® found a non-African component (sug-
gested to be from East Africa) in central Sahelian popula-
tions. Thus, studying diverse Chadian populations on a
whole-genome level presents an opportunity to shed
more light on the history of African-Eurasian mixtures,
including whether or not selection after admixture is a
widespread phenomenon in Africa and how the historical
events in Chad are related to events that have occurred
elsewhere in Africa and the Near East.

In this work, we present a genetic dataset of 480
Chadian, Near Eastern, and European individuals geno-
typed at 2.5 million SNPs, in addition to high-coverage
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Figure 1. Population Locations and Genetic Structure

(A) The map shows the location of newly genotyped or sequenced populations.

(B) PCA of worldwide populations shows that Near Easterners and East Africans are intermediate to Eurasians and sub-Saharan Africans
on PC1. Chad populations are close to sub-Saharan Africans and have some samples drawn toward Ethiopians.

(C) Magnification of the African PCA shows different affinities of the Chad populations to other Africans: the Toubou cluster close to
Ethiopians, whereas the Sara and Laal speakers are close to the Yoruba. The mixed samples from N'Djamena, the capital, are intermediate

to the Toubou, Sara, and Laal speakers.

whole-genome sequences from 19 of these individuals.
From Chad, we studied (1) the Toubou, who are nomads
from northern Chad and speak a Nilo-Saharan language;
(2) the Sara, who are a sedentary population from southern
Chad and also speak a Nilo-Saharan language; (3) the Laal
speakers, a population of just ~750 individuals who speak
an unclassified language isolate and live in southern Chad;
and (4) an urban population from the capital city of
N'Djamena. In addition to the Chadians, we included
Greek, Lebanese, and Yemen samples whose location and
history suggest that they might be informative about
early African-Eurasian migrations. We used this dataset to
advance our understanding of human genetic diversity in
Africa and neighboring regions by focusing on population
migration and mixing and how the admixture process has
shaped present-day genetic variation.

Subjects and Methods

Samples and Data

Samples were collected from Chad (238), Lebanon (126), Greece
(96), and Yemen (20) (Figure 1A); details can be found in Table
S1. All samples (except for those from Greece) were genotyped
with the Illumina HumanOmni2.5-8 BeadChip, which covers
~2.5 million SNPs. Greek genotype information for the 2.5 million
sites was extracted from sequence data (E.Z., unpublished data)
and merged with array data from other populations. In addition,
19 samples (Chad [11], Greece [4], and Lebanon [4]) were whole-
genome sequenced at >30x depth with Illumina HiSeq X Ten
or HiSeq 2500 technology. Genotyping and sequencing were
completed at the Wellcome Trust Sanger Institute. Informed con-
sent was obtained from the studied subjects, and the use of the
samples in genetic studies was approved by the Human Materials
and Data Management Committee at the Wellcome Trust Sanger

Institute (approval numbers 09/056 and 14/072) and by the insti-
tutional review board (number SMPZ121307-02) of the Lebanese
American University.

The genotyping data were merged with data from the African
Genome Variation Project,'” the 1000 Genomes Project,'! and Pa-
gani et al.,'? resulting in a combined dataset of ~1.1 million SNPs
in 2,453 samples. Analyses including ancient genomes involved
merging the panel described above with the Haak et al. data-
set,’® resulting in ~90,000 SNPs in common. Comparative
whole-genome sequences were obtained from Pagani et al.'? and
Complete Genomics.'*

Genotype data were processed with PLINK:'® the SNP genotype
success rate required was set to 99%, whereas SNPs with a minor
allele frequency < 0.001 or Hardy-Weinberg p value < 0.000001
were removed. Genotypes from sequence data were called with
SAMtools v.1.2'® and BCFtools v.1.2 with the command “samtools
mpileup -q 20 -Q 20 -C 50 | bcftools call -¢ -V indels.” Concordance
with array genotypes had a rate of 0.999. Phasing was carried out
with SHAPEIT!” with 1000 Genomes Project phase 3 haplotypes'®
as a reference panel.

Population Structure and Gene Flow

Principal components were computed with EIGENSOFT v.4.2.°
Effective population size and rates of gene flow were inferred
by the multiple sequentially Markovian coalescent (MSMC)
approach?® with four high-coverage phased genomes from each
population. We assumed a generation time of 30 years and a
mutation rate of 1.25 x 10~® mutations per nucleotide per gener-
ation. Admixture masks to identify African and Eurasian segments
within mixed high-coverage genomes were generated with PCAd-
mix?' including two ancestral populations based on the 1000
Genomes Project YRI (Yoruba in Ibadan, Nigeria) and CEU (Utah
residents with northern and western European ancestry from the
CEPH collection) populations. 1 ¢cM windows with a posterior
probability of >0.9 for the most likely ancestral state were
collected and used for creating African and Eurasian masks.
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Population size was inferred by MSMC analysis with four haplo-
types from each population. Eurasian populations had a distinctive
bottleneck at the time of their exodus from Africa ~60,000 ya.
Compared to other Africans, admixed Africans (from a Eurasian
gene flow), such as Egyptians, Ethiopians, and the Toubou, also
showed a decline in population size during the same period.

Population-Size Estimates from Whole-Genome

Phylogenetic analysis of whole Y chromosome sequences was
carried out as described in Bergstrom et al.?* Internal node ages
were estimated with the rho-statistic?* and converted to units of
years by application of a Y chromosome mutation rate of 0.76 X
1072 (95% confidence interval [CI] = 0.67 x 107 to 0.86 X
10~%) mutations per site per year.** Additionally, Y chromosome
haplogroups were defined to the highest resolution possible with
636 SNPs from the array data that overlapped International Soci-
ety of Genetic Genealogy (ISOGG) markers.

Admixture Analysis

Population-mixture signals and proportions were tested with
qp3Pop, gpDstat, and gpF4Ratio from the ADMIXTOOLS pack-
age.”> Admixture proportions were additionally estimated with
ADMIXTURE v.1.3.0.>° ALDER” and MALDER* were used to
date the time of admixture with all pairs of African-Eurasian popu-
lations as references. Significant results with a p value < 0.01 were
collected and plotted.

Measure of Heterozygosity and Simulations
Heterozygosity on a per-individual basis was estimated with
VCFtools v.0.1.13%° for ~2.17 Gb of the uniquely mappable
genome.'! Heterozygosity was also estimated after correction for
recent inbreeding via the removal of long runs of homozygosity
(>2 Mb). We investigated the effect of gene flow on the observed
heterozygosity by using individual-based forward-time simula-
tions implemented in SimuPOP v.1.1.7.3°

Selection after Admixture

Evidence for positive selection was tested with the population
branch statistic (PBS)>! with correction for the long-term effective
population size.*> We constructed a tree with the Toubou popula-
tion branching from the Laal speakers and the Chinese Han as an
outgroup. We collected values above the 95" percentile of the PBS
distribution and looked for variants previously reported under
putative selection in Europeans.

Results

Genetic Structure in Chad Indicates a Complex
Admixture History

We performed an initial exploration of our dataset by
using principal-component analysis (PCA).'® The first
component (PC1) captured the genetic differentiation be-
tween Africans and Eurasians (Figure 1B). Populations
such as the Near Easterners and North and East Africans
fell between the Europeans and sub-Saharan Africans.
The Chadian groups lay near the sub-Saharan Africans:
the Sara and Laal speakers clustered tightly with sub-
Saharan Africans, such as the Yoruba, whereas the Toubou
were somewhat more distant and appeared drawn toward
East Africans, such as the Ethiopians. Samples collected
from the capital of Chad, N’'Djamena, appeared in a
central position between the Toubou cluster and the
Sara and Laal cluster (Figure 1C). Many individuals from
N’Djamena have not reported their ethnicity or have re-
ported a mixed ethnic origin. Therefore, recent mixture
could be responsible for their position on the PCA.

We further investigated the genetic variation in Chad by
estimating changes in the effective populations size (N.)
over time via the MSMC approach.?® Eurasians and Afri-
cans diverged around 60,000-80,000 ya and subsequently
had different patterns of population-size changes: in
particular, compared with Africans, the Eurasian popula-
tion experienced a sharp decrease in size ~60,000 ya.?"
We observed this expected pattern in most populations
in our dataset (Figure 2), but a few stood out: (1) Egyptians
had a population bottleneck that was much more pro-
nounced than that of other Africans but not as sharp as
that of Eurasian populations; and (2) the Toubou and Ethi-
opians shared a very similar pattern during the bottleneck:
they were close to other Africans but had a somewhat
sharper decrease in population size (Figure 2). We would
not expect such different fluctuations in population sizes
at 60,000 ya in populations who shared a common origin
during this period. For example, all Eurasians trace their
origin to a population who exited Africa ~60,000 ya, and
this is reflected in indistinguishable N, patterns during
this period,2°'33 which we also observed in the CEU,
Greeks, and Lebanese (Figure 2), as expected. A shared
pattern of N, in ancient times was also observed in the
Sara, Laal speakers, and other Africans, such as the Yoruba.
We suggest that the deviation from the expected N, pattern
in the Toubou is related to extensive admixture history
with Eurasians, like the Eurasian admixture seen in Ethio-
pians, and we explore this possibility directly with admix-
ture tests below.

Multiple Eurasian Admixtures in Africa after 6,000 ya

We have previously reported massive gene flow ~3,000 ya
from Eurasians to Ethiopian populations.* Here, we reas-
sess the presence of Eurasian ancestry in Africa by using
f3 statistics®® in the form of f3(X; Eurasian, Yoruba), where
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(A) Crosses represent significant admixture events in the history of the Toubou, Amhara, Sara, and Laal speakers. Time of admixture is
estimated from LD by ALDER with all pairs of African-Eurasian populations in our dataset as references. MALDER extends ALDER infer-
ence by detecting multiple mixture events, such as in the case of the Toubou population (shown here in green lozenges).

(B) A maximumd-likelihood tree shows the males belonging to haplogroup R1b in the 1000 Genomes Project and the R1b males in our
dataset. The number of samples is shown on each branch tip. We estimate that the Chadian R1b emerged 5,700-7,300 ya, whereas most
European R1b haplogroups emerged 7,300-9,400 ya. The African and Eurasian lineages coalesced 17,900-23,000 ya.

(C) Putative sources and times of admixture of the Eurasian ancestry in Chad and East Africa.

a negative value with a Z score < —4 indicates that X is a
mixture of Africans and Eurasians. We found, as expected,
that most Ethiopians are a mixture of Africans and
Eurasians. An exception is the Gumuz population, where
f3(Gumuz; Eurasian, Yoruba) is always positive. The
Gumuz language belongs to the Nilo-Saharan family,
which could have isolated the Gumuz from the Afro-
Asiatic-speaking Ethiopians. However, we found that
the Toubou in Chad, who also speak a Nilo-Saharan lan-
guage, are a mixture of Africans and Eurasians, making
f3(Toubou; Eurasian, Yoruba) always significantly negative.
This suggests that the impact of Eurasian migrations today
extends beyond East Africa and the Afro-Asiatic-speaking
populations. We did not detect significant (Z score < —4)
Eurasian admixture in the Sara (Nilo-Saharan language
family) or the Laal speakers (unclassified language) with
the use of f3 statistics (lowest Z score for the Sara was
>—2.9; for the Laal speakers, Z scores were all positive).
However, this statistic loses sensitivity with small mixture
proportions and post-admixture drift,?” so positive values
from the f; statistics do not necessarily reflect a complete
absence of admixture. We thus further tested for admixture
by using ALDER and MALDER, which assess admixture-
induced linkage disequilibrium (LD) and can detect small
mixture proportions from a substantially diverged refer-
ence possibly missed by the f3 statistic. ALDER detected
admixture in the Toubou, Sara, and Laal speakers (Table
S2). MALDER, which has the potential to determine
whether or not the admixture LD in the population is
best represented as the result of one or multiple mixtures,
showed that two mixture events had occurred in the
Toubou (Figure 3A; Table S3). The first event occurred
2,850-3,500 ya (Z score = 11), a time close to the date of
mixture in East Africans 2,500-2,700 ya (Z score = 26).

The second mixture event occurred much more recently
at 170-260 ya (Z score = 5). In southern Chad, we detected
mixture events that were more ancient than those in the
north. Mixture occurred 3,900-4,800 ya (Z score = 10) in
the Sara and 4,750-7,200 ya (Z score = 5) in the Laal
speakers (Figure 3A). These time estimates overlap, and
we interpret them as signals from the same admixture
event, whose time in the distant past was estimated more
reliably in the Laal speakers because they carry more
Eurasian ancestry (1.25%-4.5%) than the Sara (0.3%-2%)
(see estimates of admixture proportions below), even
though the Sara have smaller standard errors because of
their larger sample size. In particular, we suggest that the
Eurasian mixture event in the Sara and Laal speakers is in-
dependent of the mixture event in East Africans and the
Toubou for two reasons: (1) admixture LD showed that
the events in southern Chad preceded the events in East
Africa by 2,000-4,500 years, and (2) we found in Chad a
Eurasian Y chromosome lineage (Y haplogroup R1b-V88)
that had penetrated all Chadian populations examined
but was absent or rare from the Ethiopians examined
(Table S4; Figure S1). From whole Y chromosome seq-
uences (Figure S2), we estimate that the Chadian R1b-
V88 chromosomes sampled emerged 5,700-7,300 ya
(Figure 3B), a time comparable to the Laal speaker admix-
ture dates (4,750-7,200 ya) estimated from genome-wide
LD-decay patterns.

The Sources of Eurasian Backflow into Chad and East
Africa Are Correlated

Previous studies have suggested that the Eurasian backflow
into East Africa came from a population related to early
Neolithic farmers.® We wanted to know whether the
Eurasian ancestry we found in the Toubou, which we
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Figure 4. Sources of the Eurasian Ancestry in Chad and Ethiopia

The plot shows significant Eurasian sources for the Toubou and Amhara according to a three-population test (Z score < —4). An increase
in the absolute value of the f; statistic implies an increase in the genetic affinity of the Eurasian population X to the Toubou and Amhara.
(A) With the exception of North Africans, who showed increased affinity to the Toubou, present-day populations showed correlated
affinity to both the Toubou and Amhara. Among modern populations, Sardinians showed the highest genetic affinity to both the
Toubou and Ambhara.

(B) Ancient Eurasians also showed correlated affinity to both the Toubou and Amhara; the early Neolithic LBK (Linearbandkeramik, or

Linear Pottery) population (~5,000 BCE) had the highest affinity.

attribute to a mixture close in time to the date of mixture
in East Africans, can be traced to the same source popula-
tions that influenced Ethiopia. We performed the tests
fs(Toubou; Yoruba, X) and f3(Amhara; Yoruba, X), where
X is a present-day non-sub-Saharan African population in
our dataset and is related to one that contributed ancestry
to the Toubou and Amhara (Z score < —4) (Table S5). We
then looked at the correlation of the f; statistic values
between the two tests (Figure 4A). We found that the
Eurasian source populations for the Amhara and Toubou
were highly correlated (r = 0.98; 95% CI = 0.98-0.99;
p value < 2.2 x 107 ') and that the most significant result
was for present-day Sardinians. Exceptions to this cor-
relation were the North African populations (Tunisians,
Mozabite, Algerians, and Saharawi), who appeared to
have contributed more ancestry to the Toubou than to
the Amhara. We repeated the tests by using published
ancient genomes (Table S6) and also found a high correla-
tion of the Eurasian sources for the Amhara and Toubou
(r=0.98;95% CI = 0.97-0.99; p value < 2.2 x 10~ '°); early
Neolithic farmers were the most significant contributors,
as reported previously® (Figure 4B). When we substituted
the Amhara with other Ethiopians (Wolayta and Oromo),
we found similar results (data not shown). In a parallel
comparison, we checked whether the sources of the Afri-
can ancestry in different Near Eastern populations were
also correlated. We tested f3(Lebanese; British, X) and
f3(Yemeni; British, X) and found a lower correlation of
the f3 values (r = 0.62; 95% CI = 0.32-0.80), suggesting a

more complicated history of gene flow from genetically
different Africans to different populations in the Near East.

We next quantified the proportion of African-Eurasian
mixture in the study populations by using two methods:
(1) ADMIXTURE?® supervised with K = 2 and the British
and Yoruba as ancestral populations and (2) the f; ratio
o = f4(British, chimp; X, Yoruba)/f4(British, chimp; early
Neolithic farmer, Yoruba), where X is one of the popula-
tions in our dataset (Figure S3). The results from the
two tests were highly correlated (r = 0.998; 95% CI =
0.996-0.999; p value < 2.2 x 10 '°). Eurasian ancestry
was estimated at 26%-30% in the Toubou, 0.3%-2% in
the Sara, and 1.2%-4.5% in the Laal speakers. Furasian
ancestry in Ethiopians ranged from 11%-12% in the
Gumuz to 53%-57% in the Amhara. African ancestry in
the Near Fast ranged from 7%-14% (Yemen) to 0.7%-5%
(Lebanese Christians).

Eurasian Gene Flow Shaped the Genomes

of Admixed Africans

Our results from the PCA and MSMC analysis showed a
deviation of the admixed populations from the patterns
observed in unadmixed (or less admixed) populations in
the same geographical region. The MSMC analysis, in
particular, showed that admixed Africans had patterns
indicative of a decline in heterozygosity (increased bottle-
neck ~60,000 ya), somewhat similarly to Eurasians. We
tested whole-genome heterozygosity in these populations
and found that it decreased in admixed Africans according
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to their Eurasian ancestry (Figure S4A). This decrease
was not related to recent inbreeding, given that removing
segments with long runs of homozygosity did not
change the overall pattern. Our simulations suggest that
decay in heterozygosity is expected after gene flow from
a population with diversity comparable to that of Eur-
asians (Figures S4B and S4C). We further investigated
heterozygosity in admixed Africans by assessing heterozy-
gosity of the different ancestral segments in the Toubou
genome. We found that admixed African-Eurasian seg-
ments had more heterozygosity (1.23 hets/kb) than seg-
ments of the genome where African-African haplotypes
were present (1.19 hets/kb) (Figure S5). However, the Tou-
bou genome segments with complete Eurasian ancestry
(Eurasian-Eurasian) had considerably lower heterozygosity
(~0.96 hets/kb; Figure SS5), leading to the genome-wide
pattern of decay in heterozygosity observed in Africans
with Eurasian ancestry (Figure S4).

We wanted to understand the consequence of admixture
on the models that use the density of heterozygous sites to
infer the demographic history of populations. We first
tested whether the coalescent history estimated by
MSMC was affected by a small proportion of mixture,
such as the African mixture found in Greeks and Lebanese
(ranging from 0% to 5%). We tested the Greek, Lebanese,
CEU, and CHB (Han Chinese in Beijing, China) split times
from the Yoruba and found that all populations split from
the Yoruba ~70,000-80,000 ya, implying that the low pro-
portions of African admixture in the Greeks and Lebanese
did not detectably affect the estimates of relative cross-coa-
lescence rate (Figure S6A). We next tested the Toubou, who
have ~30% Eurasian ancestry. The Toubou appeared to
split from Eurasians ~30,000-40,000 ya, a time more
recent than expected considering the African-Eurasian
split 60,000-80,000 ya*® (Figure S6B). We tested other
Africans in our dataset and found that the Sara, Laal
speakers, and Yoruba split from Eurasians, as expected,
~70,000-80,000 ya (Figure S6B). We then tested directly
whether the Eurasian ancestry affected the relative cross-
coalescence rate between the Toubou and Eurasians by
masking some of the Eurasian ancestry in the Toubou.
We used PCAdmix?! to estimate the ancestry along each
chromosome and then used the identified Eurasian seg-
ments as a negative mask in our analysis. The split times
between the Toubou and Lebanese, for example, increased
by ~15,000 years (Figure S6B), shifting the split date toward
the expected African-Eurasian split time.

We found that, in addition to influencing the relative
cross-coalescence rate, admixture can also inflate putative
signals of positive selection. For example, using the PBS*!
to detect recent positive selection that occurred in the
Toubou after their divergence from the Yoruba, we found
signals of selection on MCM6 (MIM: 601806) rs4988235,
a variant associated with the lactase-persistence pheno-
type. This SNP was previously found to be under strong
positive selection in Europeans, where it was probably ad-
vantageous to individuals living in pastoralist societies.**

The frequency of this variant in the Toubou is 2%, and it
is absent from the sub-Saharan African and other Chadic
samples (the Sara and Laal speakers) examined here.
Although this SNP appears to be a candidate for selection,
we suggest that it has probably drifted neutrally in the
Toubou after the Eurasian gene flow: the Toubou have
~30% Eurasian ancestry from a population similar to the
Greeks, who have 13% derived alleles at rs4988235,
suggesting an expectation of ~3.9% of the derived allele
simply from admixture. We similarly found in the Toubou
signals at HERC2 (MIM: 605837) rs1129038 a major con-
tributor to blue eye color in Europeans®® (Toubou derived
allele frequency [DAF] = 0.014; Greek DAF = 0.33; Yoruba,
Sara, and Laal DAF = 0), as well as a signal at SLC24A5
(MIM: 609802) rs1834640, a major contributor to pigmen-
tation®® (Toubou DAF = 0.19; Greek DAF = 0.99; Yoruba,
Sara, and Laal DAF = 0-0.04).

In addition to introducing to African populations genes
that were positively selected in Europe, the recent African-
Eurasian admixture carried Neanderthal alleles to Central
and East Africa. Neanderthals are closer to the Amhara
than to the Yoruba: D(Neanderthal, chimp, Ambhara,
Yoruba) =0.0094. Neanderthals are also closer to the Toubou
than to the Yoruba: D(Neanderthal, chimp, Toubou,
Yoruba) = 0.0041. On the other hand, we found that
Neanderthals are closer to Europeans than to Near East-
erners: D(Neanderthal, chimp; French, Yemen) = 0.0056
and D(Neanderthal, chimp; French, Palestinian) = 0.0040.

We estimated the archaic ancestry proportions by using
the ratio

f4(Altai, chimp; X, Yoruba)

* = Fa(Altai, chimp; Vindija, Yoruba)

and found that Neanderthal ancestry was ~0.5% in the
Toubou and~1% in the Amhara. We then computed the
correlation between the Neanderthal ancestry proportions
and the FEurasian and African ancestry proportions we
identified. Neanderthal ancestry in admixed Africans and
Near Easterners was highly correlated with their Eurasian
ancestry (r = 0.98; p value < 2.2 x 107'°) and inversely
correlated with their African ancestry (Figure 5).

Discussion

We have generated an extensive set of genotyping and
high-coverage whole-genome sequencing data to study
the genetic history of Chad and neighboring populations.
We found substantial genetic differences between the
ethnic groups inhabiting Chad today and suggest that
multiple ancient Eurasian migrations played a major role
in shaping the genetic diversity of the region (Figure 3C).
Here, we discuss these migrations and how the mixed
ancestry can confound proper interpretation of the evolu-
tionary processes that occurred in their history and there-
fore needs to be thoroughly accounted for in the study of
African genetic diversity.
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Eurasian Admixture

Neanderthal ancestry is not expected in Africa, yet today many
Africans carry Neanderthal-derived alleles. The plot shows that
the Neanderthal ancestry proportion in Africans is correlated
with gene flow from Eurasians. For example, knowing that today
Eurasians carry ~2% of Neanderthal ancestry, we observed that
East Africans (Ethiopians) had ~1% Neanderthal ancestry and
~50% Eurasian ancestry. Correspondingly, Near Easterners showed
a decline in Neanderthal ancestry proportional to their levels of
African ancestry.

We detected the earliest Eurasian migrations to Africa in
the Laal-speaking people, an isolated language group of
fewer than 800 speakers who inhabit southern Chad.
We estimate that mixture occurred 4,750-7,200 ya, thus
after the Neolithic transition in the Near East, a period
characterized by exponential growth in human population
size. Environmental changes during this period (which
possibly triggered the Neolithic transition) also facilitated
human migrations. The African Humid Period, for
example, was a humid phase across North Africa that
peaked 6,000-9,000 ya®’ and biogeographically connected
Africa to FEurasia, facilitating human movement across
these regions.*® In Chad, we found a Y chromosome line-
age (R1b-V88) that we estimate emerged during the same
period 5,700-7,300 ya (Figure 3B). The closest related Y
chromosome groups today are widespread in Eurasia and
have been previously associated with human expansions
to Europe.**** We estimate that the Eurasian R1b lineages
initially diverged 7,300-9,400 ya, at the time of the
Neolithic expansions. However, we found that the African
and Eurasian R1b lineages diverged 17,900-23,000 ya, sug-
gesting that genetic structure was already established be-
tween the groups who expanded to Europe and Africa.
R1b-V88 was previously found in Central and West Africa

and was associated with a mid-Holocene migration of
Afro-asiatic speakers through the central Sahara into the
Lake Chad Basin.® In the populations we examined, we
found R1b in the Toubou and Sara, who speak Nilo-Sa-
haran languages, and also in the Laal people, who speak
an unclassified language. This suggests that R1b penetrated
Africa independently of the Afro-asiatic language spread or
passed to other groups through admixture.

In addition to the early Eurasian migration to Africa
~6,000 ya, a second migration ~3,000 ya affected the
Toubou population in northern Chad but had no detect-
able genetic impact on other Chadian populations. This
migration appears to be associated with the previously re-
ported Eurasian backflow into East Africa, given that the
source populations and dates of mixture are similar. Occur-
ring at the start of the Iron Age, these migrations could
have been facilitated by advances in warfare and transpor-
tation technology in the Near East. It is uncertain why the
impact of this migration in Chad affected only the Toubou.
The African ancestral component in the Toubou is best rep-
resented by the Laal-speaking population, suggesting that
the African-Eurasian mixture probably occurred in Chad.
However, ethnolinguistic barriers could have already
been established at this time between the Chad groups,
preventing a widespread dissemination of the Furasian
ancestry. The Toubou, despite their Islamic faith, do not
show the genetic admixture detected in many Near Eastern
and North African populations around 1,100 ya,*! suggest-
ing conversion without population mixing at this time.
They did, however, receive additional Eurasian ancestry
in the past 200 years from a source represented by North
African populations such as Tunisians, Mozabite, Alger-
ians, and Sahrawi (Figure 3C). This recent interaction
could have been promoted by the nomadic lifestyle of
the present-day Toubou and a shared Muslim religion
with North Africans. Unsurprisingly, we also detected a
likely mixing of Chad populations in the sample from
the capital, which could be even more recent.

Eurasian backflow into Africa thus appears to have been
arecurrent event in the history of many Africans, given its
considerable impact on their genomes. Although popula-
tion mixture in general is a process that increases genetic
diversity, we observed a decrease in heterozygosity in the
admixed Africans. Our simulations showed that these re-
sults are expected after mixture at these proportions with
the Eurasians who suffered a significant bottleneck at the
time of their exodus from Africa ~60,000 ya. Conse-
quently, we found that mixture can complicate interpreta-
tion of the coalescent history inferred from models that
use the density of heterozygous sites in their implementa-
tions. In addition, we detected in admixed Africans an
inflation of positive-selection signals on alleles associated
with adult lactose tolerance and pigmentation in Euro-
peans, but we suggest that these alleles have drifted
neutrally in Africans after admixture. Furthermore, we de-
tected Neanderthal ancestry in admixed Africans and
found it to be proportional to their Eurasian ancestry.
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Similarly, in admixed Near Easterners, we found a decrease
in Neanderthal ancestry proportional to the gene flow
they have received from Africans. Although a higher
genetic affinity of Neanderthals to Europeans than to
Near Easterners was previously interpreted as additional
Neanderthal admixture in the history of Europeans,** we
propose that a more parsimonious explanation for these
observations is that African-Eurasian mixtures both intro-
duced Neanderthal ancestry to Africa and “diluted” the
Neanderthal ancestry in the Near East.

It is important to note that in this work we inevitably
invoke Occam’s razor to support the simplest model consis-
tent with our data; the history of the populations studied
here, including the time and sources of the Eurasian admix-
ture in Africa, could be more complex. aDNA from Chad
and neighboring regions remains a challenge given the
poor DNA preservation in hot climates, but future success-
ful efforts in aDNA research could provide additional in-
sights and reveal additional complexities not considered
by the modern-DNA-based models favored here.*?

Our study has shown that human genetic diversity in
Africa is still incompletely understood and that ancient
admixture adds to its complexity. This work highlights
the importance of exploring underrepresented popula-
tions, such as those from Chad, in genetic studies to
improve our understanding of the demographic processes
that shaped genetic variation in Africa and globally.

Accession Numbers

Whole-genome sequencing and SNP genotyping data are avai-
lable through the European Genome-phenome Archive (EGA)
under accession numbers EGA: EGAD00001002742 (sequences
from Chad and Lebanon), EGAD00001001440 (sequences from
Greece), and EGAS00001001231 (SNP data from Chad, Lebanon,
and Yemen).
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Supplemental Data include six figures and six tables and can be
found with this article online at http://dx.doi.org/10.1016/j.
ajhg.2016.10.012.
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Integrating Gene Expression with Summary
Association Statistics to Identify Genes
Associated with 30 Complex Traits

Nicholas Mancuso,* Huwenbo Shi,2 Pagé Goddard,3 Gleb Kichaev,2 Alexander Gusev,45.68
and Bogdan Pasaniucl.2.7.8*

Although genome-wide association studies (GWASs) have identified thousands of risk loci for many complex traits and diseases, the
causal variants and genes at these loci remain largely unknown. Here, we introduce a method for estimating the local genetic correlation
between gene expression and a complex trait and utilize it to estimate the genetic correlation due to predicted expression between pairs
of traits. We integrated gene expression measurements from 45 expression panels with summary GWAS data to perform 30 multi-tissue
transcriptome-wide association studies (TWASs). We identified 1,196 genes whose expression is associated with these traits; of these,
168 reside more than 0.5 Mb away from any previously reported GWAS significant variant. We then used our approach to find 43 pairs
of traits with significant genetic correlation at the level of predicted expression; of these, eight were not found through genetic corre-
lation at the SNP level. Finally, we used bi-directional regression to find evidence that BMI causally influences triglyceride levels and
that triglyceride levels causally influence low-density lipoprotein. Together, our results provide insight into the role of gene expression

in the susceptibility of complex traits and diseases.
Introduction

Although genome-wide association studies (GWASs) have
identified tens of thousands of common genetic variants
associated with many complex traits," with some notable
exceptions,?> the causal variants and genes at these loci
remain unknown. Multiple lines of evidence have shown
that GWAS risk variants co-localize with genetic variants
that regulate expression—i.e., expression quantitative trait
loci (eQTLs).* This suggests that a substantial proportion of
GWAS risk variants influence complex traits by regulating
expression levels of their target genes.*”” Analyses of geno-
type, phenotype, and gene expression measurements from
multiple tissues in the same set of individuals can directly
investigate this plausible chain of causality. However, do-
ing so is challenging because of cost and tissue availability;
therefore, GWAS and eQTL datasets remain largely inde-
pendent (i.e,, no overlapping subjects).>® Recent work
has shown that one way to integrate GWAS and eQTL
data is to predict gene expression levels for GWAS samples
and then test for association between the predicted expres-
sion and traits.'®~'% This approach, referred to as transcrip-
tome-wide association study (TWAS), can increase power
over GWAS when the causal mechanism includes genetic
variants that regulate the expression of susceptibility
genes. TWAS benefits from a lower multiple-testing burden
by probing several thousands of genes, whereas GWAS
probes several million SNPs. Although TWAS can also be

performed with measured gene expression levels directly,
using predicted gene expression has several benefits. First,
expression measurements are usually not available in
GWAS data. Second, predicted gene expression removes
environmental noise by focusing on the genetically regu-
lated component, which can increase statistical power.
Third, using the predicted expression to test for association
can eliminate potential confounding from reverse causa-
tion, where traits affect gene expression levels.'>!! How-
ever, compared with GWAS, TWAS is underpowered
when risk is not mediated through expression or when
expression data are not available in the right tissue.

In this work, we introduce methods for estimating the ge-
netic correlation between gene expression and a complex
trait from summary GWAS and eQTL data. We utilize the
local (cis) genetic variation near a gene (i.e., £0.5 Mb
around the transcription start site [TSS]) to estimate the cor-
relation in the genetic effects between gene expression and
the trait. We show that under this framework, TWAS can be
viewed as a test for non-zero genetic covariance between
expression and a trait from summary association data. In
addition to identifying susceptibility genes, the predicted
expression can also be used for estimating the genome-
wide genetic correlation between pairs of complex traits
at the level of predicted expression. This is analogous to
computing genome-wide genetic correlation between com-
plex traits,'* whereby correlations are determined over pre-
dicted gene expression effects rather than SNP effects, and

’Department of Pathology & Laboratory Medicine, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles, CA 90024, USA;
2Bioinformatics Interdepartmental Program, University of California, Los Angeles, Los Angeles, CA 90024, USA; 3Department of Molecular, Cell, and Devel-
opmental Biology, University of California, Los Angeles, Los Angeles, CA 90024, USA; “Department of Epidemiology, Harvard T.H. Chan School of Public
Health, Boston, MA 02115, USA; SDepartment of Biostatistics, Harvard T.H. Chan School of Public Health, Boston, MA 02115, USA; 6Program in Medical
and Population Genetics, Broad Institute of Harvard and MIT, Cambridge, MA 02142, USA; 7Department of Human Genetics, David Geffen School of Med-
icine, University of California, Los Angeles, Los Angeles, CA 90024, USA

8These authors contributed equally to this work

*Correspondence: nmancuso@mednet.ucla.edu (N.M.), bpasaniuc@mednet.ucla.edu (B.P.)

http://dx.doi.org/10.1016/j.ajhg.2017.01.031.

© 2017 American Society of Human Genetics.

@ CrossMark

The American Journal of Human Genetics 100, 473-487, March 2, 2017 473


mailto:nmancuso@mednet.ucla.edu
mailto:bpasaniuc@mednet.ucla.edu
http://dx.doi.org/10.1016/j.ajhg.2017.01.031

can give insights into the component of genetic correlation
mediated through expression. We demonstrate through
extensive simulations that our approach is approximately
unbiased and well calibrated under the null and slightly
conservative when true correlation is near the boundaries.
Finally, we utilize estimated effects of predicted expression
within a bi-directional regression approach'* to investigate
putative causal direction for pairs of complex traits that are
genetically correlated.

We analyze summary statistics from 30 GWASs spanning
2.3 million phenotype measurements'>~® jointly with 45
expression panels®??* sampled from more than 35 tis-
sues to gain insight into the role of expression in the etiol-
ogy of complex traits. First, we test each gene-tissue pair
across 45 panels to perform a multi-tissue TWAS for each
of the 30 traits to identify 1,196 gene associations. For
example, at four independent loci, we find 11 genes that
do not overlap a genome-wide significant SNP for educa-
tional years. Notably, all four loci were replicated in a
recent, larger GWAS for educational years.*> Second, we
identify 43 pairs of traits showing a genome-wide-signifi-
cant genetic correlation at the level of predicted expres-
sion. Overall, the predicted-expression correlation was
highly concordant with SNP-level genetic correlation
from cross-trait linkage disequilibrium (LD) score regres-
sion, which suggests that a large component of genetic
correlation between complex traits is driven by local regu-
lation of gene expression. Finally, we use our bi-directional
analysis to provide evidence of putative causal effects be-
tween pairs of these traits. Overall, our results shed light
on shared biological mechanisms responsible for suscepti-
bility to disease and complex traits, as well as potential
downstream effects between traits.

Material and Methods

Datasets
We used summary association statistics from 30 large-scale
(n = 20,000 subjects) GWASs, including various anthropo-
metric'>?7?8 (body mass index [BMI], femoral neck bone mineral
density [BMD], forearm BMD, lumbar spine BMD, and height),
hematopoietic®*?>?® (hemoglobin, HbA;., mean cell hemoglo-
bin [MCH], MCH concentration, mean cell volume, number
of platelets, packed cell volume, and red blood cell count),
immune-related'”'° (Crohn disease [OMIM: 266600], inflamma-
tory bowel disease [OMIM: 266600], ulcerative colitis [OMIM:
266600], and rheumatoid arthritis [OMIM: 180300]), meta-
bolic!62%2224 (age of menarche, fasting glucose, fasting insulin,
high-density lipoprotein [HDL], HOMA-B, HOMA-IR, low-den-
sity lipoprotein [LDL], triglycerides [TG], type 2 diabetes
[OMIM: 125853], and total cholesterol [TC] levels), neurolog-
ical'® (schizophrenia [OMIM: 181500]), and social®' (college
and educational attainment) phenotypes (see Table S1). We
removed SNPs that were strand ambiguous or had a minor allele
frequency (MAF) < 1% (see Table S1).

Gene expression data from RNA sequencing data were obtained
from the CommonMind Consortium?® (brain, n = 613), the Geno-
type-Tissue Expression Project® (GTEx; 41 tissues; see Table S2

for sample size per tissue), and the Metabolic Syndrome in Men
study®? (adipose, n = 563). Expression microarray data were
obtained from the Netherlands Twins Registry** (NTR; blood,
n=1,247), and the Young Finns Study30'33 (YFS; blood, n = 1,264).

Performing TWAS with GWAS Summary Statistics

We estimated SNP heritability for observed expression levels parti-
tioned into cis-h; (1 Mb region surrounding the TSS) and trans-h;,
(rest of genome) components. We used the AI-REML algorithm im-
plemented in Genome-wide Complex Trait Analysis (GCTA),3®
which allows estimates to fall outside of the (0, 1) boundaries to
maintain unbiasedness. To control for confounding, we included
batch variables and the top 20 principal components estimated
from genome-wide SNPs. Genes with significant cis-heritability
in expression data were used for prediction (cis-hf; p<0.05ina
likelihood ratio test between the cis-only and joint models). The
average number of genes with significant cis-hg across expression
studies was 816 (min = 70 genes from GTEx small intestine sam-
ples; max = 3,704 genes from the YFS).

We performed 45 TWASs for each of the 30 GWASs;'! for each
trait, we used Bonferroni correction for all gene-tissue pairs tested
(see Table S2). In brief, we estimated the strength of association be-
tween the predicted expression of a gene and a complex trait
(zrwas) as a function of the vector of GWAS summary Z scores at
a given cis-locus, z'T (i.e., vector of SNP association Wald statistics),
and the LD-adjusted weight vector learned from the gene expres-
sion data, wgg, as

WepZr  WgZr
\/ var(wg,zr) VWer Vwar

ZTWAS =

where Vis a covariance matrix across SNPs at the locus (i.e., LD). We
estimated wgy by using GBLUP? from eQTL data and computed
zrwas by using GWAS summary data for all 30 traits and the
~36,000 gene expression measurements across all studies. We
removed all loci in the human leukocyte antigen (HLA) region as
a result of complex LD patterns.

Estimating the Proportion of Trait Variance Explained by
Predicted Expression

We use the LD score regression® approach described in
Guseve et al.'' to quantify the heritability explained by pre-
dicted expression for a complex trait (denoted here as hZ;).
The expected y? statistic under a polygenic trait is E[x?] =
1+ (NtQ/M)h%; + Nra, where N is the number of individuals
in the GWAS, M is the number of genes, ¢ is the LD score, and
a is the effect of population structure. We estimate ¢ for each
gene by predicting expression for 503 European samples in
1000 Genomes*° by using the GBLUP weights (see above) and
then computing sample correlation. For each trait, we perform
LD score regression by using zZy,s (which follows a x? distribu-
tion asymptotically) to infer h;. We estimate heritability for
each expression study separately to account for varying sample
sizes and repeated gene measurements.

8,39

Estimating Genetic Correlation of Expression and
Complex Traits from Summary Data

Let expression and traits be modeled as a linear function of the ge-
notypes in a ~1 Mb locus flanking the gene: yo; = XBgg + egr and
yr = XBt + er, where X is the standardized genotype matrix, Bgg
and @r are the standardized effects for expression and traits,
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Figure 1.
of a Trait
The total effect of SNPs on a trait can be partitioned into compo-
nents that are mediated through cis-regulated (i.e., predicted,
indicated by an asterisk) gene expression (8gg X «) or through
alternative pathways (8,). In contrast to pg, which quantifies
the correlation of the total SNP effects between two traits
(Bge X o; Bar), pgr focuses exclusively on the effects of cis-regulated
gene expression («).

Causal Diagram lllustrating the Genetic Component

respectively, and egg and er are the environmental noise for
expression and traits, respectively. The local covariance between
expression and complex traits is

coV(Yp ¥r) = COV(XBer + €cr, XBr + €1)
= ﬂ,GECOV(ny).BT + cov(ece; €r)
= B VB + cov(eqr, €r),
where V is the LD matrix. If no individuals are shared between
studies, then cov(egg,er) =0 (as in eQTL studies and GWASs).

The local genetic correlation between expression and traits can
be computed as

B.:VB:
Pglocal = >
\/hg local GE) \/hg.local (T)
where 12, /(GE) and hZ ., (T) are the local SNP heritability*! for

expression and traits, respectively, estimated at the locus. How-
ever, this requires knowledge of the true effect sizes. Given associ-
ation statistics z;, we estimate an LD-adjusted effect size as

ET = ﬁV’lzT. Hence, an estimate of the local genetic covari-
ance*? is given by
6(;1:‘/:31 \/—(‘E\/I\TT( Vﬁl)v(vilz'r) :bGﬁvilb'ﬂ

where I;GE and I;T are the marginal (i.e., LD-unadjusted) standard-
ized effect-size estimates.*!"*3 It follows that

bV 'b;
\/hg.local (GE)

1 ﬁCEZT

—,-N—_I—_ZTWAS \/ZVT

var ﬁGEzT

2
= Pglocal hg_local (T)

We standardize this estimate to obtain our final local genetic cor-
relation estimate as

ZTWAS

ﬁg‘local = —*
NT x hglocal( )

In practice, we use the variance explained by the local index SNP

(i.e., smallest p value) as a proxy for hg tocal (T)-

Genetic Correlation between Traits at the Level of
Predicted Expression

Consider a simple model where the genetic component of a trait
can be decomposed into genetic effects that are mediated through
cis-gene expressions of k genes plus genetic effects not mediated
through expression at other loci in the genome:

k
Z XiBar,) & + XareBare + €,

where X is a vector of genotypes at the cis-locus of gene i, Bgg, is the
casual eQTL effect vector for gene i, o; is the direct effect of gene
expression on a trait, and X and B,y refer to the genotype and
causal effects, respectively, of variants not mediated through
expression. We define the genome-wide genetic correlation at the
level of expression between two complex traits as the correlation
across the gene effects: pgp = cor(ar,, ar,). In practice, we do not
know «, but we can estimate it as

2
ﬁGF Vﬁl 7 ,ﬁ hglocal(GE)

g.local e el
(GE) h; local (V )

a— COV<X:3GE7 VT) _

var(Xgg;) h?

g.local

to obtain an estimate of expression correlation by using predicted
expression (pgg). In practice, we use the standardized estimates of
«, which are proportional to pg joc,1- Unlike SNP-based genetic cor-
relation (pg), which captures genetic correlation across all com-
mon variants in the genome, pgp captures only the component
of genetic correlation driven by cis genetic effects on expression
(see Figure 1). For instance, a pair of traits with highly correlated
effects in cis-regions but weakly correlated effects in trans-regions
will result in pgg > p,. In the absence of large trans-eQTL effects,
we expect pgg =pg. Furthermore, because pgg accounts for only
the shared effect from predicted expression, any genetic effect
on a trait not driven through expression in the measured eQTL
data will not be represented in pg. We test for significance by

(M —2)/(1 — &) ~ t(M —2), where M is the
number of genes and t is the t distribution with M — 2 degrees of
freedom. This procedure requires the effects of M genes on the trait

to be independent, which could be violated in practice; hence, we
compute pgr by using one gene per 1 Mb locus.

assuming pgg

Estimating Putative Casual Relationships between Pairs
of Traits

To glean insight into the underlying causal relationship between
pairs of traits, we perform a bi-directional regression'* and esti-
mate two different values of pgp by varying gene sets. Before
describing the approach, we first review several causal models
that explain non-zero pgg between two traits (see Figure 2). Models
A and B depict causal relationships in which the effects of a gene
set are mediated by one trait on the other. We can formally state
model A (without loss of generality for B). Let trait 1 (T;) be defined
as yy, = Gr,Br, + er,, where Gr, denotes the matrix of predicted
expression at the causal genes, 8, is the effect size, and er, is envi-
ronmental noise. We define trait 2 (T,) as

Y1, = VY1, Y1, T G1,Br, + €, = G, Br,yr, + G101, + €1,

where vr, is the causal effect of T; on Tz, G, and @, are the
remaining causal genes and their effects, respectively, for T,
and e is the combined environment component. Under model A,
the causal gene set for T; will have a non-zero effect on T, (i.e.,
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Figure 2. |Illustration of Several Causal
Models That Explain Expression Correla-
tion for Traits 1 and 2 Given Their Causal
Gene Sets

(Model A) Trait 1 directly influences trait 2.
In this case, the effect of genes Gj, ..., G,
on trait 2 is medlated by trait 1, Wthh im-
plies (G} | <{G?}1.

(Model B) Trait 2 dlrectly influences trait 1.

. GZ on trait 1 is mediated by trait 2, which implies (GHL s{GIY

(Model C) Traits 1 and 2 are inﬂuenced independently through an unobserved trait or traits.

vr, #0); however, if T; does not cause T, this effect will be zero
given that unrelated genes have no downstream effect. Bi-direc-
tional regression provides a test to distinguish between models
A and B by regressing estimated effect sizes for gene sets under
model A (i.e., Br, ~ Br,vr,) and comparing to estimates under
model B (i.e., Br, ~ Br,vt,). Because the causal gene sets for each trait
are unknown, we use their identified susceptibility genes as a proxy.
We estimate pg by conditioning on the gene set for trait i and denote
its value as p; ;. We repeat this procedure by ascertaining the gene set
for trait j to obtain p; ;. We perform a Welch’s t test** to determine
whether estimates of p;); and p;; are significantly different, thus
providing evidence consistent with a causal direction. To minimize
spurious results, we require at least ten genes for estimation in each
conditional test. This approach mirrors bi-directional regression
analyses of estimated SNP effects on two complex traits.*>*¢ We
stress that although a bi-directional approach is capable of rejecting
model A in favor of model B (or vice versa), it cannot rule out
model C, in which a shared pathway (or set of pathways) drives
both traits independently (see Figure 2).

Simulation Framework

We simulate gene expression levels by using real genotype data
measured in 503 European individuals from the 1000 Genomes
Project.*® Given a gene locus, we generate expression levels under
the linear model E = Xw + ¢ where E is a gene expression vector
oflength N, Xisthe N x 2 mean-centered and variance-standardized
genotype matrix over two randomly selected SNPs in the locus, wis
the causal effect, and e is the environmental noise. We sample effect
sizesw; ~ N(O, [hé /2]) fori=1and 2 and noise from a normal distri-
bution to yield h§ = 0.1 (consistent with what we observe in real
gene expression data). We consider only SNPs with a MAF > 0.01
and Hardy-Weinberg equilibrium deviation p > 1 x 107°. We
simulate a complex trait as a linear function of predicted gene
expression for k = 100 genes, given by y = Z,-k:1 (Xiw;)ai + ¢ where
Xw; is the predicted expression of the i™ gene with effect sizes
a; ~ N(0,hZ; /k). For simulations involving pgg, we simulate the
two traits y; and y, by using the same process, except effects for
the i gene are drawn from a bivariate normal distribution:

(s )

Qjo 0" [ pcE0a10az Tap

where 02, = (h%;,)/k. Lastly, we perform an association scan on y
by using all SNPs at each gene locus to obtain SNP-level Z scores zr.

Results

Accurate Estimation of Expression-Trait Genetic
Correlation in Simulations

To validate our statistical framework for estimating pgoca,
we used real genotype data to perform simulations under

various architectures (see Material and Methods). In brief,
we simulated gene expression for 100 independent gene
loci, which we then used to simulate a complex trait. Using
our approach, we performed a GWAS and estimated pg joca
from TWAS summary statistics (see Material and Methods).
We observed unbiased estimates for pgj,, both when
causal variants were typed and when they were masked
from the data (see Figure S1). Estimated values of pgjoca
were highly correlated with their true values (r = 0.73;
p < 2.2 x 10 '), which indicates that using weights in-
ferred from GBLUP maintains moderate power levels.
This slight loss in power extended to hZ; estimates, which
quantify the total effect of predicted expression on a trait
(r=0.74; p < 6.7 x 10'%; see Table $3). As eQTL datasets
increase in sample size, and predictive models become
more accurate, we expect this attenuation bias to decrease.
We next performed extensive simulations to validate our
procedure for estimating genetic correlation due to pre-
dicted expression (pgp) between pairs of traits. We simu-
lated genetically correlated complex traits from predicted
expression by sampling effects from a bivariate normal dis-
tribution with correlation pgy (see Material and Methods).
We first estimated pgjoca for each gene-trait pair, which
served as input for estimating pgg. Overall, we observed
our estimator to be approximately unbiased, with conser-
vative estimates for pgz when its underlying value was
near the boundaries (see Figure 3). Importantly, estimates
were relatively unbiased when causal variants were un-
typed in the data. Our method appropriately accounted
for LD among variants, resulting in a large improvement
over the naive SNP correlation approach (which simply
correlates the Z scores by ignoring LD). We also assessed
our approach for testing for deviations from pgz = 0 and
found estimates consistent with the null distribution
with Agc = 0.97 (Jack-knife 95% CI = [0.86, 1.08]; see
Figure S2). To measure how sensitive our approach is to es-
timates of hg local (GE) at each gene, we repeated simula-
tions by using variance explained by the top eQTL as a
proxy for local heritability. Although estimates were highly
similar (r = 0.99; p < 6.6 x 10~7), our approach produced
estimates closer to the ground truth (see Figure S3).

TWAS Identifies 1,196 Genes Associated with 30
Complex Traits and Diseases

We integrated GWAS summary data of 30 complex traits
with gene expression to identify 1,196 susceptibility genes
(i.e., genes with at least one significant trait association),
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Figure 3. Simulation Results for pge and
Correlation of SNP Z Scores

Each point represents the mean estimate
over 100 simulations. Error bars represent
the 95% confidence interval estimated
by the mean SE across simulations. The
dotted line represents the identity line.
(A) Causal SNPs for gene expression are
typed in the data.

(B) Causal SNPs are untyped.

on the 1,621 TWAS associations that

T
00 05 1.0

Expected

comprising 5,490 total associations (after Bonferroni correc-
tion; see Material and Methods). Of these associations, we
observed 1,789 distinct gene-trait pairs, of which 783 were
found in anthropometric traits, 423 in metabolic traits,
215 in immune-related traits, 213 in hematopoietic traits,
137 in neurological traits (e.g., schizophrenia), and 18 in so-
cial traits (see Tables 1, S4, and S5). For example, the 137 sus-
ceptibility genes found for schizophrenia included SNX19
(e.g., GTEX cerebellum; p < 2.2 x 10~®) and NMRALI (e.g.,
GTEx skeletal muscle; p < 9.7 X 1077); this is consistent
with a previously reported study'? that used different
methods and expression data (see Table S6). We did not
find susceptibility genes for forearm BMD, HOMA-B, or
MCH concentration, consistent with low GWAS signal for
these traits (see Table 1). Indeed, the number of GWAS risk
loci strongly correlated with the number of identified sus-
ceptibility genes (r = 0.99; p < 2.2 x 10~ '°). Using the
PANTHER database,*” we explored putative molecular func-
tion and pathways enriched with identified susceptibility
genes but were underpowered to detect molecular function
for most individual traits (see Appendix A).

Next, we quantified the overlap of susceptibility genes
and GWAS signals. Of the 1,789 identified gene-trait pairs,
168 (9%) were not proximal (more than 0.5 Mb from the
TSS) to any genome-wide-significant SNP for that respec-
tive trait (see Table 2). This measure was robust to increases
in window size, such that 140 (8%) gene-trait pairs did
not overlap a genome-wide-significant SNP within 1 Mb
of the TSS. We observed increased SNP association statistics
at these genes (mean x> = 6.5; see Figure S4), which sug-
gests that GWASs with an increased sample size will
discover genome-wide-significant SNPs nearby. We tested
this hypothesis by assessing the new TWAS loci for educa-
tional years?' (n = 126,599) in a recent, much larger
GWAS for educational years*® (n = 293,723). All four inde-
pendent loci contained a genome-wide-significant SNP in
the larger GWAS (see Table S7). Of the 1,526 GWAS risk
loci, 1,405 (92%) overlapped at least one eGene (i.e., a
gene with heritable expression levels in at least one of
the considered expression panels), and 551 (36%) overlap-
ped at least one susceptibility gene (see Table 1). Focusing

Expected

overlapped a genome-wide-signifi-
cant SNP, we observed 1,350 (83%)
genes that were not the closest, sug-
gesting that the traditional heuristic
of prioritizing genes closest to GWAS SNPs is typically
not supported by evidence from eQTL data*® (see
Figure S5). This is also supported by the mean x? associa-
tion statistics for genes closest to index SNPs (x% = 43.9)
and the top association (x* = 72.9; see Figure $6). In addi-
tion, lead GWAS SNPs typically have a weaker eQTL effect
for the proximal gene than for the TWAS-implicated gene
in 1,088 of 1,350 TWAS associations. This result, consistent
with earlier reports,'!'? highlights the importance of uti-
lizing the entire locus and estimates of LD to prioritize
genes.

Although GWAS SNPs provide the majority of the power
in this approach, the flexibility of TWASs to leverage allelic
heterogeneity provides a significant gain.'' We found 219
instances across 19 traits where association signal was
stronger (20% higher x* statistics on average) in TWASs
than in GWASs. For example, predicted expression in
CCDCS88B (OMIM: 611205; a gene involved in T cell matu-
ration and inflammation*’) exhibited strong association
with Crohn disease (prwas = 6.32 X 10’8), whereas the
index SNP (i.e., top overlapping GWAS SNP) at site
rs11231774 was only suggestive (pgwas = 2.47 x 107°).
This effect was most dramatic for height, such that 108
susceptibility genes had a stronger signal than GWAS index
SNPs. We observed that the x? statistics for predicted
expression in CRELD1 (OMIM: 607170; prwas = 1.55 X
107 1% were 2.6x higher than those for the index SNP
11473183 (Pgwas = 6.33 X 107°).

Recent work®® applied a similar approach'? that used
summary eQTLs from blood and GWAS data to identify
71 genes for 28 complex traits.*® Of the investigated traits,
12 overlapped those in our study. Overall, whereas that
study reported 63 genes for these traits, we identified 564
genes. Surprisingly, despite using independent methods
and expression data, we replicated 40 out of 51 associa-
tions for genes assayed in both studies (see Table S8).
This increase in power can be attributed to two reasons.
First, we integrated many more expression panels sampled
from many tissues, leading to many more genes for the
assay. Second, we used a method that jointly tests the
entire locus rather than the index SNPs. We have shown

T
00 05 1.0
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Table 1. Summary of GWAS and TWAS Results

Number of GWASs

Number of Susceptibility Genes

Loci with Loci with
Loci a Single at Least One Genes Not
with an Susceptibility Susceptibility Genes Overlapping Overlapping
Trait Abbreviation Loci eGene Gene Gene GWASs GWASs
Age at menarche AM 70 60 14 19 34 9
Body mass index BMI 76 60 10 18 44 11
College COL 5 5 2 2 1 4
Crohn disease CD 50 48 4 17 65 N
Educational years EY 7 4 2 2 2 11
Fasting glucose FG 12 11 2 5 8 1
Fasting insulin F1 0 0 0 0 0 1
Femoral neck bone mineral density FN 20 20 2 2 2 1
Forearm bone mineral density FA 3 3 0 0 0 0
Hemoglobin HB 22 21 2 5 22 3
HbA;c - 10 10 0 1 4 0
Height - 482 454 94 225 669 52
High-density lipoprotein HDL 100 95 11 29 98 4
HOMA-B - 4 3 0 0 0 0
HOMA-IR - 0 0 0 0 0 1
Inflammatory bowel disease IBD 63 59 12 23 70 11
Low-density lipoprotein LDL 75 72 8 25 84 3
Lumbar spine LS 24 23 2 3 4 0
Mean cell hemoglobin concentration MCHC 5 3 0 0 0 0
Mean cell hemoglobin MCH 35 31 5 17 46 7
Mean cell volume MCV 43 40 8 20 49 1
Number of platelets PLT 35 34 6 13 30 8
Packed cell volume PCV 14 13 1 3 S 1
Red blood cell count RBC 25 21 3 10 35 2
Rheumatoid arthritis RA 44 41 7 13 30 5
Schizophrenia sCz 95 74 15 31 113 24
Total cholesterol TC 88 85 13 40 117 0
Triglycerides TG 70 67 4 18 59 1
Type 2 diabetes T2D 12 12 0 1 3 0
Ulcerative colitis ucC 37 36 5 9 27 2
Total 1,526 1,405 232 551 1,621 168

The first four numeric columns summarize GWAS risk loci. The last two numeric columns summarize identified TWAS susceptibility genes. The majority (92%) of
GWAS risk loci overlap at least one eGene, of which 40% contain at least one susceptibility gene. We report 168 (9%) identified gene-trait pairs that do not overlap

a GWAS variant, providing risk loci for follow up.

that many identified susceptibility genes contain signals of
allelic heterogeneity; therefore, using individual SNPs will
decrease power.

Genes Associated with Multiple Traits
We investigated the degree of pleiotropic susceptibility
genes (i.e., genes associated with more than one trait) in

our data and found 380 (32%) genes associated with mul-
tiple traits (see Figure S7). For example, IKZF3 (OMIM:
606221) displayed strong associations with Crohn disease
(NTR; p = 1.6 x 10~7), HDL levels (NTR; p = 6.6 x 10~ %),
inflammatory bowel disease (NTR; p = 7.9 x 10~ '¢), rheu-
matoid arthritis (NTR; p = 6.0 x 107®), and ulcerative
colitis (NTR; p = 9.2 x 107'°). Indeed, IKZF3 has been
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Table 2.
for Each Trait

Susceptibility Genes That Do Not Overlap a Genome-wide Significant SNP within 0.5 Mb of the Transcription Start and End Sites

Trait Genes

AM CCDC65, COG6, INOSOE, NUCKS1, PMS2P5, RAB7L1, SLC26A9, STAG3L2, and TMEM180

BMI CDKS5RAP3, CERCAM, DHRS11, GGNBP2, INO8OE, RP11-6N17.10, RP11-6N17.9, SLC27A4, STAG3L1, TUBAIC, and URM1

CD CCDCS88B, CISD1, PPP1R14B, RIT1, and SMIM19

COL ABCBY9, AC091729.9, AFF3, and RNF123

EY ABCB9, EIF3CL, MIR4721, MPHOSPH9, NFATC2IP, RP11-1348G14.4, SDCCAGS, SH2B1, STK24, SULT1A1, and TUFM

FG MAPRE3

FI KNOP1

FN FGFRL1

HB CCDC117, UBE2Q2, and WNT3

HDL HRAS, KNOP1, RETSAT, and TYRO3

HEIGHT ARL17A, ATF1, ATP5J2, C200rf194, C90rf156, CCDC116, CNIH4, COX6B1, CRELD1, CRHR1, DAB2IP, DESI1, DLG5, DUS3L,
ECHDC2, FAM35A, FUCA2, H2AF], HIBADH, INO8OE, IQGAP1, KANSL1, LBX2-AS1, LRRC37A2, MAPT, MAT2A, MED4,
MEGF9, MGMT, MORC2-AS1, MSRB2, P4HTM, PHF19, PLEKHA1, PSMD5, PSMDS5-AS1, RP11-173M1.8, RP11-455F5.3,
RP11-401.2, RP11-67A1.2, RP13-39P12.3, RP4-612B15.3, RRN3, SFTPD, SH3YL1, SUSD1, TMEM128, UBE2L3, UTP18,
WDR60, YPEL3, and YWHAB

HOMA-IR KNOP1

IBD ADCY3, CCDC88B, FAM189B, GBA, GBAP1, HCN3, PPP1R14B, RMI2, SATB2, TMEM180, ZFP90

LDL DHRS13, ERAL1, and WDR25

MCH AP003419.16, GSTP1, PABPC4, PTPRCAP, RP11-69E11.4, RP1-18D14.7, and RPS6KB2

MCV COX412

PCV PLEKHH2

PLT ACTRIA, BAZ2A, CCDC17, IPP, MUTYH, PRIM1, TESK2, and TMEM180

RA METTL21B, RNF40, RPS26, SLC26A10, and SUOX

RBC COX4I2 and FBXL20

SCZ ALMS1P, ARL14EP, CAD, CBR3, CEBPZ, CORO7, CPNE7, DND1, EMB, ENDOG, EPN2, GRAP, IK, NMRAL1, NRBP1, PCNX,
PFDN1, PRR12, PRRG2, RNF112, RP11-135L13.4, SEPT10, SRA1, and TMCO6

TG L3MBTL3

ucC SATB2 and TNPO3

For details on individual genes, expression studies, and association statistics, see Table S4. Genome-wide significance: p < 5 x 1072,

shown to influence lymphocyte development and differ-
entiation.>'*? These traits are known to have a strong
autoimmune component;>* hence, association with pre-
dicted IKZF3 expression levels is consistent with a model
where cis-regulated variation in IKZF3 product levels
contributes to risk. Similarly, we observed three suscepti-
bility genes shared between educational years (EY) and
height (see Figure 4): ABCB9 (OMIM: 605453; GTEX heart
left ventricle; pheight = 1.38 X 107" pgy = 1.28 x 1079),
BTN2A3P (OMIM: 613592; GTEx subcutaneous adipose;
Pheight = 3.82 X 107'% pgy = 1.90 x 1077), and
MPHOSPH9 (OMIM: 605501; GTEx thyroid; pPreight =
5.84 x 107'%; pry = 1.30 x 10°). Although not direct
evidence of co-localization of educational years and
height at these loci, this result is consistent with a
recent study'® that reported a non-zero genetic correla-
tion between height and educational years (p, = 0.13;
p =3.82 x 107°).

The Effect of cis Expression on Traits Is Consistent across
Tissues

Having established the importance of individual predicted
gene expression levels for these traits, we next estimated
the amount of trait variance explained by predicted expres-
sion by using all examined genes, including those not signif-
icantly associated, and an LD score regression approach
(see Material and Methods). We found 108 tissue-trait
pairs across 17 traits and 33 tissues where the cumulative
effect of all measured genes on the trait was significantly
greater (p < 0.05/45) than for the significant-only set (see
Table S9). For example, in height we estimated hZ; = 0.07
(Jack-knife SE = 0.02; p = 5.6 x 10°*) by using all
3,733 measured genes in YFS and h%; = 0.015 (Jack-knife
SE=6.9; p =0.03) by using only the 169 YES susceptibility
genes (Payssig = 5.6 X 107%). This suggests that height
has additional susceptibility genes, which we are underpow-
ered to detect. Strikingly, the predicted expression from all
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Figure 4. Susceptibility Genes Shared for Educational Years and Height
We indicate —log;o p values for eQTLs in green and trait-specific GWASs in black on separate axes to simplify illustration.

YES genes accounts for 12% of SNP heritability measured in
height.>* However, for most trait-tissue pairs, we did not
observe a significant difference at our given sample sizes.
Indeed, we measured a significant association between
expression-study sample size and number of eGenes
(r=0.73; SE=0.10; p=13 x 1078), which indicates that
smaller studies lack power to find eGenes and thus underes-
timate the total hZ;.

We next asked whether any tissues are burdened with
increased levels of risk for a given trait. To test this hypoth-
esis, we examined the difference between estimated trait
variance explained per gene and the average. Our results
did not suggest tissue-specific enrichment at the current
sample sizes (see Table S10). We observed a significant cor-
relation between gene expression sample size and tissue
enrichment estimates (p = 62.4 x 10~°). One explanation
for this relationship is that the number of eGenes identi-
fied per study increases with sample size, which increases
hZ; estimates. Given no observable difference in tissue-spe-
cific risk, we expect local estimates of genetic correlation to
be highly similar across tissues. When estimating pgocar,
we observed consistent effect-size estimates in both sign
and magnitude estimates across tissues (mean tissue-tissue
r = 0.82; see Figure 5). These results are compatible with
earlier work that found that cis effects on expression are
largely consistent across tissues.>> To obtain a meta-esti-
mate of local genetic correlation for gene-trait pairs with
measurements in multiple tissues, we used the mean ge-
netic correlation across all expression panels in all of the
following analyses.

Genetic Correlation between Traits at the Level of
Predicted Expression

To evaluate the shared contribution of predicted expression
on pairs of traits, we used nominally significant (p < 0.05)
genes to compute the genome-wide genetic correlation at

levels of predicted expression (see Material and Methods).
For 435 distinct pairs, we discovered 43 significant expres-
sion correlations, 22 of which had previously reported
non-zero genetic correlations'® (see Figure 6 and Table 3).
For example, age of menarche and BMI had pgy = —0.32
(95% CI = [-0.32, —0.21]; p = 7.97 x 10~®). This nega-
tive correlation is consistent with estimates published in

14 -
12

10

Density

0.6 0.8 1.0

[ [ I
0.0 0.2 0.4
Tissue/Tissue correlation

Figure 5. Histogram and Density Estimate for Correlation of
Pg.local Across Tissues

We computed the correlation across pairs of different tissues by us-
ing local estimates of genetic correlation between expression and
traits. Most tissues exhibited a high correlation over the underly-
ing gene effects on traits with an estimated mean of r = 0.82.
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epidemiological studies,*® in addition to studies probing
genetic correlation across complex traits.'® To determine
whether estimates were sensitive to changes in scale, we re-
computed pgg by using the top eQTL as a proxy for local
heritability of gene expression and observed similar results
(r=0.99; p = 2.2 x 107 '%; see Figure S8). Results were also
robust to increasing window size for gene pruning, such
that there was no significant difference in estimates be-
tween 2 and 4 Mb windows (roanp = 0.99; ranvp = 0.98). Using
estimates of pgg, we clustered traits and observed groups
forming naturally in the trait-trait matrix (see Figure 6).
Interestingly, BMI clustered with insulin-related traits
(HOMA-B, HOMA-IR, and fasting insulin). Our estimates
were highly consistent with the results of LD score regres-
sion (see Figure 6 and Table S11). Out of 435 pairs of traits,
35 demonstrated significance for pgy and p,, whereas 8 and
27 were exclusive to pgp and p,, respectively. Given the
high degree of concordance between estimates, we tested
for significant differences and found four insulin-related
pairs of traits and three blood-related pairs with more
extreme values for pgg (see Table S11). Differences for these
pairs of traits can be partially explained by overconfident
standard errors for pgp (see Table S12). Overall, we found
Pe to explain most of the variation in p, (¥ = 0.72). We
compared this to the naive approach of computing the cor-
relation of SNP Z scores across susceptibility gene loci and
observed a much smaller proportion of variance explained
inp, (r* = 0.46). This reinforces that, compared to the naive
approach, our method incorporates LD to aggregate signal.

Bi-directional Regression Suggests Putative Causal
Relationships

Given pairs of traits with significant estimates of pgg, we
aimed to distinguish among possible causal explanations
by performing bi-directional regression analyses (see Mate-
rial and Methods). To empirically validate our approach,
we regressed HDL, LDL, and TG with TC. TC is the direct

0.0 0.5 1.0 1.5

-0.5

-1.0

Figure 6. Estimates of Genetic Correla-
tion p, Obtained from LD Scores versus
Estimates of Expression Correlation pgg
from Nominally Significant TWAS Results
(A) Correlation matrix for 30 traits. The
lower triangle contains pgg, and the upper
triangle contains p, estimates. Correla-
tion estimates that are significantly non-
zero (p < 0.05/435) are marked with an
asterisk (*). The strength and direction of
correlation are indicated by size and color.
We found 43 significantly correlated traits
by using predicted expression and 62 by
using genome-wide SNPs.

(B) Linear relationship between estimates

r=0.85,P<22x107"®

Significance

-1 Neither
* Pee of pgg and p,. We indicate whether indi-
| vidual estimates were significant in either
T approach by color. Non-significant trait
-15 -05_ 05 15 pairs are reduced in size for visibility.
Pce

consequence of summing over TG, HDL, and LDL levels,
so we expected to observe higher signal for prc |jipiq than
for pipiqjrc- Of these three, we found evidence that TG
influences TC (p = 2.34 x 1073). We observed consistent,
but not significant, evidence for the effects of LDL on TC
(p = 0.07) and HDL on TC (p = 0.55; see Figure 7). These
results suggest that point estimates from the bi-directional
approach favor the correct model but might not have
adequate power required for significance.

We tested the 43 pairs of traits identified above (see
Table 3) while ascertaining susceptibility genes and
observed asymmetric effects at p < 0.05 for BMI-TG and
LDL-TG (see Figure 8 and Table 4). For example, in the
bi-directional analysis on BMI and TG, we observed a sig-
nificant effect for pig pm = 0.62 (95% CI = [0.27, 0.83];
p = 2.06 x 10~%). By contrast, the reverse analysis estimate
overlapped O at pgy 16 = —0.04 (95% CI = [-0.49, 0.42];
p = 0.86). Individual estimates for prg |pvi and ppwmi
were significantly different (p = 0.01, Welch’s t test), which
is consistent with a model where BMI directly influences
TG levels. In practice, we used susceptibility genes found
through a TWAS (p ~ 1 x 10~°), but this could be too strict
an inclusion threshold for genes for which we lack power
to detect. We conducted analyses with weaker thresholds
and observed similar results (see Tables S13 and S14). Our
results reinforce previous estimates of putative causal ef-
fects where BMI influences TG levels.*>>”

Discussion

In this work, we described an approach to estimate the local
genetic covariance and correlation between gene expres-
sion and complex traits by using GWAS summary data.
We also introduced a method of estimating genome-wide
genetic correlation between complex traits at the level of
predicted expression. Using simulations, we demonstrated
that both approaches are relatively unbiased under realistic
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Table 3.

Pairs of Traits with Significant Estimates of p¢;

Table 3. Continued

All Nominally Significant Genes

All Nominally Significant Genes

Trait 1 Trait 2 PGE 95% CI ] Trait 1 Trait 2 PGE 95% Cl M
AM BMI -0.33 ~0.43 -0.21 257 PCV RBC 0.96 0.95 0.97 278
BMI COL -0.31 —0.44 -0.18 190 TC TG 0.61 0.53 0.68 248
BMI EY -0.31 —0.43 -0.18 210 Estimates were computed with M pruned genes that were nominally signifi-
cant (p < 0.05) in both traits.
BMI FI 0.39 0.25 0.51 164
BMI HDL -0.34 -0.45 -0.23 256
BMI HOMA-B 31 17 44 1 . -
© 0.3 0 0 o8 scenarios. We used GWAS summary statistics from 30
BMI HOMA-IR 0.36 0.22 0.49 162 complex traits and diseases jointly with expression data
BMI TG 0.29 017 0.41 233 collected across 45 expression panels to identify 1,196 sus-
ibili nes for complex traits. Interestingl i-
. 1D 0.93 0.91 0.94 266 C?ptb ty genes fo comple: traits. Inte es‘F gly, suscept
bility genes that were identified for educational years and
cD uc 051 041 0.60 218 not proximal to a genome-wide significant SNP were vali-
COL EY 0.95 0.94 0.96 363 dated in a much larger GWAS.*>> We leveraged estimates of
A N 0.57 0.44 067 149 local genetic correlation between gene expression and traits
to compute pgg for 435 trait pairs. This quantified the shared
FA LS 0.60 0.49 0.69 170 ; .
effect of predicted expression levels between two complex
FG FI 0.65 0.53 0.74 133 traits. To provide evidence of possible causal direction, we
G HOMA-B  —0.60 —0.70 047 125 adapted a recently proposed causality test* to operate at
he level of predi ne expression. Our resul
G HOMAIR  0.92 0.89 0.94 136 the leve .o predicted gene expressio Qu esults suggest
that TG influences LDL and that BMI influences TG. As
I HDL ~0.31 —0.44 —0.17 168 more GWAS and eQTL summary results become publicly
FI HOMA-B 0.97 0.96 0.98 243 available, we expect additional studies to integrate cross-
- HOMAIR 0.99 0.99 0.99 383 trait information to make inferences about mechanistic ba-
ses for complex traits. Indeed, recent work has combined
FI TG 0.57 0.45 0.66 152 . . . . .
chromatin phenotypes with alternatively spliced introns
EN LS 0.86 0.83 0.89 264 and total gene expression (the latter of which overlaps
HB MCH 0.37 0.23 0.50 156 expression used in this study) to identify regulatory mech-
) . .58
HB MCHC 0.40 0.23 0.55 108 anisms for schlzophrer'na. . .
Under the assumption that gene expression mediates
HB Pev 097 0.96 097 338 the effect of genetics on complex traits, testing for asso-
HB PLT ~0.36 —0.49 -0.20 141 ciation between predicted gene expression and traits is
HB RBC 0.95 0.94 0.96 260 equivalent to a two-sample Mendelian randoglg)atlon
oA - 046 030 059 1o test for a causal effect of expression on a trait.””""" This
¢ : : : test for causality is valid if SNPs do not exhibit pleio-
HbA; TG 0.37 0.21 0.50 137 tropic effects, which is difficult to prove; therefore,
HDL HOMA-IR  —0.32 ~0.46 ~0.18 159 TWAS associations do not provide direct evidence of
HDL 12D 032 0.45 019 186 causal r.elatlonshlps between gen.e e.:xpressmn and com-
plex traits but rather reflect associations between expres-
HDL 16 —0.74 —0.79 —0.69 274 sion levels and traits. This set of assumptions extends to
HOMA-B  HOMA-IR 0.97 0.96 0.98 227 our bi-directional approach to inferring causal direction.
HOMABR TG 0.43 0.27 0.56 127 A bi-directional regression is capable of distinguishing
between directions of effect but cannot rule out pleiot-
HOMA-IR TG 0.48 0.34 0.60 138 . .
ropy. Therefore, our results show consistency with a pu-
IBD uc 0.96 0.95 0.96 415 tative causal mechanism and should not be interpreted
LDL TC 0.97 0.96 0.97 452 as direct proof of causality.
DL 6 0.54 0.44 0.63 231 . We gonclude with seyeral cavezflts. First, we note thfat' 1.15-
ing estimates of genetic correlation to find susceptibility
McH MCHC 0.63 0.1 0.72 127 genes could still be biased as a result of confounding. The
MCH MCV 0.96 0.95 0.97 320 expression weights used for TWASs could tag variants that
MCH RBC _081 _085 _0.76 207 are causal through other genes or non-genic mechanisms.
In principle, this can be partially remedied by joint testing
MCV RBC —0.80 —0.85 -0.75 208

of multiple genes and a trait. In this work, we combined
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Figure 7.

Estimates of Expression Correlation pge between TC and HDL, LDL, and TG

(Left column) Estimates of pgp with the use of nominally significant genes (p < 0.05).

(Middle column) We repeated the analysis by using only susceptibility genes found in the x axis trait but not found in the y axis trait.
(Right right) Same analysis as in the middle column but with the other trait’s susceptibility genes.

All three analyses resulted in stronger point estimates for py¢ |;piq When conditioning on HDL, LDL, and TG genes than for pyyiq |1c;
however, significance was observed only for prc|1g (p = 2.34 % 10~%). Shaded regions indicate the estimated 95% confidence interval

for the regression line.

estimates across tissues by taking the mean effect to
compute the genetic correlation between traits and expres-
sion. This approach is unbiased but could be inefficient.
Recent work®! has described a random-effect model that
combines estimates across tissues to increase power. Finally,
our method of estimating correlation between traits by us-
ing the genetically predicted component of gene expres-
sion makes several simplifying assumptions. First, we reme-
died the non-independence of genes by sampling single
genes within a 1 Mb region, an approach that has been
used previously.*® However, a more powerful approach
could take correlations across genes into account. Second,
we limited predictive models to the local (or cis) effects

on gene expression, which ignores distal (or trans) effects
that regulate gene expression. Although the predictive
accuracy of models for gene expression used in this
study can account for most of the variation due to ge-
netics,'! we believe that incorporating additional sources
of genomic information (e.g., functional priors on SNP
effects®?6%6%) could make additional refinement possible.

Appendix A: Pathway Analysis

We used the PANTHER database®” to explore putative mo-
lecular function and pathways enriched with identified
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Figure 8. Estimates of p¢e for TG with BMI and for TG with LDL

We present results for pairs of traits that displayed a significant difference (p < 0.05, Welch's t test) in their conditional estimates. These
results are consistent with a causal model where BMI influences TG and TG influences LDL. Shaded regions indicate the estimated 95%

confidence interval for the regression line.

susceptibility genes. Using all susceptibility genes across
all traits, we found 13 significantly enriched categories,
of which seven were related to binding functions. Catalytic
activity exhibited the strongest enrichment at 1.3x (GO:
0003824; p = 5.17 x 10 7; see Figure S9). We next focused
on individual traits (see Figure S10); however, most indi-
vidually tested gene sets did not indicate significant
enrichment, except for height, LDL, and TC. For example,
height had a significant enrichment of genes with catalytic
activity (1.31x; p = 4.77 x 10~*). We next looked at bio-
logical processes and found TWAS genes enriched at 1.2x
for metabolic processes (GO: 0008152; p = 7.29 x 10~ ')
and 1.57x cellular catabolic processes (GO: 0044248;
p = 2.51 x 10°?; see Figures S11 and S12). Enrichment

was most pronounced in susceptibility genes specific to
height (1.3%; p = 1.03 x 107°).

Supplemental Data

Supplemental Data include 12 figures and 14 tables and can
be found with this article online at http://dx.doi.org/10.1016/j.
ajhg.2017.01.031.
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ARTICLE

Mutations in Epigenetic Regulation Genes
Are a Major Cause of Overgrowth
with Intellectual Disability

Katrina Tatton-Brown,12 Chey Loveday,! Shawn Yost,! Matthew Clarke,! Emma Ramsay,!

Anna Zachariou,! Anna Elliott,! Harriet Wylie,! Anna Ardissone,3 Olaf Rittinger,4 Fiona Stewart,>
I. Karen Temple,®7 Trevor Cole,8 Childhood Overgrowth Collaboration, Shazia Mahamdallie,!
Sheila Seal,! Elise Ruark,! and Nazneen Rahmant910*

To explore the genetic architecture of human overgrowth syndromes and human growth control, we performed experimental and bio-
informatic analyses of 710 individuals with overgrowth (height and/or head circumference >+2 SD) and intellectual disability (OGID).
We identified a causal mutation in 1 of 14 genes in 50% (353/710). This includes HIST1H1E, encoding histone H1.4, which has not been
associated with a developmental disorder previously. The pathogenic HIST1H1E mutations are predicted to result in a product that is less
effective in neutralizing negatively charged linker DNA because it has a reduced net charge, and in DNA binding and protein-protein
interactions because key residues are truncated. Functional network analyses demonstrated that epigenetic regulation is a prominent
biological process dysregulated in individuals with OGID. Mutations in six epigenetic regulation genes—NSD1, EZH2, DNMT3A,
CHDS, HIST1H1E, and EED—accounted for 44% of individuals (311/710). There was significant overlap between the 14 genes involved
in OGID and 611 genes in regions identified in GWASs to be associated with height (p = 6.84 x 10~®), suggesting that a common
variation impacting function of genes involved in OGID influences height at a population level. Increased cellular growth is a
hallmark of cancer and there was striking overlap between the genes involved in OGID and 260 somatically mutated cancer driver genes
(p = 1.75 x 10~'%). However, the mutation spectra of genes involved in OGID and cancer differ, suggesting complex genotype-pheno-
type relationships. These data reveal insights into the genetic control of human growth and demonstrate that exome sequencing in
OGID has a high diagnostic yield.

Introduction

Human growth control, at the organismal and cellular
level, is a complex process essential for health and
dysregulated in many developmental disorders and
cancers. The mechanistic control of cell size and prolif-
eration has been studied, by diverse approaches, in
many different species."”” However, the control of
overall size of an organism has been relatively under-
studied and is still poorly understood. The study of
human growth disorders therefore not only improves
diagnosis and management of human disease, it also
offers an opportunity to enhance knowledge about
the fundamental processes governing control of human
size.

Human overgrowth syndromes are a nebulous group
of conditions defined as having height and/or head
circumference >2 SD above the mean, together with addi-
tional phenotypic abnormalities, the most common of
which is intellectual disability.®> Overgrowth syndromes
usually occur sporadically within a family and can be

caused by several different mechanisms, including gene
mutations, imprinting disruption, and chromosome
dosage abnormalities.*

Single-gene disorders associated with overgrowth and in-
tellectual disability (OGID) are well recognized; Sotos syn-
drome (MIM: 117550) and Weaver syndrome (MIM:
277590) are prototypic examples, due to NSDI1 (MIM:
606681) and EZH2 (MIM: 601573) mutations, respectively
(see GeneReviews by Tatton-Brown et al. in Web
Resources).” OGID syndromes have been increasingly
identified over the last decade.®>* The advent of next-gen-
eration sequencing has been the foremost reason for this
progress and has allowed elucidation of the genetic causes
of clinically established syndromes and the delineation of
new syndromes.”~'?

Despite these advances, many individuals with OGID
remain without a genetic diagnosis. In addition, the rela-
tive contribution of the different genes to OGID is un-
known. To better characterize the genetic landscape of
OGID, we have here studied 710 affected individuals
including 323 parent-proband trios (Table S1).
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Subjects and Methods

Subjects

We recruited participants through the Childhood Over-
growth (COG) Study, which began recruitment in 2005,
approved by the London Multicenter Ethics Committee
(O5/MRE02/17). Informed consent was obtained from all
participants and/or parents, as appropriate. Individuals
were eligible for this study if they had height and/or
head circumference at least two standard deviations above
the mean (>-+2 SD, UK90 growth data)'® at some point in
childhood, together with intellectual disability. We have
termed this condition OGID (overgrowth + intellectual
disability). Overgrowth phenotypes that are not associated
with intellectual disability, such as Beckwith Wiedemann
syndome (MIM: 130650) or Marfan syndrome (MIM:
154700), were not included. Regional or asymmetric
overgrowth phenotypes (e.g., hemihypertrophy) in the
absence of increased height or head circumference were
not included.

710 individuals with OGID were included. 97% (693)
were recruited to the study from clinical genetics depart-
ments. For 323 individuals, samples from both parents
were also available and included. 205 probands had
both height and head circumference >+2 SD, termed
“head+height” in Table S1. 138 had height >+2 SD with
OFC <2 SD, termed “height only” and 109 had
OFC >+2 SD and height <2 SD, termed “head only.” For
the remaining 258 individuals, the child was recruited to
the study because they had overgrowth, but measurements
for both height and head were not provided. The over-
growth category is termed “unspecified” for these case sub-
jects in Table S1. Intellectual disability was classified by the
referring clinician as severe (77 case subjects), moderate
(228 case subjects), or mild (229 case subjects). The referrer
did not state the severity of the OGID for 176 individuals
(termed “unspecified” in Table S1).

Control Data

We used the Exome Aggregation Consortium (ExAC) data
v.3 accessed on 13/11/2015 (excluding the TCGA sam-
ples)'* and the ICR1000 UK exome series'® as reference
data. We generated and analyzed the ICR1000 UK exome
series data using the same sequencing and analysis pipe-
line described for the OGID samples.

Targeted Gene Analyses

We previously reported mutations in NSD1, EZH2,
DNMT3A (MIM: 602769), and PPP2R5D (MIM: 601646)
in 198 case subjects. The relevant references are in Table
S1. Intragenic mutations in these genes were detected
with Sanger sequencing. NSD1 is unusual among the 14
OGID genes included in this study in being prone to dele-
tion by a 2 Mb 5q35 microdeletion, mediated by flanking
low-copy repeats.'® We used MLPA to identify 5q35
microdeletions encompassing NSDI1.'” NSDI MLPA is

also capable of detecting exon CNVs that account for
~5% of NSDI mutations."” Microdeletions and exon
CNVs in the other genes were not sought, but are unlikely
to be a major contributor because the surrounding
sequence architecture and/or mechanism of pathogenicity
make it much less likely that such events will cause OGID.

Exome Sequencing

We performed exome sequencing in all probands in whom
no mutation had been identified by targeted gene analyses
and in parental samples where available. We performed
exome sequencing using the Nextera Rapid Capture
Exome Kit (Illumina). We prepared libraries from 50 ng
genomic DNA using the Nextera DNA Sample Preparation
Kit (Illumina). On average 33M reads mapped to the pull-
down and 86% of targeted bases had >15x coverage.
The captured libraries were PCR amplified using the sup-
plied paired-end PCR primers. Exome sequencing in 57
samples was performed before the Nextera Exome Kit
was available using the TruSeq Exome Enrichment Kit,
which includes the 14 genes involved in OGID. When
converting our exome pipeline from TruSeq to Nextera,
we undertook in-house evaluation and validation to
ensure that the performance was equivalent. Sequencing
was performed on an llumina HiSeq 2000 or HiSeq 2500
(high output mode) using v3 chemistry and generating
2 x 101 bp reads.

Variant Calling

We used the OpEx v1.0 pipeline to perform variant call-
ing.'"® We converted raw data to FASTQs using CASAVA
v.1.8.2 with default settings. The OpEx v1.0 pipeline uses
Stampy'? to map to the human reference genome, Picard
to flag duplicates, Platypus®® to call variants, and CAVA*!
to provide consistent annotation of variants with the
HGVS-compliant CSN (Clinical Sequencing Notation)
standard v1.0." The transcript information for variant
annotation for the 14 relevant genes are given in Table 1.

Variant Prioritization and Validation

We excluded variants with MAF > 0.5% in either the
Exome Aggregation Consortium (ExAC) and/or the
ICR1000 UK exome series. For the de novo analyses, we
identified and validated any high-quality (as defined by
OpEx'®) variant in the child that was not present in either
parent. We evaluated and validated all rare variants identi-
fied in the 14 genes.

We confirmed all small variants in Table S1 that were
called in exomes via Sanger sequencing of M13-tagged
PCR products generated from genomic DNA. We per-
formed PCR using the QIAGEN Multiplex PCR Kit accord-
ing to the manufacturer’s instructions. We sequenced PCR
products using M13 sequencing primers, the BigDye
Terminator Cycle Sequencing Kit, and an ABI 3730 Genetic
Analyzer (Applied Biosystems). We analyzed sequences
using Mutation Surveyor software v.3.20 (SoftGenetics)
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Table 1.

Gene and Transcript Information for 14 Genes Involved in OGID

Gene MIM Number HGNC ID Ensembl Transcript RefSeq Transcript
AKT3 611223 HGNC:393 ENST00000366539 NM_005465
BRWD3 300553 HGNC:17342 ENST00000373275 NM_153252
CHDS8 610528 HGNC:20153 ENST00000399982 NM_001170629
DNMT3A 602769 HGNC:2978 ENST00000264709 NM_175629
EED 605984 HGNC:3188 ENST00000263360 NM_003797
EZH2 601573 HGNC:3527 ENST00000320356 NM_004456
GPC3 300037 HGNC:4451 ENST00000370818 NM_004484
HISTIHIE 142220 HGNC:4718 ENST00000304218 NM_005321
MTOR 601231 HGNC:3942 ENST00000361445 NM_004958
NFIX 164005 HGNC:7788 ENST00000360105 NM_002501
NSD1 606681 HGNC:14234 ENST00000439151 NM_022455
PIK3CA 171834 HGNC:8975 ENST00000263967 NM_006218
PPP2R5D 601646 HGNC:9312 ENST00000485511 NM_006245
PTEN 601728 HGNC:9588 ENST00000371953 NM_000314

and verified the outputs by manual inspection by two indi-
viduals, independently.

Pathogenic Mutation Determination

Apart from HISTIHIE (MIM: 142220), we considered a
variant in the other 13 genes to be pathogenic if it fulfilled
one or more of the following criteria. (1) It was a de novo
mutation in a gene for which such de novo mutations
were already proven to cause OGID. (2) The inheritance
was unknown, because parental samples were unavailable,
but it had been previously identified as a pathogenic de
novo mutation in OGID. (3) It was a protein-truncating
variant ([PTV] frameshifting indels, stop-gain, or essential
splice-site variants) in a gene in which truncating muta-
tions have been proven to be pathogenic. (4) There was
clear evidence from the literature that it was pathogenic.
The evidence for HISTIHIE mutations being pathogenic
is provided in the Results.

HISTTHTE Statistical Analyses
We used the methods described in the DDD study®? to
calculate the probability of identifying four de novo frame-
shift mutations in HISTIHIE using the gene-specific muta-
tion rates from Samocha et al.>* The frameshift mutation
rate in HISTIHIE (4.18 x 10~7) was multiplied by twice
the number of case subjects in this study (710) in order
to get the expected number of frameshift mutations. We
calculated the probability of observing four or more de
novo frameshift mutations in HISTIHIE given the ex-
pected number of frameshift mutations via the ppois func-
tion in R.

We modeled the significance of mutation clustering in
HIST1HIE under a binomial distribution where the proba-

bility of observing a mutation in a 12 bp region, which
comprises 1.8% of the coding sequence, was 0.018.

Protein Net Charge Calculation

We obtained wild-type HISTIHIE cDNA (frame 1)
sequence from Ensembl (ENST00000304218.5). We gener-
ated the HISTIHIE cDNA sequences edited with OGID
mutations (frame 2). We used the variant ¢.430delG to
generate the other possible alternative reading frame in
HIST1HIE (frame 3). We translated the cDNA sequences
using the Translate Tool at ExPASy. We calculated the net
charge of the carboxy-terminal domain, from p.Lys110 on-
ward, at neutral pH using the Peptide Property Calculator
at the Innovagen website.

Functional Network Analyses

We performed functional enrichment analysis using g:Pro-
filer (v.r1665_e85_eg32).>* We used the 14 genes in Table 1
as our query set. We looked for enrichment among Gene
Ontology molecular function terms and KEGG pathway
gene sets, requiring the size of the functional category to
be between 5 and 500 genes and using the Benjamini-
Hochberg false discovery rate as the significance threshold.
The FDR q values presented are the Benjamini-Hochberg
critical values.

Phenotypic Analyses

We tested for significant difference in the diagnostic yields
between different phenotypic groups using the prop.test
function in R. We calculated the significance of association
between an individual having macrocephaly and their mu-
tation status (either a mutation in a PI3K/AKT pathway
gene or a mutation in an epigenetic regulation gene) using
a Fisher's exact test, which we implemented with the

The American Journal of Human Genetics 100, 725-736, May 4, 2017 727



PPP2R5D MTOR

Epigenetic regulation genes
PI3K/AKT pathway genes
Other genes

No mutation identified

ooEm

Figure 1. Causal Mutation Identified in 50% of OGID Probands
Proportion of pathogenic mutations identified in 710 individuals
with OGID. Epigenetic regulation genes (red), including NSD1
which is the predominant gene, constitute the major gene set.
PI3K/AKT pathway genes (blue) also significantly contribute to
OGID.

fisher.test function in R. We calculated the significance of
association between an individual having macrocephaly
in the absence of increased height and their mutation
status, and the significance of association between an indi-
vidual having increased height in the absence of macroce-
phaly and their mutation status in the same way. We tested
for significant difference in the proportion of individuals
with mild intellectual disability for those with a mutation
in a PI3K/AKT pathway OGID gene and those with a muta-
tion in an epigenetic regulation OGID gene using the
prop.test function in R.

Height GWAS Gene and Cancer Driver Gene
Comparisons
We obtained the list of 611 genes located in regions associ-
ated with human height through GWASs from Table S1 of
Wood et al.>> We obtained a list of 260 somatically
mutated cancer genes from Table S2 of Lawrence et al.¢
and the somatic mutations from the tumor portal website.
We calculated the probability of seeing the observed
overlap of the OGID gene set with the GWAS gene set un-
der a hypergeometric probability distribution assuming a
total hypothetical size of 20,000 protein-coding genes in
the exome using the phyper function in R. We calculated
the probability of seeing the observed overlap of
OGID gene set with the cancer driver gene set in the
same way.

Results

Contribution of Gene Mutations to OGID

Using exome or targeted gene analyses, we identified a
pathogenic mutation in one of 14 genes in 357 individuals
with OGID, giving a diagnostic yield of 50% (Figure 1).

By far the most common cause was a mutation in NSD1
(240 cases, 34%), followed by EZH2 (34, 4.8%), DNMT3A
(18, 2.5%), PTEN (MIM: 601728) (16, 2.3%), NFIX (MIM:
164005) (14, 2.0%), CHDS (MIM: 610528) (12, 1.7%),
BRWD3 (MIM: 300553) (7, 1.0%), HISTIHIE (5, 0.7%),
PPP2R5D (3, 0.4%), (2 cases each) EED (MIM: 605984),
GPC3 (MIM: 300037), and MTOR (MIM: 601231), and
(1 case each) AKT3 (MIM: 611223) and PIK3CA (MIM:
171834) (Table S1). Among the 323 parent-proband trios,
we identified a cause in 191 (59%) of which 179 were
de novo mutations and 12 were inherited.

Our data allow confirmation that EED mutations cause
OGID. Two case reports of individuals with a characteristic
phenotype that includes overgrowth have been pub-
lished.'®?” We here present two additional cases with a
de novo EED mutation. The individuals have the same
facial phenotype to each other and to previously reported
case subjects, with long, narrow palpebral fissures, telecan-
thus, and retrognathia. Notably, EED is a direct binding
partner of EZH2,°® which has an established role in
causing OGID.?* Some role in overgrowth was either
known, or has been proposed, for the remainder of
these, apart from HISTIHIE (see GeneReviews by Eng in
Web Resources).®?10:12:29-35

HISTIH1E Mutations Cause OGID

We present here data showing that certain HISTIHIE
mutations cause OGID. Through exome sequencing
we identified five unrelated probands—COGO0405,
COGO0412, COGO552, COG1739, and COG1832—with
heterozygous HISTIHIE protein truncating variants
(PTVs) (Figure 2, Tables 1 and S1). In four probands the
PTV had arisen de novo. Parental samples were not avail-
able for the fifth child, but she carried the same mutation
as one of the children with a de novo mutation. The
detection of four de novo HIST1HI1E mutations in 710 in-
dividuals is highly unlikely to have occurred by chance,
as determined from gene-specific de novo mutation rates
(p = 5.17 x 10~ '%). None of the mutations are present in
the EXAC dataset, norin 11,677 exomes analyzed in-house
with similar pipelines. These results strongly support
HIST1HIE mutations as a cause of OGID.

HIST1HIE encodes histone H1.4. In humans, H1.4 is one
of 11 H1 linker histones that mediate the formation of
higher-order chromatin structures and regulate the accessi-
bility of regulatory proteins, chromatin remodelling fac-
tors, and histone-modifying enzymes to their target
sites.>*3” The five mutations we identified cluster signifi-
cantly (p = 2.0 x 10~?) to a 12-bp region in the carboxy-
terminal domain (CTD) that is involved in chromatin
binding and protein-protein interactions (Figure 2A).*¢
PTVs in the intronless histones have been shown to evade
nonsense-mediated mRNA decay.*® Thus the OGID-
causing mutations are predicted to generate a truncated
product.

The CTD of linker histones regulate higher-order chro-
matin structure through neutralization of negatively
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A c.436_458del23
c.430dupG = c.441dupC
808
Frame Mutation Sequence Length Charge

1 Wildtype . .KKATGAATPKKSAKKTPKKAKKPAAAAGAKKAKSPKKAKAAKPKKAPKSPAKAKAVKPK. . . 219 44

2 c.430dupG . .KKATGGGHPQEERQEDPKEGEEAGCSCWSQKSEKPEKGESSQAKKGAQEPSEGQSS 194 7

2 c.441dupC . .KKATGAATPQEERQEDPKEGEEAGCSCWSQKSEKPEKGESSQAKKGAQEPSEGQSS 194 7

2 c.436 _458del23 . .KKATGAA-——————— DPKEGEEAGCSCWSQKSEKPEKGESSQAKKGAQEPSEGQSS 186 9

3 . .KKATGRPPPRRAPRRPOQRRRRSRLOQLLEPKKRKARKRRKQPSQKRRPRAQRRPKQLNPR. . . 227 48

D COG1832

13 years

1.5 years

Figure 2. HIST1H1E Mutations Cause OGID

Cc COG0412

1.5 yéars

4 yeérs "
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(A) HIST1H1E mutations cluster within 12 bp region in the carboxy-terminal domain (CTD) and have a similar predicted impact on pro-
tein function. The three different frameshift mutations generate the same open reading frame (frame 2), which is predicted to reduce the
length and net charge (at pH 7) of the CTD compared to the wild-type (frame 1). The other possible alternate reading frame (frame 3)

increases the protein length and net charge. Abbreviations: CTD, carboxy-terminal domain; NTD, amino-terminal domain.
(B-D) Facial images of three individuals with HIST1H1E mutations showing full cheeks and high hairline.

charged linker DNA.3® The pathogenic HISTIHIE muta-
tions all result in the same shift in the reading frame
and are predicted to generate similar truncated proteins,
with a reduced net charge of 7-9 (compared to 44 for
the wild-type protein) (Figure 2A). The mutant protein is
thus likely to be less effective in neutralizing negatively
charged linker DNA. Moreover, the truncation of the
C-terminus likely impedes DNA binding and protein-pro-
tein interactions. It is also noteworthy that the other
possible alteration in reading frame would reduce neither
the net charge nor the length of the protein (Figure 2A).
Taken together, these data suggest that specific HISTIHIE
mutations, restricted in position and type, cause human
overgrowth.

HISTTH1E Clinical Phenotype

Individuals with HISTIHIE mutations had similar facial
appearance in childhood with full cheeks, high hairline,
and telecanthus (Figures 2B-2D). Height, head circumfer-

ence, and degree of intellectual disability were variable,
as were the additional clinical features. It is currently
unclear whether these additional features are HISTIHIE
associations or coincidental findings. Individual case de-
scriptions are below.

COGO0405, a female individual, was born at term with
a weight of 3.58 kg (+0.1 SD) and a length of 53 cm
(+1.5 SD). She was floppy in the neonatal period. A brain
MRI scan at 4 months demonstrated mild ventricular dila-
tation but no other abnormalities. Her bone age at chrono-
logical age of 7 months was advanced to 18-24 months. By
19 months, her length was 87 cm (+2.0 SD) with a weight
of 13.4 kg (+1.8 SD) and she had developed a strabismus.
At 13 years of age, the individual was noted to have normal
growth with a height of 150.8 cm (—0.6 SD), a head
circumference of 55.8 cm (—0.5 SD), and a weight of
48.85 kg (+0.4 SD). She has developed a severe kyphosco-
liosis for which she required surgery and has a mild intel-
lectual disability.
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COGO0412, a male individual, was born at 1 week after
term following an uncomplicated pregnancy and delivery.
He weighed 4.75 kg (+2.4 SD). In the neonatal period he
was noted to be floppy; he had poor feeding and unde-
scended testes. At 1.5 years he was very tall at 105 cm
(+8.3 SD) with a weight of 18.8 kg (+4.6 SD) and a head
circumference of 52.5 cm (+2.6 SD). He was reported to
have multiple nevi and redundant skin on the palms of
his hands. He had a moderate intellectual disability and
no behavioral issues at that time. When he was reviewed
at 15.5 years, he was no longer tall with a height of
166.5 cm (—0.6 SD). His head circumference was 58.7 cm
(+1.4 SD). By this age he had developed an anxiety disor-
der that was refractory to medical treatment. He had also
developed phobias. In addition, he had major dental prob-
lems with crumbling teeth and he had dry, flaky nails.

COGO0552, a female individual, was born at term with a
weight of 4.79 kg (+2.5 SD) and length of 57 cm (+3.6 SD).
She was floppy in the neonatal period with poor feeding.
She developed no new medical problems in childhood.
At the age of 4.2 years she was reported to be delayed in
her development. She had a height of 108 cm (+1.2 SD),
head circumference of 55 cm (+3.2 SD), and weight of
24 kg (+2.7 SD).

COG1739, a female individual, was initially thought
clinically to have Weaver syndrome. She was born at
37 weeks after an uncomplicated pregnancy and labor
with a weight of 3.25 kg (+0.8 SD), length of 49 cm
(+0.7 SD), and head circumference of 37 cm (+3.3 SD).
She was hypoglycemic and hypertonic in the neonatal
period, and was also noted to have camptodactyly. At
1.9 years she was diagnosed with a moderate intellectual
disability and had a height of 85 cm (mean), head
circumference of 51 cm (+1.8 SD), and weight of 12 kg
(—0.3 SD).

COG1832, a male individual, was born at 1 week after
term weighing 3.74 kg (+0.4 SD). The pregnancy had
been complicated by exposure to chicken pox. At birth,
COG1832 was noted to have talipes equinovarus and later
in the neonatal period was diagnosed with delayed visual
maturation. A brain MRI scan showed a slender corpus cal-
losum and unusual ventricular outline, possibly indicative
of a periventricular leukomalacia. At 8.5 years, height was
133.2 cm (+0.5 SD) with a weight of 33 kg (+1.2 SD). The
head circumference at 6.3 years was 59 cm (+3.7 SD). He
has limited speech but with verbal comprehension
markedly ahead of this ability to express himself. He has
left amblyopia and astigmatism. His hearing is normal.
He suffers from constipation. At times his behavior is
challenging.

Functional Network Analyses

To investigate the biological processes abrogated by
OGID pathogenic mutations, we performed functional
enrichment analysis using the GO molecular function terms
and KEGG pathway gene sets in g:Profiler.>* The chromatin
binding (FDR q value = 1.58 x 10~°) and PI3K/AKTsignaling

pathway (FDR q value = 6.80 X 10~°) gene sets were signifi-
cantly enriched.

Six genes—NSDI1, EZH2, DNMT3A, EED, CHDS, and
HISTIHIE—were in the chromatin binding gene set.
All encode proteins involved in epigenetic regulation
(Figure 3A). NSD1 is a histone methyltransferase that cata-
lyzes methylation of H3K36, and to lesser extent H4K20,
and is primarily associated with transcriptional activa-
tion.>* EZH2 and EED are key components of the poly-
comb repressive complex 2 (PRC2), which catalyzes
methylation of H3K27, resulting in transcriptional re-
pression of target genes.?® DNMT3A is a DNA methyltrans-
ferase crucial for the establishment of new methylation
marks during early embryogenesis and the sex-dependent
methylation of imprinted genes.*”*' CHD8 encodes an
ATP-dependent chromatin remodeler that binds to meth-
ylated H3K4, a key histone modification at active pro-
moters.>> As noted above, H1.4 binds to linker DNA
between nucleosomes and has key roles in chromatin
compaction and regulation of gene expression.®’ Together,
mutations in these six genes accounted for 311 (44%) of
our series. Disruption of epigenetic regulation is therefore
a prominent molecular mechanism underlying OGID
(Figure 1).

Five of the genes—PTEN, AKT3, PIK3CA (which encodes
p110a, the catalytic domain of the heterodimeric PI3K lipid
kinase), MTOR, and PPP2R5D (which encodes B563 a regu-
latory subunit of the heterotrimeric PP2A protein phospha-
tase)—are in the PI3K/AKT pathway, which plays a key role
in the regulation of growth (Figure 3B). Activation of the
PI3K/AKT pathway results in cellular growth promotion
through increased cell metabolism, cell survival, cell turn-
over, and protein synthesis.*?> Together mutations in
these genes made only a minor contribution to our OGID
series (23 case subjects, 3.2%). In part this is because indi-
viduals with mutations in these genes are more often diag-
nosed with other conditions, such as Cowden syndrome
(MIM: 158350), megalencephaly-capillary malformation
syndrome (MIM: 602501), or regional overgrowth (see
GeneReviews by Eng in Web Resources).**

The remaining three genes—NFIX, GPC3, and BRWD3—
encode a transcription factor, a proteoglycan, and a bro-
modomain-containing protein, respectively®>!3% (23 case
subjects, 3.2%). There is currently no clear functional
link between these genes and the other genes we report
here. However, it is possible that BRWD3 mutations also
cause overgrowth through epigenetic regulation dysfunc-
tion, as there are data suggesting it is involved in histone
H3.3 regulation.*?

Phenotype Analyses

There was enrichment of mutations in individuals with
both increased height and head circumference, compared
to individuals in whom only one growth parameter was
increased, as would be expected. Specifically the diagnostic
yield in individuals with both macrocephaly and increased
height was 59% (120/205), significantly higher than the
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diagnostic yields in individuals with only macrocephaly
(43%, 47/109, p = 0.006) or only increased height (45%,
62/138, p = 0.009). There was no significant difference
between the diagnostic yields in individuals with only
macrocephaly and in those with only increased height
(p = 0.146). There was also no significant difference be-
tween the diagnostic yield in individuals with unspecified
growth parameters (50%, 130/258) and any other group.
To further explore the phenotypic spectrum of OGID, we
compared the growth and intellectual disability severity of
theindividuals due to mutations in the epigenetic regulation
genes and those involved in the PI3K/AKT pathway, using
case subjects for which the relevant phenotypic information
was available (217 individuals with complete growth data
and 263 individuals with intellectual disability severity in-
formation) (Figure 4). Macrocephaly (i.e., head circumfer-
ence >2 SD above the mean) occurred more frequently in
individuals with PI3K/AKT pathway gene mutations; all 17
had macrocephaly, compared with 140/200 individuals
with OGID due to epigenetic regulation gene mutations
(p = 4.1 x 103; Figure 4A). Furthermore, 9/17 of the PI3K/
AKT pathway case subjects had macrocephaly without
increased height compared with 32/200 of the epigenetic
regulation pathway cases (p = 1.0 x 10~%; Figure 4A). The re-
maining 60/200 had increased height without macroce-
phaly, a combination not present in OGID due to PI3K/
AKT pathway gene mutations (p = 4.1 x 10~3; Figure 4A).

lead to reduced function PI3K/AKT
pathway. The PI3K/AKT pathway posi-
tively regulates growth. AKT3, MTOR,
and pll10a (encoded by PIK3CA) are
pathway activators. PTEN and B563 (en-
coded by PPP2R5D) are pathway suppres-
sors. OGID mutations in AKT3, MTOR,
and PIK3CA are activating, whereas
OGID mutations in PTEN and PPP2R5D
are inactivating.

Varying severity of intellectual dis-
ability was a feature of both groups,
but mild intellectual disability was
more common in OGID due to PI3K/
AKT pathway gene mutations (14/20)
than OGID due to epigenetic re-
gulation gene mutations (101/243;
p = 0.01) (Figure 4B).
The risk of childhood cancer is one
the most controversial areas of OGID
management. 8/710 OGID-affected individuals in this
study developed cancer in childhood (Table S1). This in-
cludes 4/357 with an identified genetic cause, three of
whom had an EZH2 mutation. COG1724 developed neu-
roblastoma at 46 months, COG0285 developed T cell
non-hodgkins lymphoma at 13 years, and COG1521 was
diagnosed with both neuroblastoma and acute lympho-
blastic leukemia at 13 months. The childhood cancer inci-
dence for EZH2 mutation carriers in this study was thus 9%
(3/34). The remaining child had an NSDI microdeletion
and T cell non-hodgkins lymphoma. This information
will be useful in family discussions about childhood cancer
risk, particularly in relation to surveillance strategies,
which are generally of unproven benefit and can be associ-
ated with appreciable false positive rates.**

Height GWAS Loci Comparative Analyses

We next explored the overlap between the 14 genes and
611 genes implicated through genome-wide association
studies (GWASs) to be involved in the control of human
height.*® There was significant overlap; six genes involved
in OGID were also present in height GWAS regions (p =
6.8 x 10°®) (Figure S1). The overlap is primarily through
the epigenetic regulation genes, all of which (except
EED) were represented in height GWAS regions. Two sepa-
rate intronic SNPs in each of NSD1 and DNMT3A were
independently associated with height in the GWAS and
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there were no other genes within the linkage disequilib-
rium (LD) blocks of association. This strongly suggests
that NSD1 and DNMT3A functional impact underlie the
height association in these regions (Figure S1). Single
SNPs in intron 5 of CHDS, intron 9 of MTOR, 1 kb down-
stream of HISTIHIE, and 48 kb upstream of EZH2 were
also associated with height.?® For HISTIHIE and EZH2,
there were no other genes in the LD block of association.
For MTOR the variant associated with a cis-eQTL affecting
MTOR expression, though the association was better ac-
counted for by an upstream variant (1s2295080) in the
MTOR promoter region that was in LD with the height
SNP (LD r? = 0.85).?° Although the causal SNPs and mech-
anisms of association are not fully elucidated, these data
suggest that common variation in some genes involved
in OGID also influence height at a population level.

Cancer Somatic Driver Mutation Comparative Analyses
Dysregulated cellular growth is a hallmark of cancer, and
certain human conditions are associated with both over-
growth and increased cancer risk (see GeneReviews by
Eng in Web Resources).*> We therefore next sought to
investigate the overlap between the 14 genes and 260 so-
matically mutated cancer driver genes reported by Law-
rence et al.>® There was significant overlap; 8/14 genes
involved in OGID were somatically mutated in a diverse
range of cancers (NSDI1, EZH2, DNMT3A, PTEN, CHDS,
HISTIHIE, MTOR, PIK3CA; p = 1.7 x 10 '%). For the
PI3K/AKT pathway genes, the mutation spectra are similar
in OGID and cancer.* By contrast, for the epigenetic regu-
lation genes, the mutation spectra in OGID and cancer
have substantial, distinctive differences.

Somatic mutations in HISTIHIE, EZH2, and DNMT3A
occur in hematological malignancies.?®*¢=° HISTIHIE
and EZH2 mutations are each present in ~20% of B cell
lymphomas.***° Somatic HIST1H1E mutations are nonsy-
nonymous mutations throughout the gene and do not
include the clustered PTVs that cause OGID (Figure 5).

Moderate
Intellectual disability

PI3K/AKT Pathway Genes

Comparison of the distribution of (A)
overgrowth categories and (B) degree of
intellectual disability in case subjects
with epigenetic regulation gene muta-
tions (red) compared with PI3K/AKT
pathway gene mutations (blue).

EZH2 mutations in B cell lymphomas
are often activating nonsynonymous
mutations in the SET domain, the
majority of which target a single
amino acid, p.Tyr646.*® Nonsynony-
mous mutations at this residue have
not been detected in OGID and are
not present in ExXAC, perhaps sug-
gesting that germline EZH2 mutations altering p.Tyr646
are not compatible with life (Figure 5). Inactivating EZH2
mutations are present in myeloid malignancies and in T-
ALL.***® A proportion of these latter mutations overlap
with EZH2 mutations in OGID.

DNMT3A is one of the most frequently mutated genes in
AML and mutations also occur less frequently in other he-
matological malignancies.?®*° The majority target a single
residue, p.Arg882, with the remainder being nonsynony-
mous variants and PTVs scattered through the gene. Muta-
tions at p.Arg882 have not thus far been reported in OGID
(Figure 5). Protein modeling suggests that the somatic mu-
tations primarily impact DNA binding, whereas the muta-
tions in OGID are more likely to impact histone binding.'?

Somatic NSDI1 mutations are seen in ~10% of head and
neck squamous cell carcinomas***! and somatic CHDS
mutations are present in ~3% of glioblastoma multiforme
(GBM).? For these cancers the mutation pattern is similar
to that observed in OGID, with PTVs being the most
frequent mutation type (Figure 5).>° Interestingly, Law-
rence et al. found NSD1 and CHDS to each be significant
in their pan-cancer analysis, present in 2% of cancers.?®
However, the pan-cancer mutation spectra for each gene
was different to that observed in OGID, with most being
nonsynonymous mutations scattered throughout the
gene (Figure 5).

Severe

Discussion

We present here the largest genetic study of overgrowth
and intellectual disability performed to date, including
710 affected individuals and 636 parents. We show that
OGID is a highly heterogeneous condition, involving at
least 14 genes. Perturbation of epigenetic regulation is a
prominent mechanism causing OGID and can be caused
by mutations in at least six different genes. NSD1 mutation
is by far the most frequent cause of OGID, accounting for
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240 (34%) of our series. Notably, NSD1 is within a 2 Mb
region flanked by low-copy repeats that mediate a microde-
letion, which is one of the commonest causes of Sotos syn-
drome'® and was present in 29 individuals. Furthermore,
exon deletions or duplications (exon CNVs) are reported
in ~5% of case subjects'” and were present in 9 individ-
uals. We analyzed NSD1 for these types of mutations, using
MLPA, as they are not robustly identifiable in our exome
data. We did not examine the other genes for microdele-
tions or exon CNVs. However, they are not known to be
a major contributor to pathogenic mutations in the other
genes. Even after excluding microdeletions and exon
CNVs, NSD1 is still the most common cause of OGID, ac-
counting for 202 (28%) of our series.

The comparative analyses of genes involved in OGID
with GWAS height loci and with cancer driver genes high-
light intriguing similarities and differences. Our data
strongly suggest that common variation impacting epige-
netic regulation of gene function influences height at a
population level. Further investigation of these GWAS
loci would be of considerable interest, particularly in rela-
tion to advancing knowledge on how, and why, epigenetic
regulation dysfunction impacts human growth.

Several genes involved in OGID are somatically mutated
in a diverse range of cancers, but the spectra of mutations,
particularly in the epigenetic regulation genes, is different
in OGID and cancer. The underlying reasons for these dif-
ferences will be complex and may include embryonic
lethality of certain oncogenic mutations when they occur
in the germline. Integration of germline and somatic muta-
tional data in future research will be useful, and will likely

Figure 5. Mutations in Epigenetic Regu-

o ® ot lation Genes in OGID and Cancers
ogip Protein schematics showing the position
o TyI646 of mutations in HISTIHIE, EZH2,
DNMT3A, NSD1, and CHDS8 in OGID
DLBCL (below the gene) and specific cancers

(above the gene). The somatic cancer
driver mutations are from Lawrence
et al.?® Abbreviations are as follows:
AML, acute myeloid leukemia; CLL,
chronic lymphocytic leukemia; DLBCL,
diffuse large B-cell lymphoma; GBM, glio-
blastoma multiforme; HNSC, head and
neck squamous cell carcinoma; OGID,
overgrowth-intellectual disability.

AML
@
© OGID
advance functional and mechanistic
HNSC understanding of the genes.
©00 .p One of the most striking results of
this study is the high diagnostic yield
of genetic testing in OGID; a genetic
GBM

cause was identified in 50% (357/
(&) () 0GID 710) of case subjects. This is likely to
be an underestimate as we have
been conservative in attributing
pathogenicity to OGID gene variants
and additional OGID genes almost
certainly exist. Indeed, among the 132 trios in whom a
definitive cause was not found, a de novo mutation
possibly associated with their phenotype was present in
28; for example, two had de novo nonsynonymous vari-
ants in XRN1.

The diagnostic yield in our OGID series is higher than
exome-sequencing studies in other phenotypes that
include intellectual disability, which ranged from 13% to
35%.%%5275¢ The studies are not directly comparable, as
most other exome studies included case subjects in which
prior genetic testing was negative. Our study recruitment
started prior to the discovery and clinical testing of most
of the genes we report here, which allows us to provide a
much better estimate of the overall contribution of rare
gene mutations to this phenotype.

Given the high success rate, strong consideration should
be given to using exome sequencing as a first-line diagnostic
test in OGID. Height and head circumference can be
easily measured and intellectual disability is readily diag-
nosable. Therefore, implementation of exome sequencing
in OGID should be straightforward. Gene testing would
provide important diagnostic and recurrence risk infor-
mation to many families. Furthermore, it would increase
genotype-phenotype data, which are urgently required
to improve prognostic information. Of equal importance,
exome sequencing in OGID would lead to the identification
of new genes and new mutations in known genes. In
turn, this will stimulate and facilitate scientific research,
enhancing knowledge of basic biological processes control-
ling growth and the diverse pathologies in which human
growth control is dysfunctional.
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Supplemental Data

Supplemental Data include one figure, one table, and Supple-
mental Note and can be found with this article online at http://
dx.doi.org/10.1016/j.ajhg.2017.03.010.
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Whole-Exome Sequencing Identifies Loci Associated with
Blood Cell Traits and Reveals a Role for Alternative
GFI1B Splice Variants in Human Hematopoiesis
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Circulating blood cell counts and indices are important indicators of hematopoietic function and a number of clinical parameters, such
as blood oxygen-carrying capacity, inflammation, and hemostasis. By performing whole-exome sequence association analyses of hema-
tologic quantitative traits in 15,459 community-dwelling individuals, followed by in silico replication in up to 52,024 independent sam-
ples, we identified two previously undescribed coding variants associated with lower platelet count: a common missense variant in CPS1
(rs1047891, MAF = 0.33, discovery + replication p = 6.38 x 10719 and a rare synonymous variant in GFI1B (rs150813342, MAF = 0.009,
discovery + replication p = 1.79 x 107?7). By performing CRISPR/Cas9 genome editing in hematopoietic cell lines and follow-up tar-
geted knockdown experiments in primary human hematopoietic stem and progenitor cells, we demonstrate an alternative splicing
mechanism by which the GFI1B rs150813342 variant suppresses formation of a GFI1B isoform that preferentially promotes megakaryo-
cyte differentiation and platelet production. These results demonstrate how unbiased studies of natural variation in blood cell traits can
provide insight into the regulation of human hematopoiesis.

Human genetic studies have provided important insights
into hematopoiesis. Genome-wide association studies
(GWASs) performed in large, population-based samples
have identified associations of genomic regions and com-
mon genetic (usually non-coding) variants with inter-indi-
vidual differences in blood cell traits'~*, though the causal
DNA variants and their functional mechanisms often
remain elusive. Whole-exome and targeted sequencing
approaches have been used to identify rare, sometimes pri-
vate, loss (or gain)-of-function coding variants segregating
within families with hematologic traits at the extremes of
the phenotypic distribution®'?. As of yet, whole-exome
sequencing has not been applied to large population-based
cohorts well-phenotyped for hematologic traits to identify
rare, functional variation with moderate-to-large pheno-
typic effects and to provide new biologic insight.

To this end, we performed exome sequencing in 15,459
unrelated European ancestry (EU) and African American
(AA) individuals enrolled in six population-based cohort
studies (see Supplemental Note). Replication of significant

findings was performed in up to 52,024 additional samples
via a combination of whole-exome-based or genome-based
sequencing, genotyping, and imputation (Supplemental
Note). Our a priori hypothesis was that systematic evalua-
tion of coding variation detected by exome sequence
analysis in samples unselected for blood cell traits would
identify low-frequency variants influencing hematologic
traits and could provide functional insights into hemato-
poiesis. We analyzed platelet count and 12 other blood
cell traits (Table S1). The means of the traits were as ex-
pected in a sample of unselected healthy individuals
from the population (Table S1). Association results from
single-variant and from gene-based burden and sequence
kernel association tests (SKATs) meeting our a priori signif-
icance thresholds in either EU, AA, or trans-ethnic discov-
ery meta-analyses are summarized for both previously
known and novel (which we define as those not reported in
the available literature) loci in Table 1 and Tables S2-S5 and
described further in the Supplemental Note. Lambda
values showed no significant inflation (Table S6).
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Four gene-based associations were discovered for red
blood cell (RBC) traits (ACTN4, MMACHC, MYOM2, and
MRPL43). Trans-ethnic discovery meta-analyses are sum-
marized for both previously identified loci, which we verify
in this study, and previously unreported loci. A summary
of these findings, and driving variants, are provided in
the Supplemental Note and Table S3. None of these gene-
based SKAT or burden findings could be replicated in inde-
pendent samples. Nonetheless, a few of the individual rare
variants driving the gene-based associations in the discov-
ery sample showed suggestive evidence of association in
the replication sample (Supplemental Note and Table S3).

Among the three single-variant associations we identified
(Table 1), two coding variants were associated with lower
platelet count in our discovery sample: CPS1 1s1047891, a
common missense variant encoding p.Thr1412Asn (EU +
AA minor-allele frequency [MAF] = 0.33, EU + AA p =
5.7 x 107®) and GFIIB rs150813342, a rare synonymous
variant encoding p.Phel92 and located in alternatively
spliced exon 5 (EU MAF = 0.009, EU p= 4.7 x 108, EU +
AA MAF = 0.008, EU + AA p = 2.64 x 10~®). One single-
nucleotide variant (SNV) result (rs9656446; EU + AA
MAF = 0.03, EU + AAp = 1.48 x 10~ 7) associated with baso-
phils in trans-ethnic analyses was in the ATP/GTP binding
protein-like 3 (AGBL3) gene. However, the allele frequencies
in the discovery sample differed by ethnicity (EU MAF =
0.001 and AA MAF = 0.08), and replication in samples of
EU ethnicity from the UK10K project was not significant
(EU p = 0.71). In our combined replication sample, we
replicated the associations of CPSI rs1047891 (EU + AA

MAF = 0.328, EU + AA p = 1.02 x 10~* and GFIIB
15150813342 (EU + AAp = 5.71 x 10~ 2") with lower platelet
counts. In the combined discovery and replication samples,
the p values for CPS1 rs1047891 and GFIIB rs150813342
were 6.38 x 107 '°and 1.79 x 10?7, respectively. A Manhat-
tan plot for single-variant associations with platelet count
and quantile-quantile (Q-Q) plots are shown in Figures S1-
S3. Forest plots of the discovery cohorts for the two repli-
cated findings (GFI1B rs150813342 and CPS1 rs1047891)
are provided in Figures S4 and S5, as well as regional
plots calculating linkage disequilibrium of SNVs in the
gene with respect to index SNVs (Figures S6 and S7).
AGBL3 is a metallocarboxypeptidase involved in process-
ing tubulins of the blood cell cytoskeleton. CPSI encodes
carbamoyl-phosphate synthase 1, a mitochondrial enzyme
involved in the urea cycle. The CPS1 variant (or its LD prox-
ies) has been associated with various cardiometabolic
traits, including high-density lipoprotein (HDL) choles-
terol, homocysteine, fibrinogen, serum metabolite levels,
and kidney function.'*"'” GFI1B is a known transcriptional
repressor and a key regulator of platelet and red blood cell
development. There was no evidence that either CPSI
151047891 or GFI1B rs150813342 were significantly associ-
ated with other hematologic traits assessed in the discovery
sample (Tables S7A and S7B). Moreover, neither GFI1B
1s150813342 nor CPSI rs1047891 was associated with
mean platelet volume, platelet aggregation, or expression
of platelet surface markers, though these analyses were
limited to much smaller numbers of individuals (Supple-
mental Note, Tables S8 and S10). However, a decrease in
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Discovery N
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Replication
Z Score®
-9.40
-3.89

—0.05 (0.13)

Discovery Beta
Coefficient (SE)
—-0.402 (0.07)
—-0.07 (0.013)
0.271 (0.051)

Replication

MAF

0.007
0.313
0.002

Discovery

MAF
0.008
0.328
0.031¢

Replication
p Value
5.71 x 1072
1.02 x 107*
0.71

Discovery
p Value
2.64 x 10°°
5.73 x 1078
1.48 x 1077

chr9: 135864513, 15150813342,

synonymous
chr7: 134717656, 159656446,

chr2: 211540507, 151047891,
synonymous

SNP Chromosome Position,
rs Number, and Function
missense

GFI1B
CPS1
AGBL3

Single-Variant Association Findings
Gene

Discovery
Ethnicity
EU + AA
EU + AA
EU + AA

Z score is reported from N-weighted replication meta-analyses, where more than one replication cohort was available; otherwise, beta coefficient and SE are reported.

PUK10K project samples and imputed EU, Cardiovascular Health Study (CHS), and Atherosclerosis Risk in Communities (ARIC) study samples.

‘EU MAF = 0.001; AA MAF = 0.078; EU + AA MAF = 0.031.

AA, African American individuals; BASO, basophil count; EU, European ancestry individuals; MAF, minor-allele frequency; PLT, platelet count.
4UK10K project samples and imputed EU samples.

Table 1.
Trait
PLT

PLT
BASO

the median fluorescence intensity of large, platelet-marker
positive (CD417CD61") events'® was detected by flow cy-
tometry in GFI1B variant carriers even after adjustment
for circulating platelet count (p < 0.0001), which could
reflect a decrease in circulating platelet aggregates or a skew-
ing of a platelet subpopulation with regards to platelet-sur-
face-marker expression or size (see Supplemental Note).

We conducted bioinformatic and functional analyses to
understand the impact of the GFI1B exon 5 synonymous
variant and the CPS1 rs1047891 variant (p.Thr1412Asn)
on gene and protein function. The CPSI p.Thr1412Asn
amino acid substitution is predicted to be benign and toler-
ated by SIFT and PolyPhen. Moreover, according to the
GTEx Portal database, there is no evidence of an expression
quantitative trait loci (eQTL) effect for rs1047891. None-
theless, the CPS1 p.Thr1412Asn missense substitution
is located within a region critical for N-acetyl-glutamate
binding and has been reported to result in 20%-30% higher
enzymatic activity'® and to influence vascular function.'s

We initially assessed the association of 1s150813342 with
GFI1B expression by using Affymetrix GeneChip Human
Exon 1.0 ST Array data on whole-blood RNA available from
881 Framingham Heart Study participants.? There was no
evidence for association of the rs150813342 genotype with
expression of any GFI1B exon, though statistical power is
likely limited by the low frequency of the rs150813342
variant allele, which was present in only 7 of the 881 individ-
uals. According to SPANR,?! rs150813342 had a predicted
effect on splicing (difference in the percentage of transcripts
with the exon spliced in [dPSI] score of —4.6). 15150813342
was predicted to disrupt a putative exon splicing enhancer
(ESE) in exon S that contains a consensus SRSF1 binding
motif.>? To functionally evaluate the impact of this variant
on GFI1B transcript splicing in a relevant cell type, we used
CRISPR/Cas9 genome editing to create multiple indepen-
dent isogenic K562 hematopoietic cell lines harboring the
GFI1B synonymous single-nucleotide change (Figure 1A).
These cell lines were homozygous for the variant and ex-
hibited inclusion of less than 30% of exon 5 relative to other
surrounding exons in the GFI1B mRNA (Figure 1B). Semi-
quantitative RT-PCR showed that the presence of the
synonymous variant resulted in reduced formation of the
GFI1B isoform containing exon 5 (herein referred to as
thelongisoform), as well as preferential formation of the iso-
form lacking exon 5 (herein referred to as the short isoform)
(Figures 1C and 1D). No other isoforms or intron inclusion
events were detected (Figure 1C, Figure S8).

Although GFIIB has been implicated in both RBC and
platelet production (erythropoiesis and megakaryopoiesis,
respectively),”*° only a role for the short isoform in
erythroid cells has been suggested previously.?® We next
assessed the effect of the altered splicing of GFI1B on line-
age-specific hematopoietic differentiation. We chemically
induced differentiation of the isogenic K562 cell lines
with either hemin (to promote erythroid differentiation)
or phorbol 12-myristate 13-acetate (PMA, to promote mega-
karyocytic differentiation) (Figure 2A). Although erythroid
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Figure 1. The Variant rs150813342 Re-
sults in Reduced Formation of the Long
GFI1B Isoform and Preferential Formation
of the Short Isoform

(A) Chromatograms of the sequence sur-
rounding the altered nucleotide in GFI1B
exon 5 showing the wild-type (WT) se-
quence and sequences of isogenic hemato-
poietic K562 cell mutant clones (Mut 1,
Mut 2, and Mut 3) harboring the C>T sin-
gle-nucleotide variant (SNV) generated via
CRISPR/Cas9 mediated homologous repair.
(B) qRT-PCR of GFIIB exons 4, 5, and 6
measured from isogenic control (Cont)
and mutant K562 cell clones showing
inclusion of less than 30% of GFI1B exon
5 relative to the surrounding exons in
GFI1B mRNA from mutant clones (n = 3
per group). Error bars show SD.

(C) Semi-quantitative RT-PCR with GFI1B
exon 4 forward and exon 6 reverse primers
with progressively increasing cycle numbers
(26, 28, and 30 cycles) demonstrates reduced
formation of the long GFII1B isoform and
preferential formation of the short isoform,
as well as no other intermediate isoforms
in the clones harboring the SNV.

(D) 15150813342 is predicted to disrupta pu-
tative exon splicing enhancer (ESE) in exon
5 that contains a consensus SRSF1 binding
motif. Disruption of this binding motif
results in reduced inclusion of exon 5 and
preferential formation of the short isoform.
The promotion of alternative splicing by
SRSF1 through the spliceosome complex is
indicated by an arrow to a light blue circle.
Forward (F) and reverse (R) PCR primers of
the respective exon are indicated.

differentiation  appeared  severely
impaired; the cells retained an imma-
ture blast-like morphology and failed
to upregulate the surface marker of
megakaryocyte differentiation, CD41a
(encoded by ITGA2B), and mRNAs
whose expression is characteristic of
terminal megakaryopoiesis (Figures
2B-2D, Figure S9). The megakaryocyte
genes PPBP, SELP, and PF4 were down-
regulated by an average of 8.6-, 6.7-,
and 41.1-fold, respectively, in the
isogenic clones (p = 0.0001, 0.0013,
and 0.0459, respectively) versus in the
controls (Figure 2D). These results sug-
gest that the long isoform of GFI1B is
necessary for normal megakaryocyte
differentiation.

To confirm a preferential role for
this long GFI1B isoform in megakar-

differentiation appeared to proceed normally, as assessed yocyte differentiation, we identified two independent
morphologically (Figure 2B), and with expression of the short hairpin RNAs (shRNAs) that specifically targeted
surface marker GYPA (CD235a) (Figure 2C) and ter- GFI1B exon 5, which would thereby selectively downregu-
minal erythroid marker genes (Figure 2D), megakaryocyte late the long but not the short isoform. We utilized
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Figure 2. Impaired Megakaryopoiesis
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lentiviral-mediated shRNA delivery in primary human
adult mobilized peripheral-blood hematopoietic stem
and progenitor cells (HSPCs), which are capable of differ-
entiation toward the erythroid and megakaryocyte line-
ages under appropriate culture conditions.?” We observed
a knockdown efficiency of the GFIIB long isoform by
~50% for both shRNAs, whereas the short isoform levels
increased conversely (Figures 3A and 3B), which resulted
in a 1.5- to 1.8-fold reduction in the formation of
CD41a™ megakaryocytic cells (relative to lineage-marker
negative cells) in HSPCs undergoing differentiation
(Figure 3C). In contrast, CD235a™ erythroid cells appeared
to be present in comparable percentages and numbers
(Figure 3C). Moreover, whereas numerous morphologi-

Megakaryocyte Genes

¢
O
&

Il Control clones
I Mutantclones

mutant clones, whereas the erythroid dif-
ferentiation appears unaffected.

(C) Representative flow cytometry anal-
ysis of the megakaryocyte marker CD41a
and the erythroid marker CD235a further
confirmed the impaired megakaryopoiesis
and the retained erythropoiesis as shown
by the histogram plots with the mean
fluorescence intensity (MFI) for each
marker in unstained cells, control, and
mutant clones, respectively.

(D) Gene expression analysis by qRT-PCR
of the megakaryocyte markers PPBP, SELP,
and PF4 after 72 hr of PMA-induced differ-
entiation and of the erythroid markers

Q % ALAS2, RHCE, and KEL after 24 hr of
& <

hemin-induced differentiation (n = 3 per
group). Error bars show SD.

Erythroid Genes

cally mature erythroblasts could be
readily visualized in both groups,
fewer mature megakaryocytic cells
were seen with knockdown of the
long isoform than in the controls
(Figure 3D, Figure S10). Overall cell
& growth appeared comparable be-
tween the knockdown and control
cells (Figure S10). These findings are
in line with our exome-sequence
association findings, in which no
significant effect was seen on circu-

lating RBC levels.
GFI1B private, loss-of-function mutations (nonsense,
frameshift) in the DNA-binding fifth and sixth zinc (Zn)-
finger domains have recently been identified in families
with an autosomal-dominant form of Gray Platelet syn-
drome (GPS) or related forms of thrombocytopenia, which
are characterized by dysmegakaryopoiesis, thrombocyto-
penia, large platelets, and platelet o-granule deficiency
(MIM: 187900)%*%°, The truncating GFI1B mutations re-
ported in GPS appear to have a dominant-negative effect
and inhibit transcriptional activity of the GFIIB wild-
type form. Our population study extends the allelic spec-
trum of naturally occurring GFI1B coding sequence vari-
ants associated with a lower circulating platelet count to
include a more frequent, synonymous change that alters

The American Journal of Human Genetics 99, 481-488, August 4, 2016 485



c Exon 4
A £ 0.044 c
173
£ 0.031 sh1 sh2
X
W 0.021 ;
2 11.04 10.87
£ 0.014 = :
£ ol g 1
shLuc sh1 sh2 =
S ©
3 0.044 Exon 5 b
)
£ 0.031 o
& 0,02
g CD235a (Ery.)
£ 0.014
g o
c shLuc sh1 sh2
@ 005 Exon 6 D shLuc sh1 sh2
[}
g 0.04 2 h IR :
@ 0.03 & .,
2 002 Ery. ﬂoﬂﬁ QQ.‘ -
< 0.01 .
T 0
shLuc sh1 sh2
B
— — f— | e — <«—Long Meg-
[~—smgn = = g —Long
shLuc sh1 sh2

Figure 3. The Long GFI1B Isoform is Critical for Megakaryopoiesis in a Human Primary Cell Model

(A) qRT-PCR of GFI1B exons 4, 5, and 6 on day 4 after infection showing the identification of two short hairpin RNAs (shRNAs) that
specifically target GFI1B exon 5 and thereby selectively downregulate the long isoform by ~50%, but not the short isoform (n = 3
per group). Error bars show SD.

(B) Semi-quantitative RT-PCR with GFI1B exon 4 forward and exon 6 reverse primers with progressively increasing cycle numbers (26, 28,
and 30 cycles) demonstrates reduced formation of the long GFI1B isoform and increased formation of the short isoform, as well as no
other intermediate isoforms in cells with targeted knockdown of GFI1B exon S.

(C) Representative flow cytometry analysis of thrombopoietin (TPO)- and erythropoietin (EPO)-stimulated primary human hematopoi-
etic stem and progenitor cells on day 11 of differentiation with assessment of CD41a™ megakaryocytic (Meg) cells and CD235a™
erythroid (Ery) cells.

(D) Representative May-Griinwald-Giemsa-stained cytospin images of megakaryocytic cells (from day 7 of differentiation) and erythroid
cells (from day 13 of differentiation) showing immature megakaryocyte morphology in cells with knockdown of the long GFI1B isoform,

in comparison with the control. In contrast, maturation of erythroblasts appears unaffected.

an exonic splicing enhancer, resulting in the skipping of
exon 5, containing the first and second Zn-finger domains.
Heterozygous carriers of the synonymous exon 5 variant in
GFI1B have an average platelet count that is reduced
by 25,000 to 30,000 platelets per microliter, which
would be a clinically detectable effect. We also provide
additional support for distinct roles of GFI1B long- and
short-isoforms, which are differentially expressed at
various stages of differentiation during normal hemato-
poiesis.?*3° The long GFI1B isoform is expressed in
HSPCs and lineage-committed myeloid, erythroid, and
megakaryocytic progenitors. The abnormalities in mega-
karyocyte maturation with reduced formation of the
GFI1B long isoform in the isogenic K562 cell clones con-
taining the rs150813342 variant and in primary HSPCs
with targeted suppression of the long isoform are consis-
tent with an essential role for the GFI1B long isoform
in megakaryopoiesis and platelet production. This
finding is also congruent with prior work showing that
the GFI1B short isoform is required for erythropoiesis>®
and provides insight into how these different
splice variants function in distinct aspects of human
hematopoiesis.

In summary, whole-exome sequence association analysis
performed in over 15,000 samples discovered SNVs associ-
ated with a lower platelet count in community-dwelling in-
dividuals, including a common variant in CPS1 and a rare,
synonymous variant in GFI1B. Follow-up genome editing
and targeted knockdown experiments identified a mecha-
nism by which alternative splicing associated with the
GFI1B rs150813342 variant allele suppresses formation of
a specific GFI1B long isoform that is required for line-
age-specific megakaryocyte differentiation, while being
dispensable for erythropoiesis. Functional studies coupled
with an association finding demonstrated a previously un-
appreciated splicing-based mechanism for lineage-specific
blood cell production, providing important insights into
human hematopoiesis. Genes regulated by the long GFI1B
isoform could provide additional understanding of down-
stream transcriptional events and molecular pathways
required for megakaryocyte specification and platelet pro-
duction. These findings hold promise for the development
of therapeutics for altering platelet count without adverse
effects on other blood lineages. Further characterization of
therole of GFI1B isoforms could have clinical or therapeutic
implications for disorders of platelet and other blood cell
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production or function, as well as for the prospect of
improving the manufacture of ex vivo cell therapies.?!~*3
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tables, and Supplemental Acknowledgments and can be found
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from the NHLBI Exome Sequencing Project
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Massively parallel whole-genome sequencing (WGS) data have ushered in a new era in human genetics. These data are now being used to
understand the role of rare variants in complex traits and to advance the goals of precision medicine. The technological and computing
advances that have enabled us to generate WGS data on thousands of individuals have also outpaced our ability to perform analyses in
scientifically and statistically rigorous and thoughtful ways. The past several years have witnessed the application of whole-exome
sequencing (WES) to complex traits and diseases. From our analysis of NHLBI Exome Sequencing Project (ESP) data, not only have a
number of important disease and complex trait association findings emerged, but our collective experience offers some valuable lessons
for WGS initiatives. These include caveats associated with generating automated pipelines for quality control and analysis of rare var-
iants; the importance of studying minority populations; sample size requirements and efficient study designs for identifying rare-variant
associations; and the significance of incidental findings in population-based genetic research. With the ESP as an example, we offer guid-

ance and a framework on how to conduct a large-scale association study in the era of WGS.

Introduction

Early in 2015, President Obama used his State of the Union
address to champion the pursuit of “precision medicine,”
i.e., utilizing genetic and molecular techniques to individ-
ually tailor treatments and preventive measures for
chronic diseases. The head of the US NIH and National
Cancer Institute swiftly followed suit, describing the
over-arching goals and plans for the Precision Medicine
Initiative (PMI)," which may eventually include whole-
genome sequencing of a longitudinal cohort of 1 million
or more Americans. To support the PMI at the National
Heart, Lung, and Blood Institute (NHLBI), the Trans-Omics
for Precision Medicine Program (TOPMed) will use WGS
data along with molecular, environmental, and clinical
data to investigate the etiology of heart, lung, blood, and
sleep disorders. As the PMI and TOPMed programs are
launched, many tens of thousands of whole-genome
sequences will be generated, providing researchers with
access to genetic data on a scale of unprecedented size
and complexity.

Our ability to thoughtfully analyze and interpret large-
scale WGS data will be a significant scientific and computa-
tional challenge. However, there are a number of recently
completed, large-scale, population-based sequencing studies
that offer empirical guidance. One such study, the NHLBI

Exome Sequencing Project (ESP), was launched in 2009.
Funded through the American Reinvestment and Recovery
Act (ARRA), the ESP was conceived to identify rare, puta-
tively functional, protein-coding variants associated with
heart-, lung-, and blood-related diseases and traits. The ESP
generated high read depth data on both European Ameri-
cans (EAs) and African Americans (AAs) and was used to
study genetic associations with more than 70 traits. Many
of the analytic and logistical challenges we encountered in
ESP provide a useful starting point for thinking about WGS
studies. Here we describe the major findings and methodo-
logical advances from the ESP and the implications they
have for the design and analysis of future large-scale
sequencing projects.

Material and Methods

Study Design

The original design of the ESP was focused on several phenotypes of
high public health significance, as defined by the NHLBI Strategic
Plan. Given the cost of deep sequencing at that time, only modest
samples sizes were affordable. To enhance statistical power and
enrich for variants with strong effects, the ESP employed two selec-
tion strategies for many of the subsets: sampling the extremes of
quantitative traits and selection of individuals with early age at onset
of disease. Several large population-based cohort and case-control
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Exome Data Quality Control

Association Analysis

Single Variant Analysis
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» e.g.synonymous, missense, etc.

Figure 1.

Rare Variant Burden Analysis
» CMC, VT & SKAT analysis of variants in gene region
» i.e. missense, nonsense, splice site

Schematic of the Work Flow for Sample Selection and Data Analysis in ESP

Primary traits were selected from large, population-based studies with widely available data on secondary traits. Both European and
African American samples were selected for sequencing. Association analyses were conducted using both genes and single variants as

units of analysis.

studies (comprising >220,000 individuals) with detailed phenotype
information and available DNA were used to select the 7,034 individ-
uals (4,405 EAs, 2,954 AAs, and 35 of other ancestry) in the ESP
(Figure 1).

Primary clinical disease-related phenotypes included acute lung
injury (ALI), asthma (MIM: 600807), chronic obstructive pulmo-
nary disease (COPD [MIM: 606963]), early-onset myocardial infarc-
tion (EOMI [MIM: 608446]), ischemic stroke (MIM: 601367),
type 2 diabetes (T2D [MIM: 125853]) with obesity as a co-morbidity,
and pulmonary arterial hypertension-systemic sclerosis (PAH-ssa
[MIM: 178600]). Several quantitative cardiovascular risk factors
were studied in ESP, including blood pressure (BP), body mass index
(BMI), and low-density lipoprotein (LDL), by selecting individuals
with either extremely high or low trait values. In addition to the 12
primary traits, many of the ESP participants had data on up to 59
secondary phenotypes, including 48 quantitative biochemical,
anthropometric, and subclinical measures of cardiovascular, blood,
lung, and kidney disease/function. Detailed descriptions of the
sample selection criteria, phenotype definitions, and contributing
studies can be found in the Supplemental Data. All participants
provided informed consent and the study was approved by the
Institutional Review Board of each participating study.

Data Generation and Quality Control

The ESP generated exome-sequence data on 7,034 individuals that
had been previously recruited through several large, NHLBI-
funded cohort studies and deeply phenotyped on traits of public

health importance. After rigorous quality control (QC), data
were available on 4,392 EAs and 2,307 AAs. Exome sequencing
of the DNA samples was performed at the Broad Institute of
Harvard and MIT (n = 3,199) and the University of Washington
(n = 3,893). Sequencing was performed to an average read depth
of ~90x. Reads were aligned to the human reference sequence
(hg19) using the Burrows-Wheeler Alignment tool (BWA?) and
the resulting binary alignment map (BAM)? files were used to
call single-nucleotide variants (SNVs) across all samples, i.e.,
multi-sample calling.

Although we report a 90 x mean read-depth, coverage is very un-
balanced across the exome and our goal was to obtain at least a
20x read depth for 80% of the exome. As illustrated in
Figure S2, there are many regions with low read depth (e.g.,
<10). Variant sites in these regions would not be accurately geno-
typed without multi-sample calling. Additionally, multi-sample
calling has clear advantages over single-sample calling for variant
filtering and for creating a “squared off” call-set where genotypes
are called at the same variant sites across all individuals. For these
reasons, future uses of the ESP data that seek to combine with
other datasets for association testing should consider re-analyzing
the BAM files with multi-sample calling.

To identify potentially false-positive variant sites, a support
vector machine classifier was used to separate likely true-positive
from false-positive variant sites.* Sites deemed false positive were
excluded from further analyses.

Multidimensional scaling (MDS) was performed in order to vali-
date self-reported EA and AA ancestry.> Exomes were screened for

792 The American Journal of Human Genetics 99, 791-801, October 6, 2016



cryptic relatedness and sample duplicates using KING software.®
Both cryptic and intentionally related and duplicate samples
were uncovered; duplicate samples (n = 52) were included as
part of the QC process. We found that including intentionally
duplicated samples significantly helped us calibrate our QC pro-
cedures, although intentional duplicates represent a minimum
marginal additional cost (0.74%).

QC that is too stringent can lead to a loss of power if causal var-
iants are removed. On the other hand, inclusion of an excess of
false-positive variant sites or incorrect genotypes can increase
type I errors as well as reduce power. With this in mind, we sought
to maximize the concordance rates of known duplicate samples
and transition-transversion ratios while minimizing the amount
of data removed during QC. As with the generation and analysis
of genotype array data,” implementation of standardized proto-
cols for the generation and QC of sequence data will be important
for future studies.

A complete description of the exome-sequencing and variant
calling protocols has been described in detail in the Supplemen-
tary Methods of Fu et al.® Details of the variant and sample-level
quality control that were implemented in ESP are comprehen-
sively described in Crosby et al.’ The final, cleaned dataset that
was used for association analysis is referred to as the ESP6800.

Phenotype QC

We removed duplicate pairs and first- to third-degree relative pairs
by retaining only the sample with the higher call rate. For each
phenotype, we removed gross outliers by visual inspection and
implausible values (e.g., BMI > 90). We also winsorised trait values
to the 0.05% and 99.5%, i.e., trait values greater than the 99.5
quantile or less than the 0.005 quantile were truncated to the
99.5 and 0.005 quantiles, respectively. If necessary, quantitative
traits were log-transformed for normality without winsorization.
On the final set of samples that were used in the association anal-
ysis, we ran principal-component analyses, stratified by genetic
ancestry. This was done using the MDS option in PLINK.®

Covariates

For each trait we used a model selection procedure to select cova-
riates to be included in the association tests. All regressions
included the first two ancestry-specific principal components.
Other possible covariates were selected from the following list:
age, agez, sex, BMI, smoking, and an indicator variable represent-
ing the capture-array and primary phenotype group for each
sample.

Variant-Level Association Testing

We ran per-variant analyses to assess whether any individual var-
iants were associated with an increase or decrease in the quantita-
tive trait (or an increase or decrease in the odds for qualitative
traits). Within each genetic ancestry group and for each di-allelic
variant with at least 10 observed minor alleles in at least 30 sam-
ples, we tested for association between genotype and phenotype
with a linear regression model. p values were obtained empirically
with an adaptive permutation procedure. For computational effi-
ciency, we also ran linear regression for the qualitative traits.
Because our p values were obtained empirically, the tests were
still statistically valid.'” In the autosome, we assumed an additive
genetic model as described above. On the X chromosome, we
assumed a dominance model in order to have consistent results
across both males and females.

Results were meta-analyzed across genetic ancestries if there
were at least 10 minor alleles and at least 30 observations present
in both ancestry groups. For quantitative traits, meta-analysis
was performed using the inverse-variance weighted technique;
for qualitative traits, meta-analysis was performed using the sam-
ple-size weighted technique.'’

Gene-Level Association Testing

We ran three different types of gene-level tests: Combined Multi-
variate Collapsing (CMC),'? Variable Threshold (VT),'° and
Sequence Kernel Association Test (SKAT).'* Only missense,
nonsense, and splice-variants were considered for inclusion in
the gene-level tests. We annotated the variants using the Seattle-
Seq annotation server v.134, with the hg19 build of the human
reference genome and the NCBI full genes (NM, XM) gene model
option.

We noticed that missing genotype data can cause aggregate tests
to have increased type I and type II errors. We therefore removed
those variant sites missing greater than 10% of their data and
imputed missing genotypes to the mean value.'*

In general, aggregate rare variant association tests suffer from a
loss of power when non-causal variants are included in the unit
of analysis. For this reason, we a priori excluded synonymous var-
iants, even though a fraction of them may be causal.'® Although
there are a number of tools available for predicting the impact of
nonsynonymous variants (e.g., PolyPhen-2'¢ and CADD'’), there
are no gold standard approaches; thus, we chose not to include
these predictions in our rare variant association testing pipeline.

For the CMC tests, we considered only variants with a within
ancestry minor allele frequency < 0.01 that was calculated from
the entire ESP6800 call-set. Furthermore, we considered only
genes for which the cumulative MAF > 0.005. p values were
obtained empirically with an adaptive permutation procedure.
p values were meta-analyzed across ancestries if the cumulative
MAF > 0.005 in both genetic ancestry groups. Meta-analysis was
performed using the sample-size weighted technique.

For the VT tests, we considered only variants with a within
ancestry minor allele frequency < 0.05 that was calculated from
the entire ESP6800 call-set. For the VT, we considered only genes
for which the cumulative MAF > 0.005 at the MAF cutoff that
attained the maximum test statistic. p values were meta-analyzed
across ancestries if the cumulative MAF > 0.005 in both genetic
ancestry groups. Meta-analysis was performed using the sample-
size weighted technique.

For the SKAT tests, we considered only variants with a within
ancestry minor allele frequency < 0.05 that was calculated from
the entire ESP6800 call-set. p values were meta-analyzed across
ancestries if the cumulative MAF > 0.005 in both genetic ancestry
groups. Meta-analysis was performed using Fisher’s Product
Method. All association testing was conducted using the Variant
Association Tools software.'®

Imputation

In addition to the direct analyses of the exome-sequence data, ESP
investigators utilized imputation in additional samples that were
derived from some of the same parent NHLBI cohorts, who were
genotyped (but not sequenced). Genotype imputation (in silico
genotyping) is a statistical technique for predicting genotypes at
variants that are not directly measured.’® Genotype imputation
utilizes a set of reference samples that have been densely geno-
typed to identify segments of haplotypes that are shared with
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Figure 2. Coding Variants Observed in the NHLBI-ESP

(A) The average number of missense, synonymous, nonsense, and splice site variants per study subject for 2,307 African Americans and
4,392 European Americans and all study subjects (n = 6,699) for the intersect of all four targets. The vertical lines display the smallest and
largest number of variants of each type observed per person.

(B) The number of missense, synonymous, nonsense, and splice sites observed for NHLBI-ESP (n = 6,699) study subjects. Represented in
each pie chart is the number of singletons, doubletons, and variant sites with an MAF of <1%, >1%-5%, and >5%.

(C) The average number of unique missense, synonymous, nonsense, and splice site variants per individual. The variants are not only
exclusive to the NHLB-ESP but also are not observed in either dbSNP or 1000 Genomes.

(D) Comparison of the number of coding variant sites observed in AAs and EAs. The number of missense, synonymous, nonsense, and
splice site variants that are unique to each population are observed in both populations and have a MAF of >1%. The numbers displayed
are exclusive to one category. In order to fairly compare the number of variant sites in African Americans and European Americans, equal

numbers of African Americans (n = 2,312) and European Americans (n = 2,312) were studied.

the study or “target” population. Prior to ESP, 1,692 AAs and 471
EAs from ESP had been genotyped on the Affymetrix 6.0 array.
Using these 4,336 haplotypes as a reference panel, we imputed
coding variants from the ESP into ~13,000 AA samples with Affy-
metrix 6.0 GWAS data. The imputation was performed in several
stages throughout the course of the project; details of the imputa-
tion at each stage have been previously reported.?*-2

Power Simulations

Using a simplistic model assigning every variant in the exome the
same effect size, we estimated the sample sizes necessary to detect
an association at exome-wide significance. We simulated EA sam-
ples using parameters adapted from recently published demo-
graphic models®* as input to the forward-time simulator Variant
Simulation Tools.>> DNA sequences of ~1.2 million haplotypes
were simulated for all coding regions of CCDS genes on hg19 in
the presence of purifying selection.?® A binary disease with a prev-
alence of 1% was simulated, assuming all rare variants in the gene
have an odds ratio of 1.5. Quantitative traits were simulated simi-
larly, with an effect size of 0.5¢, where ¢ is the standard deviation
of the trait. We evaluated sample size requirements for the CMC
and burden of rare variants (BRV)'* fixed effect tests, as well as
the random effects SKAT method at a significance level of 2.5 x
10~° assuming all rare variants in a gene are causal. A binary search
method was used to obtain empirical sample size estimates for
80% power to detect associations.>”

Results

Most Coding Variation Is Rare and Population Specific

Atotal of 1,788,563 variant sites were observed in ESP, clas-
sified as missense (677,277), synonymous (410,554),
nonsense (16,538), and splice (7,049) coding variant sites
(Figure 2A). Rare (MAF < 1%) variants comprised the ma-
jority within all variant classes: 95.28% missense, 91.11%
synonymous, 98.28% nonsense, and 98.25% splice. The
majority of coding variants were singletons: 59% missense,
51% synonymous, 71% nonsense, and 72% splice
(Figure 2B). Even with a preponderance of singletons, the
average number of unique coding variants per individual
is <100 (Figure 2C). For all classes of coding variant sites,
AAs had, on average, a greater number of variant sites
than EAs (Figure 2D). Although a different allelic architec-
ture was observed for EAs and AAs, there was overlap
of variant sites: synonymous 20.1% (95% CI 19.95%-
20.28%), missense 14.8% (95% CI 14.67%-14.90%),
nonsense 9.7% (CI 9.04%-10.31%), and splice 8.2% (CI
7.33%-9.18%). For variant sites that were exclusive to
one population with a MAF > 1%, a larger proportion
was unique to AAs (missense [p < 2.2 X 10~ '], synony-
mous [p < 2.2 X 107'°], nonsense [p = 7.3 x 10~'°], and
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Figure 3. Triglyceride Rare Variant Association Analysis and Association of Rare Variants in APOC3

(A) QQ plot of the meta-analysis for African Americans and European Americans of rare variant burden analysis of triglyceride levels.
Base 10 -log values of the observed p values are displayed versus their expected values. Rare variant association analysis was performed
separately for African Americans (n = 1,654) and European Americans (n = 2,074) using the CMC analyzing those variant sites with a
MAF < 0.01.

(B) Distribution of triglyceride levels for NHLBI-ESP study subjects and triglyceride levels for individuals with an APOC3 variant. The
quantitative trait distribution of triglycerides after natural log transformation for African Americans and European Americans who
are study subjects in the NHLBI-ESP. For the 27 individuals (8 African American and 19 European American) who are heterozygous
for one of the 7 coding variants (3 splice, 1 stop-gain, and 3 missense), a tick represents their triglyceride levels after natural log
transformation. For each variant site a diamond (red for African Americans and blue for European Americans) represents the average
triglyceride levels for carriers of that variant.

(C) Distribution of triglyceride levels for study subjects from the Women's Health Initiative (WHI) and triglyceride levels for individuals
with an APOC3 variant. The quantitative trait distribution of triglycerides after natural log transformation for African Americans
(n = 1,820) and European Americans (n = 1,643) who are study subjects from the WHI. The DNA samples from the study subjects
were genotyped on the exome chip. Of the seven variants that were observed in NHLBI-ESP, four were represented on the exome chip.

splice [p = 1.5 x 10~°]) compared to those distinct to EAs
(Figure 2D). For variants outside of coding regions, both
the UK10K and 1000 Genomes projects report that most
common genetic variants are shared across the world and
that most rare variants are specific to closely related popu-
lations.?®%°

Non-synonymous coding variants showed evidence of
evolutionary constraint, consistent with purifying selec-
tion of deleterious alleles.*® A modified Out-of-Africa de-
mographic model with accelerated population growth
beginning approximately 5,000 years ago demonstrated
that the observed excess of rare variation is attributable
largely to explosive population growth,*® with 73% of pro-
tein-coding variants in the ESP estimated to have arisen in
the past 5,000-10,000 years.® This increased mutational
load has led to increased allelic and genetic heterogeneity
of traits.® For disease gene mapping, these results suggest
that the complexity we observe in many traits is due, in
part, to recent explosive population growth. The implica-
tions for association testing are clear: most variants are
very rare and testing them individually for association
will be under-powered.

Rare-Variant Associations, Imputation, and
Replication

We did not observe any systematic inflation of significance
from association testing (Figure S1). Ancestry-specific re-

sults were examined individually, as well as meta-analyzed
for both single variant and aggregate rare variant analyses
using a sample-size weighted approach.'! We noticed that
many of our association results were not concordant be-
tween EAs and AAs. Though this may be due to false posi-
tives within each ancestry group, it may also be due to pop-
ulation-specific allelic architectures where the same rare
variants have different effect sizes or simply do not under-
lie complex trait etiology across major ancestry groups.

The design of ESP was structured around identifying rare
variants with large effects. A trade off of this design was
that ESP was under-powered to detect common variant as-
sociations of modest effects. Indeed, for most traits, we did
not identify novel associations for common variants, but
rather replicated many known hits. For instance, coding
variants in APOE (MIM: 107741) and PCSK9 (MIM:
607786) were associated with LDL cholesterol levels.3!
However, we did report a common missense variant in
PDE4DIP (MIM: 608117) that was not in linkage disequi-
librium with any tag SNPs on any commercial GWAS array
and was associated with risk for ischemic stroke.*?

We identified several trait associations where a burden
of rare variants within a gene accounted for the associa-
tion.”31333% Of note, we identified multiple nonsynony-
mous variants in APOC3 (MIM: 107720) associated with
lower triglyceride levels in both EAs and AAs (Figure 3).°
A burden of multiple, rare nonsynonymous variants were
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Figure 4. An Analysis of Statistical Power to Detect Associations across the Exome
(A) Sample sizes necessary to detect associations for a binary trait across the exome.

(B) Sample sizes for a quantitative trait.

Results from the SKAT, CMC, and BRYV rare-variant association tests are shown in blue, green, and red, respectively.

also found in DCTN4 (MIM: 614758) to be associated with
time to first psuedomonas infection in cystic fibrosis (MIM:
219700).3* The extremes of LDL cholesterol were com-
bined with other non-LDL extremes to identify a burden
of rare and low-frequency variants in PNPLAS5 (MIM:
611589) associated with higher LDL cholesterol levels;*!
rare, nonsynonymous variants in LDLR (MIM: 606945)
and APOAS5 (MIM: 606368) were shown to be associated
with risk of early-onset myocardial infarction.*® However,
very few of the ~70 traits analyzed in ESP resulted in
exome-wide significant associations (Figure S1).

In order to replicate significant findings and to follow up
in larger populations those associations that did not attain
exome-wide significance, the ESP contributed to the devel-
opment of the Exomechip, a custom genotyping array of
rare variant content. Specifically, loss-of-function muta-
tions in APOC3 and NPCI1L1 (MIM: 608010) were included
on the Exomechip and facilitated discovery and replica-
tion of associations between these variants and coronary
heart disease.”>>

In addition to the Exomechip, we utilized genotype
imputation to increase sample sizes and enhance our po-
wer to detect associations. We created a custom imputation
reference panel using samples with both ESP and GWAS
data. This reference panel out-performed imputation using
1000 Genomes data as a reference panel®? and led to
the discovery of multiple associations with hematologic
and anthropometric traits.?%!233¢ Of note, none of these
associations were exome-wide significant in the ESP
data alone. Only after augmenting our samples size
through genotype imputation were we able to identify
these associations.

Power to Detect Associations

For the analysis of individual variants, the power to detect
an association is affected by disease prevalence, allele fre-
quency, effect size, sample size, and significance (alpha)
level.*” For example, for a disease with a 1% prevalence,
a sample size of 40,000 case subjects and 40,000 control
subjects is required to have 80% power to detect an associ-
ation with & = 5 x 10® for a variant with MAF = 0.5% and
an odds ratio (OR) = 1.5. In addition to these parameters,
when aggregating rare variants into a larger unit of analysis
(e.g., a gene), association tests are affected by the allelic ar-
chitecture within a gene (the number of variant sites, their
cumulative MAF, the direction and size of their effects, and
the proportion of non-causal variants). Thus, for any given
trait, the power to detect an aggregate rare variant associa-
tion varies across genes.

The power to detect aggregate rare-variant associations
varies considerably across the exome, with most genes
requiring >100,000 samples in order to robustly allow
detection of an association (Figure 4). We detect associa-
tions with 30% of genes using a sample size of 100,000.
Of particular relevance to ESP is that under these idealized
conditions, only 1.25% of genes have sufficient power to
allow detection of association with 10,000 samples.

Our simulations suggest that even when implementing
aggregate rare-variant association methods, even larger
sample sizes than those used in large-scale common-variant
GWASs will be required to detect associations of modest ef-
fects using rare-variant association methods. Due to the dif-
ferences in allelic architecture between AAs and EAs, sample
size calculations for gene-level associations will need to be
distinct between these two major ethnic groups as well.
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In addition to our simulations with aggregate rare-
variant association tests, we sought to quantifiably esti-
mate the additional power obtained from the extreme trait
design compared to random ascertainment. If 10,000 sam-
ples were selected from the extremes of the quantitative
trait values for a cohort of 220,000 individuals, which is
the equivalent size of ESP, an association could be detected
at an exome-wide significance of 2.5 x 10~° using the
aggregate rare-variant association test for ~80% of the
genes in the exome where the effect size is 0.35 o per
each missense, nonsense, and splice site rare variant,
with MAF < 1%. This represents a significant increase in
power compared to analyzing 10,000 randomly ascer-
tained samples, where an association could be detected
for only < 1.0% of genes. We also found that the increase
in power is most significant as the QT threshold goes from
1% to 5%, and for quantitative trait thresholds greater
than 5%, although the sample sizes are larger, the power
gains are marginal (Figure S3). Thus, if the underlying
cohort is large enough to permit extreme sampling beyond
the 5™ and 95™ percentiles in sufficient numbers, and
the focus of the study is on a single quantitative trait,
we recommend an extreme trait sampling design to boost
power for detecting associations.

Discussion

Based on the experiences of the ESP and several similar
recent WES projects, data generation will not represent a
major technical hurdle for future sequencing-based studies
of rare-variant associations. Nonetheless, as throughput
continues to increase with decreasing sequencing costs,
the data-management, variant-calling, QC, and analysis
of these data will continue to pose challenges to the scien-
tific community. Through the efforts of hundreds of inves-
tigators, the ESP helped establish best practices to turn
terabytes of raw sequence data into genetic discoveries
for complex traits and diseases.

There were a number of issues involved in having two
separate sequencing facilities process and sequence the
DNA for this project. The main advantages were competi-
tion and innovation: both sequencing centers were
actively involved in optimizing their capture and
sequencing protocols that led to improvements in
coverage and data quality. However, differences between
centers due to capture re-agents and analysis strategies
created batch effects that we had to control for in the
downstream analyses. Although the use of joint-calling
over all samples mitigated some of these effects, in retro-
spect, the analysis pipeline would have been benefitted
from uniform alignment and processing strategies, e.g.,
use of the same capture array at the two centers. Our expe-
rience highlights the importance of good experimental
design; for instance, balancing case and control subjects
across sequencing centers. In order to control type I and
II errors, our genetic association analysis incorporated

the study design, by including dummy variables to repre-
sent different sequencing centers, capture re-agents, and
the source and ascertainment of samples.

With improvements in capture re-agents and consis-
tency in coverage across the exome, we anticipate that
future WES projects may be able to successfully sequence
at lower depth. Specifically, an average depth per variant
of about 25X appears to be a sweet spot where variant sites
are covered at about the same depth as invariant sites (see
Figure S2). This is slightly less than the recommended read
depth of 30x, which is used for whole-genome sequencing
and which produces substantially more even coverage
than exome sequencing. Indeed, one or our rationale for
choosing 90x read depth was to provide 80% coverage of
the target bases with at least 20x read depth.

As more sequence data continues to be generated,
studies will inevitably encounter a situation similar to
ESP, where most observed variants are rare and population
specific. In order to detect phenotypic associations from
these data, the ESP pioneered several approaches for
increasing statistical power. Samples were drawn from ex-
tremes of continuous traits and early-onset cases of com-
plex diseases, special statistical methods were used to
leverage the extreme trait data, rare variants were aggre-
gated into larger units of analysis (i.e., genes), and through
imputation and genotyping, large sample sizes were uti-
lized for both discovery and replication.

Importantly, the ESP data represent the largest single
collection of AA exomes to date. The AA exomes in the
ESP generated multiple discoveries that would have been
impossible to detect in US populations of European
ancestry.???? Indeed, AAs had on average a greater number
of variant sites than EAs and a larger proportion of rare var-
iants were exclusive to AAs compared to EAs. Although AAs
are traditionally an under-studied population in human
genetics, the ESP showed that the genetic diversity in AA
genomes can be harnessed for uncovering rare-variant as-
sociations. In particular, variants in APOC3 were identified
in both EAs and AAs and were associated with lower tri-
glyceride levels in both ethnicities. Our work with imputa-
tion of the ESP AA sequence data also identified several
variants that were monomorphic in EAs but reached
exome-wide significance in AAs.

The sample selection of ESP presented distinct challenges:
(1) heterogeneity between cohorts introduced noise that
could not be entirely mitigated through phenotype harmo-
nization; and (2) a simpler design focused on fewer traits
with larger sample sizes may have yielded more discoveries.
Nonetheless, our findings from AAs point to a major advan-
tage of a heterogeneous sample of multiple ancestry groups,
focused on a number of different traits. By including data
from large, deeply phenotyped, US cohort studies, we were
able to scan 71 different traits for genetic associations in
two major ancestry groups. And though it complicated our
analyses of both primary and secondary traits, we were
able to sample from the extremes of multiple large cohorts,
providing us with much more extreme trait values than if we
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had sampled from a single cohort. Consequently when re-
sults are based on an extreme sampling design, caution
should be used in generalizing the results to the larger pop-
ulation, because they may be different from the extremes in
systematic and unanticipated ways.

Incidental Findings

Prior to the ESP, no large-scale study had generated suffi-
cient quantities of protein-coding sequence variants to
enable the estimation of the number of medically action-
able genetic variants per individual. Both an initial (based
on 500 EA and AA participants) and a final (based on 6,503
participants) analysis of the ESP data provided robust esti-
mates of the carrier frequency of adults with high-pene-
trance actionable or likely pathogenic variants.*®*° The
ESP data also provided estimates of carrier burden for com-
plex traits such as age-related macular degeneration and
drug response.?’ These studies from ESP demonstrated
the many challenges in variant classification and associa-
tion with heterogeneous human disease burden. Future
sequencing studies will need to grapple with these chal-
lenges as more populations are studied and the data
expand outside of protein-coding regions.

Statistical Considerations with Association Testing
Due to its unprecedented scale and unique study design,
the ESP prompted development of statistical methods
and software to handle both extreme trait sampling and
rare variant association testing. Quantitative trait data
that have been generated by an extreme trait design (as
in the ESP) are not normally distributed and should not
be analyzed with standard methods. Modifications to like-
lihood-based approaches (such as conditional likelihood)
can overcome the inherent bias in such a design.*! Second-
ary traits (traits that were not used as the basis of sample
selection) from an extreme trait design likewise require
special consideration.*?

Using the ESP Data

The ESP data are available to investigators through the NIH
database of genotypes and phenotypes (dbGaP). As a
cautionary note, the ESP variant data should not be used
as convenience controls for rare variant association testing.
Doing so may significantly inflate association signals. If
the ESP data or any other data from sequence-based studies
are to be combined with sequence data from other pro-
jects, we recommend recalling all genotypes from the un-
derlying BAM files using multi-sample calling, in order to
avoid batch effects.

In our analytic pipeline for analyzing the ESP data, we
removed related individuals in order to satisfy the assump-
tion that the observations are independent in our regres-
sion framework. This required removal of only a few
individuals and at the time, family-based methods for
rare-variant association analysis using linear mixed models
were not available. The advantages of mixed models are
that all individuals can be retained in the analysis, and

type Iinflations due to either relatedness or cryptic related-
ness are avoided.

Implications for Future Studies

As new resources emerge (e.g., data from the Encyclopedia
of DNA Elements [ENCODE] and Roadmap projects) for in-
terpreting DNA variation outside of coding regions, and as
sequencing costs continue to decline,** sequencing-based
studies will not be limited to the exome. However, the
exome offers a natural unit of analysis (i.e., a gene) for aggre-
gate rare-variant association methods. Itis unclear how best
to aggregate association signals outside of coding regions.
Will the genetic effects in enhancers, promoters, and other
elements related to gene regulation be detectable by the
same methods that were used for the exome? For future
WGS studies to uncover aggregate signals outside of coding
regions, methods development in this area will be crucial.
In addition, many of the known loci that underlie complex
diseases are located in regulatory elements outside of coding
regions.** Our experiences in the ESP confirm that for many
traits and diseases, collaboration with other sequencing
consortia (e.g., CHARGE, T2DGENES) will be necessary to
accumulate the tens of thousands of samples required
to detect associations with low-frequency and rare vari-
ants.?®*% Imputation will also play an important role in
future studies. The advantages of using a study-specific
ESP reference panel for imputing rare variants appear to
generalize to the whole genome.*®*” With larger reference
panels for imputation such as from the Haplotype Refer-
ence Consortium (HRC),*® the ability to impute rare vari-
ants across the genome with higher accuracy will continue
to improve; current estimates suggest the HRC panel can
impute variants to 0.1% MAF.

Justasin GWASs of common variants, the human genetics
community is coalescing around the notion that the path
to discovering insights into the biological mechanisms
that underlie complex diseases is through data sharing and
large-scale consortia. With the assistance of the NCBI's data-
base of genotypes and phenotypes (dbGaP), the ESP was a
pioneer in data sharing and rapid analysis of large-scale
sequence data. As new data continue to be generated for
the study of complex trait genetics, this model of large-scale
collaboration and data sharing should be emulated.

Supplemental Data

Supplemental Data include Supplemental Notes containing de-
scriptions of the sample selection criteria, phenotype definitions,
and contributing studies, three figures, and four tables and can
be found with this article online at http://dx.doi.org/10.1016/].
ajhg.2016.08.012.
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Modeling the Mutational and Phenotypic
Landscapes of Pelizaeus-Merzbacher Disease
with Human iPSC-Derived Oligodendrocytes

Zachary S. Nevin,! Daniel C. Factor,! Robert T. Karl,! Panagiotis Douvaras,? Jeremy Laukka,3
Martha S. Windrem,4 Steven A. Goldman,45 Valentina Fossati,2 Grace M. Hobson,6.7.8
and Paul J. Tesarl*

Pelizaeus-Merzbacher disease (PMD) is a pediatric disease of myelin in the central nervous system and manifests with a wide spectrum of
clinical severities. Although PMD is a rare monogenic disease, hundreds of mutations in the X-linked myelin gene proteolipid protein
1 (PLP1) have been identified in humans. Attempts to identify a common pathogenic process underlying PMD have been complicated by
an incomplete understanding of PLP1 dysfunction and limited access to primary human oligodendrocytes. To address this, we generated
panels of human induced pluripotent stem cells (hiPSCs) and hiPSC-derived oligodendrocytes from 12 individuals with mutations span-
ning the genetic and clinical diversity of PMD—including point mutations and duplication, triplication, and deletion of PLP1—and
developed an in vitro platform for molecular and cellular characterization of all 12 mutations simultaneously. We identified individual
and shared defects in PLPI mRNA expression and splicing, oligodendrocyte progenitor development, and oligodendrocyte morphology
and capacity for myelination. These observations enabled classification of PMD subgroups by cell-intrinsic phenotypes and identified a
subset of mutations for targeted testing of small-molecule modulators of the endoplasmic reticulum stress response, which improved
both morphologic and myelination defects. Collectively, these data provide insights into the pathogeneses of a variety of PLP1 muta-
tions and suggest that disparate etiologies of PMD could require specific treatment approaches for subsets of individuals. More broadly,
this study demonstrates the versatility of a hiPSC-based panel spanning the mutational heterogeneity within a single disease and estab-
lishes a widely applicable platform for genotype-phenotype correlation and drug screening in any human myelin disorder.

found to compose as much as 50% of myelin'’s total pro-
tein content.!” PLP1’s amino acid composition is 100%
conserved among humans, rats, and mice,'”'® there is

Introduction

Leukodystrophies are a set of rare genetic disorders charac-

terized by developmental delay and motor impairment due
to deficits in myelin, also called “white matter,” in the cen-
tral nervous system (CNS)."* Myelin is a highly structured
membrane that ensheathes neuron axons to provide ancil-
lary support and promote proper coordination of electric
impulses. Most leukodystrophies have an onset in early
childhood, and many are fatal. Although individuals are
routinely diagnosed on the basis of symptoms and genetic
testing, most leukodystrophies are still poorly understood,
and treatment options are largely limited to palliative
symptom management.*~

Pelizaeus-Merzbacher disease (PMD [MIM: 312080]) is an
X-linked leukodystrophy that affects approximately 1,000
children in the United States®™ (also see GeneReviews in
Web Resources). First described in 1885,'%! PMD was map-
ped to proteolipid protein 1 (PLPI1 [MIM: 300401]) in the
late 1980s.'*'> PLP1 and its splice isoform, DM20, are pre-
dominantly expressed by oligodendrocytes—the myelin-
producing cell of the CNS—and their progenitors (oligo-
dendrocyte progenitor cells [OPCs]), respectively.'® PLP1
is the major protein component of myelin and has been

only a single variant in dogs (p.Vall61lle), and mutations
that cause PMD-like symptoms have been identified in
each of these species.'®~23 PLP1’s strong cell-type specificity,
abundance in myelin, and inter-species conservation all
suggest that it fills an indispensable role in oligodendrocyte
and myelin biology. However, PLP1’s function in oligoden-
drocytes and myelin has only recently begun to be eluci-
dated®*?” and is still very much in question. As a result,
there is no current consensus on the pathogenic processes
by which PLP1 mutations cause PMD.

Although PMD is a monogenic disease, affected individ-
uals present with a surprising spectrum of onset, disability,
and mortality, which have been grouped into three cate-
gories. The common “classic” form manifests as a constella-
tion of hypotonia, nystagmus, and/or motor delay in early
childhood and the development of progressive spasticity,
ataxia, and/or choreiform movements through adolescence
and early adulthood.?®*=3! Some individuals live into their
seventh decade, but many develop fatal complications
of hypotonia and spasticity by their late 20s. In the more se-
vere “connatal” form, symptoms arise early in infancy and
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are typically fatal within the first few years of life. Lastly, a
few males and most of the exceedingly rare females who
present with PMD can develop mild, late-onset spasticity
in the legs or assorted mild peripheral neuropathies with
minimal CNS deficits*?> (also see GeneReviews in Web
Resources).

This significant clinical heterogeneity has been attrib-
uted to hundreds of different mutations of PLP1. A major-
ity of PMD cases (70%) are caused by duplications of the
PLP1 locus and manifest with classic PMD of mild to mod-
erate severity.” Rare triplications (<1%) cause severe con-
natal disease, whereas full gene deletions (1%-2%) are
associated with mild, late-onset symptoms, often termed
“null syndrome”'®33-3¢ (also see GeneReviews in Web Re-
sources). Additionally, over 200 unique point mutations
have been identified in individuals (25%) presenting
with PMD across the entire range of severity.'® Point muta-
tions and indels have been found throughout PLPI’s cod-
ing sequence, splice sites, and introns. PLP1 has one splice
isoform, DM20, created by a cryptic splice signal in exon 3
and exclusion of the latter 105 nucleotides in that exon
(exon 3b).*” In the oligodendrocyte lineage, DM20 is the
first isoform expressed in developing OPCs, whereas
expression and upregulation of the full-length PLPI occur
coincidently with the maturation of OPCs to oligodendro-
cytes. Of note, mutations in the PLPI-specific region of
exon 3 often manifest as mild PMD. However, apart from
this observation, there are no clear correlations between
mutation locus and disease severity (see GeneReviews in
Web Resources).

This surfeit and variety of human mutations suggest that
multiple pathogenic processes could be responsible for the
diverse manifestations of PMD. In prior literature, five
possible molecular defects have been ascribed to certain
PLP1 mutations: reduced expression, overexpression,®®
direct disruption of protein functional domains,*® protein
mistrafficking,>>*?#° and protein misfolding leading to
endoplasmic reticulum (ER) stress.*®*1=*3 The occurrence
of these defects individually or in combination most likely
accounts for much of the clinical heterogeneity observed
in PMD. However, because prior studies have largely
focused on mutations one at a time, it is difficult to ascribe
any findings to a mutation apart from that in which it was
originally observed.

Replicating the efforts of the past 30 years of PMD
research for each new PLPI mutation is a daunting propo-
sition if left to traditional cellular approaches. PLP1 traf-
ficking and membrane dynamics can be modeled to an
extent with the use of immortalized cells, but the myelin
sheath is a highly specialized membrane that cannot truly
be recapitulated apart from oligodendrocytes. Access to
primary human oligodendrocytes is severely lacking, how-
ever, because brain biopsies are implicitly dangerous and,
in the case of developmental myelin disorders, the relevant
stages of PMD pathogenesis have already occurred by
the time a clinical diagnosis is made, let alone autopsy.
As a result, animal models have proven indispensable for

in vivo studies of myelin development but would be pro-
hibitively expensive and time consuming on the scale
necessary to span the genetic diversity of PMD.

Instead of attempting to adapt surrogate systems to
model PMD heterogeneity, the advent of human induced
pluripotent stem cell (hiPSC) and cell-fate reengineering
technologies now provide us with robust methods for
generating oligodendrocytes for large-scale studies directly
in disease-relevant human-derived cells.***° In the current
study, we developed a hiPSC-based platform to efficiently
model and functionally assess point mutations and dupli-
cation, triplication, and deletion of PLPI across 12 individ-
uals with PMD. We utilized these hiPSCs to generate
OPCs and oligodendrocytes from all 12 individuals in par-
allel for comparative molecular and cellular assessments.
These studies establish a framework for classifying PMD
subgroups on the basis of defects observed in disease-rele-
vant cells, inform personalized therapeutics testing, and
demonstrate the power of using hiPSC panels to model
heterogeneity in a monogenic disease.

Material and Methods

Generation of hiPSCs
Skin fibroblast samples, de-identified except for mutation and clin-
ical severity, were obtained from Coriell (PMD6), James Garbern,
and G.M.H. Before receipt, fibroblasts had been isolated from skin
biopsies, cultured for one to seven passages, and frozen. Upon
receipt, samples were assigned arbitrary identifications (PMD1-
PMD12) according to statutes for exempt human subjects research
outlined by the institutional review board of Case Western Reserve
University. In preparation for hiPSC generation, fibroblasts were
thawed, expanded for two passages, and tested mycoplasma free.
hiPSCs were generated by standard approaches, including
either a floxed polycistronic lentivirus (hSTEMCCA) encoding
the pluripotency factors OCT3/4, SOX2, KLF4, and c-MYC
(PMD1-PMD4, PMD6, and PMD8-PMD10)*® or non-integrating
episomal vectors encoding OCT3/4, SOX2, KLF4, L-MYC, LIN28,
and a p53 shRNA (PMD5, PMD7, PMD11, and PMD12).*7 At least
three independent hiPSC colonies were selected for clonal expan-
sion according to colony morphology and OCT3/4 immunocyto-
chemistry. Clones were subsequently split 1:6 every 4 or S days
until they expanded sufficiently for the collection of DNA and
RNA and freeze-down stocks.

Two independent clonal lines derived from each PMD sample
were ultimately selected for further characterization and inclusion
in these studies. Seven control human pluripotent lines (desig-
nated “NC”) were also included: three approved human embry-
onic stem cell (hESC) lines from the NIH hESC Registry (NC1,
“H1” NIHhESC-10-0043; NC2, “H7” NIHhESC-10-0061; NC3,
“H9” NIHhESC-10-0062)*® and four in-house-derived hiPSC lines
from healthy donors (NC4-NC7).

DNA Isolation and Analyses

Genomic DNA was extracted from each pluripotent cell line either
one or two passages before initiation of the oligodendrocyte differ-
entiation protocol (see below) with the DNeasy Blood & Tissue Kit
(69504, QIAGEN). Isolation was performed according to the man-
ufacturer’s protocol for cultured cells (July 2006 Handbook).
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For Sanger sequencing of the PLP1 coding sequence, individual
PCR primer pairs were designed to encompass each exon of PLPI1
with NCBI Primer-BLAST (Table S1). Each exon was amplified
with KAPA HiFi HotStart ReadyMix (07958935001, Roche) at
the manufacturer’s suggested reaction concentrations and cycling
conditions: annealing temperature of 61°C, extension time of 15 s,
and 30 cycles. PCR products were purified with the QIAquick PCR
Purification Kit (28104, QIAGEN) and sequenced at the Case West-
ern Reserve University Genomics Core facility. Reported PLP1 mu-
tations were validated in PMD samples, and all sequences were
compared against the consensus human sequence (UCSC Genome
Browser hg19).

High-density whole-genome SNP genotyping was performed
with the Illumina Infinium Omni5 DNA Analysis BeadChip.
Log R values were adjusted with the genomic.wave.pl program
within PennCNV.** Ordered log R values of every coordinate
were plotted for visualization of any large-scale copy-number var-
iations present in each line.

For clonal confirmation and future disambiguation, cell-line
identity was established and confirmed by short-tandem-repeat-
based DNA fingerprinting in fibroblasts and derived hiPSC lines,
as well as in control pluripotent lines (Cell Line Genetics).

RNA Isolation, RNA-Seq, and Expression and Splicing
Analyses

Pluripotent cells were collected for RNA isolation simultaneously
with initial passaging for oligodendrocyte differentiation (see
below). 500,000 cells were pelleted at 1,200 rpm for 4 min, resus-
pended in 1 mL TRIzol (15596026, ThermoFisher), and immedi-
ately frozen at —80°C. Total RNA was isolated with the QIAGEN
RNeasy Mini Kit (74104, QIAGEN), including minor modifications
to the beginning of the manufacturer’s protocol (“Purification of
Total RNA from Animal Cells using Spin Technology,” Fourth Edi-
tion, June 2012 RNeasy Mini Handbook). In brief, cells in TRIzol
were thawed on ice, vortexed until homogeneous, and incubated
at room temperature for 5 min. 200 pL chloroform was added and
mixed vigorously. The sample was transferred to PhaseLock gel
tubes (2302830, 5 Prime), incubated at room temperature for
3 min, and then centrifuged at 12,000 x g for 15 min at 4°C.
The aqueous phase was collected, and 1.5 volumes of 100%
ethanol was added and mixed thoroughly. The sample was then
transferred to an RNeasy Mini column, and the remainder of the
protocol, including the recommended DNase digest, was followed
as written.

For generation of the cDNA library for RNA sequencing (RNA-
seq), 1 pg of each sample was rRNA depleted (Ribo-Zero Gold
rRNA Removal Kit, MRZG12324, Illumina), fragmented, and in-
dexed with the TruSeq Stranded mRNA Library Preparation Kit
(RS-122-2103, Illumina) per the manufacturer’s protocol. 100 bp
paired-end reads were generated for each sample with an Illumina
HiSeq 2500 at the Case Western Reserve University Genomics
Core facility. Output FASTQ files were aligned to the hg19 genome
with TopHat (version 2.0.8) with default settings.® Data were
normalized, and fragments per kilobase per million reads (FPKM)
were calculated for known RefSeq genes with Cufflinks (version
2.0.2).%! With the “heatmap.2” function of the gplots R package,
Pearson’s correlation distance was calculated for comparing tran-
scriptome similarities between individual cell lines. For analysis
of PLP1 mRNA splicing, aligned BAM files were loaded into the In-
tegrated Genomics Viewer (version 2.3.68 [97]) and visualized
with the “sashimi plot” function.

OPC and Oligodendrocyte Differentiation

Differentiation of OPCs and oligodendrocytes was performed on
two independently derived hiPSC clones for each of the 12 PMD
samples (n = 2 biological replicates per mutation) and three
hESC and four hiPSC normal controls (n = 7 biological replicates
identical in PLP1 sequence). The entire panel of 31 lines was differ-
entiated simultaneously with two technical replicates per line.

OPCs and oligodendrocytes were generated from pluripotent
cells according to a pre-publication version of the Douvaras et al.
protocol.**> Minor variations from the published protocol are
noted here.

Immediately before differentiation, cells were incubated in 10 uM
Y-27632, dissociated with collagenase and dispase, and plated at
200,000 cells per 9.5 cm?* Matrigel-coated well in mTeSR1 medium
and 10 uM Y-27632. Cells were cultured for 2 days, during which
mTeSR1 was changed each day. Differentiation (protocol day 0)
began on the third day after passaging and was conducted as follows:

Days 0-7: cells underwent daily complete media changes of
DMEM/F12 (11320-033, GIBCO), 1x high-insulin N2 supplement
(N2; AR009, R&D Systems), 10 uM SB431542 (04-0010, Stemgent),
250 nM LDN189193 (04-0074, Stemgent), 100 nM all-trans reti-
noic acid (RA; R2625, Sigma), and 5 U/mL penicillin and strepto-
mycin (PenStrep).

Days 8-11: cells underwent daily complete medium changes of
DMEM/F12, 1x low-insulin N2 (17502048, Life Technologies),
100 nM RA, 1 uM smoothened agonist (SAG; 566660, EMD Milli-
pore), and 5 U/mL PenStrep.

Days 12-19: on day 12, cells were manually lifted with a cell
scraper, broken into approximately 10- to 50-cell clusters, and
plated into ultra-low attachment plates (3471, Corning) for promot-
ing the formation of free-floating neurospheres. Every other day,
spheres underwent two-thirds medium changes of DMEM/F12,
1x N2, 1x B27 supplement without vitamin A (B27; 12587010,
Life Technologies), 100 nM RA, 1 uM SAG, and 5 U/mL PenStrep.

Days 20-30: every other day, cells underwent two-thirds
medium changes of DMEM/F12, 1x N2, 1x B27, 10 ng/mL
platelet-derived growth factor (PDGF; 221-AA, R&D Systems),
10 ng/mL insulin-like growth factor 1 (IGF; 291-G1, R&D Sys-
tems), 5 ng/mL hepatocyte growth factor (HGF; 294-HG, R&D Sys-
tems), 10 ng/mL neurotrophin-3 (NT3; GF031, EMD Millipore),
60 ng/mL 3,3',5-triiodothronine (T3; ST2877, Sigma), 100 ng/mL
biotin (4639, Sigma), 1 uM cyclic-:AMP (cAMP; D0260, Sigma),
25 pg/mL insulin (19278, Sigma), and 5 U/mL PenStrep.

Days 30-60: on day 30, neurospheres were plated onto 0.1 mg/mL
poly-L-ornithine- (P3655, Sigma) and 10 pg/mL laminin-coated
(L2020, Sigma) 9.5 cm? plates and allowed to attach. Every other
day, cells underwent two-thirds medium changes of DMEM/F12,
1x N2, 1x B27, 10 ng/mL PDGF, 10 ng/mL IGF, 5 ng/mL HGE,
10 ng/mL NT3, 60 ng/mL T3, 100 ng/mL biotin, 1 pM cAMP,
25 pg/mL insulin, and 5 U/mL PenStrep.

After Day 60, cultures could either be maintained in PDGEF-
containing medium for the promotion of OPC proliferation or
be transitioned to PDGF-, IGF-, or HGF-free medium for further
differentiation of oligodendrocytes.

For oligodendrocyte phenotyping of the entire panel of PMD
and control cell lines in Figure 4, on day 96, cultures were dissociated
with Accutase (AT-104, Innovative Cell Technologies) for 40 min
and split 1:6 into 96-well poly-p-lysine VisiPlates (1450-605
PerkinElmer) pre-incubated for 1 hr with 10 pg/mL laminin. Every
other day, cells underwent two-thirds medium changes of DMEM/
F12, 1x N2, 1x B27, 10 ng/mL NT3, 60 ng/mL T3, 100 ng/mL
biotin, 1 pM cAMP, 25 pg/mL insulin, and 5 U/mL PenStrep.
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For oligodendrocyte differentiation of NC2, PMD2, and PMD10
for time-lapse imaging (Movies S1, S2, and S3), small-molecule
testing (Figure 5), and neuron co-culture (Figure 6), differentiation
was repeated as above through day 60. After day 60, cultures were
transitioned to two-thirds medium changes of DMEM/F12, 1x N2,
1x B27, 60 ng/mL T3, 100 ng/mL biotin, 1 uM cAMP, 25 ng/mL
insulin, 10 mM HEPES sodium salt (H3784, Sigma), 20 pg/mL
L-ascorbicacid (A4544, Sigma), and 5 U/mL PenStrep every third day.

Flow Cytometry

OPC differentiation cultures were incubated in pre-warmed Accu-
tase for 40 min at 37°C until cells lifted off the plate. Lifted cultures
were diluted with DMEM/F12 supplemented with 1% bovine
serum albumin (BSA; 15260-037, GIBCO) and gently pipetted
with a 1,000 pL capacity tip for dissociating the cells that had
grown out from neurospheres without shearing the OPCs. The
spheres themselves remained intact and were removed and dis-
carded. Remaining single cells were counted and centrifuged at
200 x g for 5 min at room temperature. Cells were resuspended at
up to 10 x 10° cells per 100 uL in DMEM/F12 supplemented with
5% donkey serum and PE-conjugated anti-PDGFRA (CD140a,
1:50; 556002, BD Biosciences) and incubated on ice for 45 min.
Cells were washed three times with DMEM/F12 supplemented
with 1% BSA, centrifuged at 200 X g for S min at room temperature,
resuspended in 100 pL DMEM/F12 supplemented with 5% donkey
serum and APC-conjugated anti-A2BS5 (1:11; 130093582, Milte-
nyi), and incubated on ice for 45 min. Cells were washed three
times with DMEM/F12 and 1% BSA; centrifuged at 200 x g for
5 min at room temperature; resuspended in 500 nL. DMEM/F12,
1x N2, 1x B27, 10 ng/mL PDGE, 10 ng/mL IGE, 5 ng/mL HGE,
10 ng/mL NT3, 60 ng/mL T3, 100 ng/mL biotin, 1 pM cAMP,
25 pg/mL insulin, and 5 U/mL PenStrep; and filtered through a
cell strainer. Cells were flowed with a 100 pm nozzle on a FACS-
Aria (BD Biosciences) at 25 psi and 1,500-1,800 events per second.
10,000 events were recorded. Data were analyzed with WinList
3D (version 7.0). Initial debris and doublet gates were set with un-
stained NC2-derived cultures and validated against unstained
NCo6-derived cultures. Gates were set on the basis of side scatter
(SSC-A) or forward scatter (FSC-A) for distinguishing live cells
from dead cells and debris and then side-scatter width (SSC-W) or
side-scatter height (SSC-H) for excluding cell doublets. A bona
fide, CD140a™ OPC population was initially gated on the basis
of immunostained NC2-derived cultures, validated against the re-
maining six immunostained control cultures, and only then used
for evaluating the number of derived OPCs in each PMD culture.

Small Molecules

GSK2656157 (5046510001, EMD Millipore) 10 mM stock solution
in DMSO was prepared, aliquoted, and stored at —20°C. Guana-
benz (0885, Tocris Bioscience) 20 mM stock solution in DMSO
was prepared, aliquoted, and stored at —20°C. Small molecules
were warmed to 37°C for 20 min before being added to pre-
warmed medium. Frozen aliquots were thawed no more than
twice before being discarded. During treatments, every 3 days,
cells underwent a two-thirds medium change that included
100 nM GSK2656157, 1 uM GSK2656157, or 2.5 uM guanabenz.

Oligodendrocyte and Dorsal Root Ganglion Neuron Co-
culture

24-well VisiPlates (1450-605, PerkinElmer) were pre-incubated
with 125 pL rat tail collagen and allowed to air dry for 72 hr.

50,000 dorsal root ganglion neurons (DRGs)>® were plated in
100 pL of M1 medium (MEM [11095-080, GIBCO], 10% FBS,
and 2% glucose [G7528, Sigma]) with 100 ng/mL NGF (556-NG,
R&D Systems) and 5 U/mL PenStrep in the center of the well; bub-
bles were added with a p100 pipette; and DRGs were allowed to
attach for 24 hr at 37°C. The next day, wells were flooded with
500 pL E2F medium (MEM, 2% glucose, 1X N2 supplement,
245 ng/mL FDU [F0503, Sigma], and 245 ng/mL uridine [U3003,
Sigma]) with 100 ng/mL NGF and 5 U/mL PenStrep. Medium
was changed every second or third day thereafter (M1, NGF, and
PenStrep on days 3, 7, 11, 14, and 17; E2F, NGE and PenStrep
on days 5 and 9). On day 20, one-half of a 9.5 cm? well of differ-
entiating OPC cultures was seeded onto DRGs in DMEM/F12,
1x N2, 1x B27, and 5 U/mL PenStrep. Medium was changed every
other day for 20 days and then fixed for immunostaining.

Live-Cell Imaging

Cultures of NC2, PMD2, and PMD10 OPCs were differentiated to
oligodendrocytes over the course of 20 days as specified above. On
day 20, cultures were dissociated and plated onto 0.1 mg/mL poly-
r-ornithine- and 10 pug/mL laminin-coated 4 cm? plates at low den-
sity (split 1:6 by surface area) to permit observation of individual
cells. The next day, cultures were transferred to a humidity-, tem-
perature-, and CO,-controlled chamber on an inverted microscope
(DMI6000, Leica) for phase imaging. Regions of interest were iden-
tified manually and marked with Leica Application Suite X soft-
ware, after which they were automatically imaged every 10 min
for the next 60 hr. Static image series were stitched into a movie
with Microsoft Windows Movie Maker (version 2012).

Immunocytochemistry
Cultures for immunocytochemistry were initially fixed with
4% ice-cold paraformaldehyde for 15 min.

04 immunostaining was performed on live cells prior to fixa-
tion. O4 antibody supernatant was added to cultures and incu-
bated for 30 min at 37°C. Wells were washed three times with
room-temperature DMEM/F12 and then immediately fixed. Addi-
tional immunostaining was performed as below.

Monolayer cell cultures (e.g., hiPSCs and OPCs) were permeabi-
lized with 0.2% Triton X for 10 min at room temperature, blocked
in 10% donkey serum in PBS for 1 hr at room temperature, incu-
bated in primary antibody in blocking buffer for 1 hr at room tem-
perature (typically) or overnight at 4°C (for PLP1 [AA3] antibody
only), washed three times with PBS, incubated in secondary anti-
body in blocking buffer for 45 min at room temperature, washed
three times (with DAPI, when used, in the first wash to stain
nuclei), and imaged with an Operetta High-Content Imaging Sys-
tem with Harmony Analysis Software (HH12000000, PerkinElmer)
and standard fluorescence settings.

DRG co-cultures to be immunostained for PLP1 were permeabi-
lized with 10% Triton X for 30 min at room temperature, washed
three times with PBS, blocked in 5% donkey serum and 0.1%
Triton X in PBS for 1 hr at room temperature, incubated in PLP1
antibody in blocking buffer overnight at 4°C, and then incubated
in neurofilament (NF) and SOX10 antibodies in blocking buffer for
1 hr at room temperature, washed three times with PBS, incubated
in secondary antibodies in blocking buffer for 45 min at room tem-
perature, washed three times, and imaged with an inverted fluores-
cence microscope (Leica DM IL LED), 12-bit monochrome camera
(QIC-F-M-12-C, QImaging), and QCapture Pro imaging software
(version 6.0.0.605, QImaging).
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Figure 1. Genetic Characterization of a PMD hiPSC Panel

(A) A schematic of PLP1 and the 12 mutations included in this study. Full-length PLP1 consists of seven exons (black and gray bars),
whereas its splice isoform, DM20, results from exclusion of the PLPI-specific domain (blue bar). Both isoforms contain four putative
transmembrane domains (striped bars). The locations of individual mutations are indicated as lollipop plots (point mutations) or
bars (partial deletion and copy-number variants). Relative clinical severities are indicated by color (green, mild; yellow, moderate; red,
severe).

(B) Individuals were selected for this study with the intent of maximizing genetic and phenotypic diversity. Clinical severities had been
previously assessed and reported by functional disability score (FDS) and/or clinical impression. Skin fibroblasts were reprogrammed to

PMD2a [t omsamlompbsain: = nioren Wi wewat e

(legend continued on next page)
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DRG co-cultures to be immunostained for myelin basic protein
(MBP) were washed three times in PBS, permeabilized with 100%
ice-cold methanol for 30 min at —20°C, washed three times with
PBS, blocked in 5% donkey serum and 0.1% Triton X in PBS for
1 hr at room temperature, incubated in MBP, NF, and SOX10 anti-
bodies in 2% donkey serum and 0.1% saponin overnight at 4°C,
washed three times with PBS, incubated in secondary antibodies
in 10% donkey serum and 0.1% Triton X for 1 hr at room temper-
ature, washed three times, and imaged as above.

Primary antibodies included mouse-anti-O4 (1:10 unconcentrated
supernatant, generously provided by Bruce Trapp, Robert Miller, and
Wendy Macklin), OCT3/4 (400 ng/mL; SC-5279, Santa Cruz), Pax6
(6.67 pg/mL; PRB-278P, Covance), SOX1 (1 pg/mL; AF3369, R&D
Systems), OLIG2 (1:1,000; AB9610, Millipore), NKX2.2 (1:100;
74.5A5, Developmental Studies Hybridoma Bank), rat-anti-PLP1
(1:100; AA3, generously provided by Bruce Trapp), rat-anti-MBP
(1:100; AB7349, Abcam), goat-anti-SOX10 (2 png/mL; AF2864, R&D
Systems), mouse-anti-pan-axonal NF (1:1,000; SMI311, Covance),
mouse-anti-pan-neuronal NF (500 ng/mL; SMI312, Covance), and
DAPI (1 pg/mlL; D8417, Sigma).

All secondary antibodies were Alexa-Fluor-conjugated second-
ary antibodies (Life Technologies) used at a dilution of 1:500.

Results

Assembly, Generation, and Characterization of a Panel
of PMD-Derived hiPSCs
The goal of this study was to establish a platform for assess-
ing the developmental, cellular, and molecular defects
caused by PMD-relevant PLP1 mutations in human-derived
oligodendrocytes. In order to capture the genetic and
phenotypic heterogeneity found in PMD, we selected sam-
ples for inclusion according to three criteria: type of muta-
tion, distribution of point mutations throughout PLP1,
and reported clinical severity. Before being included in
this study, all individuals had been diagnosed with PMD
clinically and had PLP1 mutations confirmed by genetic
testing. We obtained primary fibroblasts de-identified
except for their mutation and clinical severity impression
(mild, moderate, or severe) or functional disability score
(ranging from 1 [most severe] to 32 [least severe]).>* Our
panel ultimately consisted of 12 lines with various PLPI mu-
tations (Figures 1A and 1B and Table S2) and seven normal
control lines (Table S3).

For twoindividuals, PMD2 and PMD10, axial T2-weighted
MRI taken when they were ages 4 and 12 years, respectively,
was also available (Figures 1C and 1D). Both children ex-

hibited diffusely increased signal intensity in white-matter
structures and atrophy of the subcortical white matter. The
gross reduction in white matter, particularly in PMD2, re-
sulted in moderate enlargement of the lateral ventricles.
Such MRI s highly representative of children with moderate
to severe PMD and demonstrates both the ambiguity and
convergence of clinical presentations across people with
disparate PLPI mutations.>*>°

To generate a renewable source of PMD-derived cells,
we reprogrammed fibroblasts from all 12 individuals to
hiPSCs (see Material and Methods). Two independently
derived hiPSC lines per individual were ultimately selected
for rigorous characterization. These 24 PMD lines (PMD1-
PMD12, A and B), along with four hiPSC lines from healthy
individuals (NC4-NC7) and three normal human embry-
onic stem cell (hESC) lines (NC1-NC3), constitute the
“panel” of 31 pluripotent stem cell lines used throughout
the following experiments.

Initially, we rigorously characterized each line in the
panel to ensure its identity, pluripotency, and genomic
integrity. To first validate the PLP1 point mutations reported
for each PMD line and to confirm that no additional muta-
tions were present in any PMD or control line, we Sanger
sequenced all seven exons of PLP1 for each line in the panel.
PMD7 and PMD8 were found to contain a nonpathogenic
synonymous SNP (c.609T>C [p.Asp203=]) that is common
in the general population (151126707, C = 22.6%).%” All
other lines conformed to the consensus human sequence
(GenBank: NM_000533.4).>8

Because the process of hiPSC reprogramming can occa-
sionally induce chromosomal defects, copy-number varia-
tion in each cell line was evaluated at fine resolution with
a high-density SNP microarray. Comparison of the relative
copy number of each SNP confirmed the absence of any
gross chromosomal duplications or deletions in all lines (Fig-
ures 1E and S1). Furthermore, this resolution allowed delin-
eation of the relative sizes and boundaries of the PLP1 locus
duplication, triplication, and deletion in PMD10, PMD11,
and PMD12, respectively (Figure 1E, right).

To confirm that our cell lines had been completely re-
programmed and retained their pluripotent properties
throughout subsequent expansion and characterization,
one passage before oligodendrocyte differentiation, we iso-
lated, sequenced, and compared RNA from each cell line
against the RNA profiles of primary fibroblasts from which
control hiPSCs had been derived. Hierarchical clustering

hiPSCs with either a lentiviral or episomal construct. Two independently derived clonal hiPSC lines were selected for characterization
and inclusion in subsequent studies. PLP1 mutations were confirmed by Sanger sequencing of each hiPSC line.
(C) Taken at age 4 years, T2-weighted MRI of PMD2 demonstrates increased signal intensity throughout white-matter structures and

enlargement of the lateral ventricles.

(D) Taken at age 10 years, T2-weighted MRI of PMD10 demonstrates increased signal intensity and distinct atrophy of white-matter

structures.

(E) Plots demonstrating the gross genomic integrity of derived pluripotent lines. Relative copy number was calculated for each SNP in a
high-density SNP microarray and plotted as a normalized log R ratio. (Left) Plots of every 100" SNP, arranged by ranked genomic coor-
dinate and colored by chromosome. NC1 (male) and NC2 (female) demonstrate the relative enrichment of the X chromosome in NC2.
(Top right) Plots of each SNP within a 2 Mb region surrounding PLP1 on the X chromosome, arranged by relative genomic coordinate.
For PMD10, PMD11, and PMD12, the SNP array delineates the region of chromosome X duplication, triplication, and deletion, respec-
tively. (Bottom right) A Sanger sequencing trace showing the T-to-G substitution found in PMD2.
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demonstrated close association of all pluripotent lines, and
there was no significant distinction between PMD and con-
trol lines, hiPSCs and hESCs, or out-grouping of both PMD-
derived lines from any single individual (Figure 2B). All
pluripotent lines also showed robust and consistent expres-
sion of canonical pluripotency markers whose expression
correlates with complete reprogramming and acquisition
of pluripotent identity (Figure 2C).>° Using this rigorous
pipeline, we generated and characterized a diverse panel
of hiPSCs to provide a cellular resource for the study
of PMD.

Assessment of PLPT Transcript Dynamics and Defects in
hiPSCs
Endogenous expression of PLP1 and DM20 is restricted
to oligodendrocytes and OPCs, respectively. As a result,
studies on the effects of specific human mutations on pro-
tein structure and expression have previously been limited
to post mortem tissue or transgenic overexpression. How-
ever, although the protein is not translated, DM20 mRNA
is robustly transcribed in pluripotent stem cells.®® Seren-
dipitously, this provides an opportunity for rapid assess-
ment of specific transcript defects without the protracted
differentiation of oligodendrocytes. To begin to charac-
terize the effects of mutations in our panel, we used our
RNA-seq dataset to interrogate DM20 mRNA expression
and splicing directly in hESCs and hiPSCs (Figure 2A).
Comparison of mRNA transcript levels between control
and PMD-derived pluripotent lines provides a glimpse
into the effects of copy-number variations at the PLPI
locus. Control cultures, both hiPSC and hESC, displayed
an average DM20 expression level of 18.1 = 4.5 FPKM
(Figure 2D). Similarly, all point mutations (PMD1-PMDS8)
and the partial deletion (PMD9) showed no significant
differences in transcript levels (average FPKMs of 18.1 =
2.5 and 15.5 = 1.2, respectively; Figure 2D). However,
PMD10 and PMD11 expressed 2- and 3-fold more DM20
than controls (32.7 = 5.5 and 55.1 *= 1.8, respectively),
consistent with their respective duplication and triplica-
tion of the PLP1 locus (Figure 2D). As expected, the dele-
tion (PMD12) showed no expression of DM20 (Figure 2D).
In addition to permitting quantification of expression
levels, the presence of DM20 mRNA in pluripotent cells
also allows for identification of mutation-specific splicing
defects. In all controls, exon 3 terminated at the internal
DM20 splice site (exon 3a), indicating that only the shorter,
OPC-specific isoform is present in pluripotent stem cells
(Figure 2E). This preempts appreciation of any splicing
defects in PMD3-PMDS5, whose mutations fall in exon
3b and intron 3 (Figure S2). Additionally, PMD1, PMD2,
PMD6, and PMD10-PMD12 showed no defects or alterna-
tive splicing (Figure S2) but would not particularly be ex-
pected to, considering the nature of their exon and copy-
number mutations. However, splicing analysis in PMD7
and PMDS8, brothers with an intronic mutation outside
the canonical splice site, presented with complete skipping
of the exon preceding their PLP1 mutation (Figure 2E), con-

firming prior analyses from autopsy tissues.®! Lastly, PMD9,
a partial deletion spanning exons 3b, intron 3, and part of
exon 4, demonstrated the expected in-frame deletion of
the proximal portion of exon 4, and no additional splicing
defects were found (Figure 2E).

Assessment of OPC Production in PMD Cultures

We next wanted to determine whether we could use our
genetically diverse panel of PMD-derived hiPSCs to garner
insights into the clinical variability of PMD in disease-
relevant cells (Figure 3A). Our pluripotent stem cell panel
was differentiated to OPCs over a 90 day time course accord-
ing to a protocol that recapitulates in vivo neurodevelop-
mental transitions including patterning of neuroectoderm,
ventralization, OPC specification, and OPC proliferation
(Figure 3B).5? We performed differentiation and all subse-
quent experiments in parallel for all 12 PMD samples (in
duplicate with two independently derived hiPSC lines per
individual) and seven control samples to enable direct com-
parison of data and minimize the influence of variables,
such as reagent lots, ambient conditions, or handling.

Throughout the process of differentiation, cultures were
immunostained for markers of key stages in the develop-
ment of oligodendrocytes. Day 6 immunostaining for
the neural lineage transcription factors PAX6 and SOX1
demonstrated efficient induction across both control
95% = 1.9%) and PMD (94% = 1.4%) cultures (Figures
3Cand 3D). Day 12 immunostaining for the early glial line-
age transcription factors OLIG2 and NKX2.2 also showed
strong induction consistent across control (73% =+ 9.2%)
and PMD (77% = 2.8%) cultures (Figures 3C and 3E). These
data demonstrate that despite the presence of PLPI mRNA
transcripts in hiPSCs, early neurodevelopmental differenti-
ation appears to be unaffected by mutations in PLP1.

We maintained cultures an additional 11 weeks to allow
OPC specification, at which point we quantified the cul-
tures by flow cytometry for the percentage of platelet-
derived growth factor receptor alpha (PDGFRA)" OPCs
in each culture.®” The average proportion of PDGFRA*
OPCs was significantly lower in PMD cultures (24% =+
3.7%) than in controls (49% = 3.3%) (Figure 3F). How-
ever, although the proportion of OPCs was generally
consistent between both hiPSC clones derived from any
given individual, there was substantial variability between
cultures derived from separate people (Figure 3G). OPC
numbers were strikingly reduced in a majority of PMD cul-
tures (PMD2-PMD4, PMD6-PMDS, and PMD10-PMD12),
whereas only four cultures (PMD1, PMDS5, PMD9, and
PMD11) contained OPCs at proportions comparable to
those in controls. Intriguingly, PMD3, from a mildly
affected individual with a synonymous substitution,
demonstrated the greatest depletion of OPCs. Similarly,
PMD12, from a mildly affected individual with a PLPI
deletion, also displayed poor OPC numbers, whereas
more severely affected individuals possessing duplication
and triplication of PLP1 (PMD10 and PMD11) trended to-
ward normal numbers of OPCs.
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Figure 2. RNA Characterization of PMD hiPSCs and PLPT Transcript Defects

(A) A schematic of the major cell types derived in this study, the stereotypic morphologic appearance of each cell type when cultured
in vitro, some of the insights these cells can provide, and the figure(s) in which they feature.

(B) Dendrogram depicting hierarchical clustering analysis of stranded RNA-seq. RNA was isolated from each pluripotent line one passage
before initiation of the OPC differentiation protocol and compared against RNA isolated from primary fibroblasts corresponding to
NC5-NC7.

(C) A heatmap depicting the FPKM of canonical pluripotency genes and PLP1 across all PMD hiPSCs, normal controls, and primary fi-
broblasts corresponding to NC5-NC7.

(D) Abar graph comparing levels of PLP1 mRNA expression in hiPSCs between various PMD cultures and controls (*p =0.0134, **p =0.0017,
***p < 0.0001).

(E) Sashimi plots of RNA-seq transcripts aligning to PLP1 (hg19) quantify PLP1 and DM20 mRNA splicing events. Numeric labels indicate
the number of quality-filtered transcripts (sequencing depth) that span the indicated exon-exon junction. Exclusion of the distal portion
of PLP1 exon 3 (dotted vertical line) in control transcripts indicates that DM20 is the solely expressed isoform in pluripotent cells. PMD7
and PMDS8 demonstrate skipping of exon 6 (white arrowheads). The exon 3-4 junction cannot be annotated in PMD9 (black arrowhead)
because of its partial deletion, which spans the PLP1-specific region of exon 3 and proximal portion of exon 4.
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Figure 3. Differentiation to OPCs Demonstrates PMD Variability

(A) Schematic of the experimental stage, OPC morphology, and insights presented in this figure.

(B) Overview of the timeline, small molecules, and growth factors used for generating OPCs and oligodendrocytes.

(C) Representative immunofluorescence images comparing stage-specific transcription factors in PMD and control cultures on day 6
(immunostained for neural lineage markers PAX6 and SOX1) and day 12 (immunostained for glial lineage markers OLIG2 and
NKX2.2) of the differentiation protocol. Scale bars represent 25 pm.

(D) Quantification of the percentage of PAX6"SOX1™ cells as of 6 days in culture. Shown here are the averages of all controls (n = 7)
versus all PMD lines (n = 24, including n = 2 biologic replicates per PMD line). Two independently differentiated wells per line were
immunostained (n = 2 technical replicates). Error bars indicate standard error of the mean. No significant difference was found between
control and PMD lines.

(E) Quantification of the percentage of OLIG2TNKX2.27 cells as of 12 days in culture. Shown here are the averages of all controls (n = 7)
versus all PMD lines (n = 24, including n = 2 biologic replicates per PMD line). Two independently differentiated wells per line were
immunostained (n = 2 technical replicates). Error bars indicate standard error of the mean. No significant difference was found between
control and PMD lines.

(F) Day 93 cultures were immunostained for the OPC-specific marker PDGFRA and counted by flow cytometry. Shown here are the av-
erages of all controls (n = 7) versus all PMD lines (n = 24, including n = 2 biologic replicates per PMD line). One well per line was counted
(n = 1 technical replicate). Error bars indicate standard error of the mean (*p = 0.0016).

(G) The same results from (F), plotted here as individual controls versus the average of both hiPSC lines derived from a given PMD sam-
ple. PMD results are rank ordered by average number of OPCs and colored according to clinical severity (green, mild; yellow, moderate;
red, severe).

Classes of Cellular and Molecular Defects in PMD dendrocyte a spider-in-a-web-like appearance (Figure 4B,
Oligodendrocytes “controls”).
We next wanted to determine whether specific defects We made two major observations in these cultures. First,

would manifest as the OPCs matured into oligodendro- despite OPC deficits, most PMD cultures (except PMDS and
cytes (Figure 4A). We induced PMD and control OPCs PMD11) were still capable of producing oligodendrocytes.
to mature into pre-myelinating oligodendrocytes and However, all PMD-derived oligodendrocytes were notice-
assessed cell morphology by immunostaining for O4 ably defective (Figure 4B). In order to elucidate the defects
antigen (an early oligodendrocyte-specific surface sulfa- inthese cells, we developed a machine-learning-based algo-
tide) and PLP1 (with a C-terminal antibody that defines rithm by using PerkinElmer Harmony High-Content Imag-
a more mature oligodendrocyte stage). A typical wild- ing and Analysis software to trace and measure oligoden-
type oligodendrocyte generated in cell culture has a drocyte processes and identify branch points (Figure 4C).
readily identifiable morphology consisting of a round, In PMD oligodendrocytes, total process length was signifi-
central cell body with multiple branching processes cantly lower than in controls (Figure 4D). Although PMD
that extend symmetrically outward and lend the oligo- and control oligodendrocytes extended a similar number
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Figure 4. Classifications of Oligodendrocyte Phenotypes

(A) Schematic of the experimental stage, oligodendrocyte morphology, and insights presented in this figure.

(B) OPCs from one line per PMD sample (n = 1 biologic replicate) were differentiated to oligodendrocytes (n = 2 technical replicates) and
immunostained for oligodendrocyte markers O4, SOX10, and PLP1. Shown here are representative images from each culture. PMDS5 and
PMD11 failed to produce any 04" cells. PMD2, PMD6, and PMD10 demonstrated perinuclear retention of PLP1. The remaining lines
produced 04" cells but failed to produce a PLP1 signal. Scale bars represent 25 pm.

(C) A representative immunofluorescence image of an 04" oligodendrocyte from the NC2 control line (left) and a trace of its processes
(right) generated by an oligodendrocyte identification, tracing, and quantification algorithm derived with PerkinElmer Harmony soft-
ware. White circles highlight examples of “roots” where processes contact the cell body. White arrows indicate examples of individual
“segments” between process branch points.

(D) The processes of 04" oligodendrocytes were traced and measured by a machine-learning algorithm derived in house. Total process
length was calculated as an average across individually measured oligodendrocytes. Error bars indicate standard error of the mean.

(E) Junctions of the oligodendrocyte cell body and extending processes were identified and counted by the tracing algorithm. The total
number of roots was calculated as an average across individually traced oligodendrocytes. No significant difference was found between
control and PMD lines. Error bars indicate standard error of the mean.

(F) Segments, defined as a linear portion of process between any two intersections (branches) in the trace, were identified and counted by
the tracing algorithm. The total number of segments was calculated as an average across individually traced oligodendrocytes. Error bars
indicate standard error of the mean.

of primary processes from the cell body (Figure 4E), the
number of distal process branches was severely reduced
(Figure 4F). Interestingly, oligodendrocytes of PMD12, the
full PLP1 deletion with a mild phenotype, demonstrated
both the highest average and widest range of total process
length and branches (Figures 4B, 4D, and 4F). Collectively,

these data suggest that PMD oligodendrocytes suffer either
a PLP1-induced defect of process extension and branching
or a non-specific arrest of maturation as a result of general
disruption of cellular homeostasis. Time-lapse imaging of
maturing PMD2 and PMD10 cultures captured oligoden-
drocytes producing short processes that failed to extend
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Figure 5. Modulation of the ER Stress Response Improves PLP1 Perinuclear Retention

(A) Schematic of the experimental stage, oligodendrocyte morphology, and insights presented in this figure.

(B) Representative images of oligodendrocytes after 28 days of treatment with 1 uM GSK2656157 (n = 2 technical replicates) and immu-
nostaining for 04, SOX10, and PLP1. Note the rescue of PLP1 distribution in treated PMD2-derived oligodendrocytes and the improve-
ment of oligodendrocyte morphology in PMD10. Scale bars represent 25 pm.
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(legend continued on next page)
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or branch distally and ultimately resulted in cell death
(Movies S1, S2, and S3).

In addition to these shared cellular defects, two molecular
defects were observed in subsets of the PMD hiPSC-derived
oligodendrocytes. First, in the majority of the cultures
(PMD1, PMD3, PMD4, PMD7-PMD9, and PMD12), 04™ ol-
igodendrocytes were present, but PLP1 expression was not
detectable (Figure 4B). This was expected for PMD12, a com-
plete PLP1 deletion, but not the additional cultures that
failed to mature to a PLP1" stage. Interestingly, although
the individual with the PLP1 deletion has a mild pheno-
type, other cultures that failed to express PLP1 were derived
from individuals presenting with some of the most clini-
cally severe presentations of the panel (Figure 1B). Second,
in PMD2, PMD6, and PMD10, cells matured to a PLP1*
stage; however, PLP1 signal was completely restricted to
the perinuclear region of the cell body, and no signal was
evident in the processes (Figure 4B).

Mobilization of PLP1 into Oligodendrocyte Processes by
Small-Molecule Modulators of ER Stress Pathways
Perinuclear retention of a misfolded protein is a hallmark of
ER stress. Our comparative hiPSC panel identified that only
a subgroup of PMD cultures (PMD2, PMD6, and PMD10)
exhibited perinuclear retention of PLP1, so we selected
PMD2 and PMDI10, from individuals with genetically
distinct point and duplication mutations, to explore strate-
gies for modulating the ER stress response (Figure 5A).

We tested two small molecules that specifically inhibit or
enhance the ER stress response. GSK2656157 is a recently
described inhibitor of protein kinase R-like ER kinase
(PERK), which senses misfolded proteins and initiates a
response to ER stress.®®> Guanabenz is an inhibitor of the
protein phosphatase 1 regulatory subunit GADD34, which
allows normal cellular functions to recommence once the
stressor has been resolved.®*

We assessed the effects of GSK2656157 and guanabenz on
oligodendrocyte cultures from control NC2 and PLPI mu-
tants PMD2 and PMD10. PMD10 oligodendrocytes demon-
strated remarkable restoration of cell morphology under
both conditions (Figures 5B and 5C). However, when treated
with GSK2656157, PMD2 showed modest mobilization of
PLP1 into cell processes but had no response to guanabenz
(Figures 5B and SC). Neither small molecule caused appre-
ciable changes in the morphology of control NC2 cells.

Modulation of ER Stress Phenotypes in
Oligodendrocyte-Neuron Co-Cultures

Oligodendrocytes in vivo do not exist in a state of homo-
geneous, monolayer culture, and although exceptional
for identifying cell-intrinsic deficits, phenotyping in this

system does not capture defects of myelination. In order
to create a more physiologically relevant model of the de-
fects caused by PLP1 mutations, we adapted a protocol
for co-culturing human oligodendrocytes on rat dorsal
root ganglion neurons (Figure 6A)°* to assess oligodendro-
cyte maturation, axonal tracking, and ensheathment
(in vitro “myelination”). In these conditions, control oli-
godendrocytes extend processes that search out and travel
along individual neuron axons (Figure 6B), forming
long linear tracts as opposed to the branching, web-like
morphology seen in monoculture. PLP1 signal is present
throughout the cell, including the cell body, processes,
and tracts. Meanwhile, MBP, a structural protein in the
myelin sheath, is restricted to the cell body and tracts,
identifying regions in the early stages of myelination.
NC2, PMD2, and PMD10 oligodendrocytes were seeded
onto neurons in basal medium supplemented with
GSK2656157 or guanabenz. Similar to monocultures, un-
treated PMD2 oligodendrocytes showed prominent PLP1
perinuclear retention and no PLP1 immunofluorescence
in the processes (Figure 6C, top). Meanwhile, MBP immu-
nofluorescence delineated the entirety of the oligodendro-
cytes, including extensive, matted processes, but showed
no tracking with neurons (Figure 6C, bottom). Interest-
ingly, GSK2656157-treated PMD2 oligodendrocytes did
not show mobilization of PLP1 into the processes, as
they had in monoculture (Figure 6D, top). Despite this,
the process matting seen in MBP largely resolved, and
short lengths of tracking were clearly visible (Figure 6D,
bottom). On the other hand, guanabenz promoted a de-
gree of PLP1 mobilization into oligodendrocyte processes
(Figure 6E, top) but did not resolve the MBP matting to
the same extent as GSK2656157 (Figure 6E, bottom).
Untreated PMD10 oligodendrocytes recapitulated the
PLP1 perinuclear retention observed in monoculture
(Figure 6F, top), but MBP immunofluorescence was present
throughout the processes instead of being restricted to
defined tracts (Figure 6F, bottom). Where present, tracts
were also shorter than for controls. Treatment with
GSK2656157 completely restored PLP1 mobilization into
processes (Figure 6G, top) but did not improve MBP signal
or tracking over untreated conditions (Figure 6G, bottom).
Guanabenz, however, drastically increased PLP1 mobiliza-
tion into processes, rescued MBP fluorescence intensity,
and increased the prevalence of tracts, although they were
still less prevalent and shorter than for controls (Figure 6H).

Discussion

Historically, PMD has been a challenging disease to
parse. Affected individuals present with symptoms across

(C) Representative images of oligodendrocytes after 35 days of treatment with 2.5 uM guanabenz (n = 2 technical replicates) and immu-
nostaining for O4, SOX10, and PLP1. Note the improvement of cell morphology in PMD10-derived, but not PMD2-derived, oligoden-
drocytes. Also, compared with those in Figure 4B, untreated PMD10 cells here demonstrate PLP1 diffusing throughout the cell body in
addition to intense perinuclear signal. This appears to be due to a longer period of culture between passaging and immunostaining,
which possibly allowed the cells a degree of recovery from the added extrinsic stress of passaging. Scale bars represent 25 pm.
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Figure 6. Modulation of the ER Stress Response in Oligodendrocytes Co-cultured with DRG Neurons

(A) Schematic of the experimental stage, oligodendrocyte morphology, and insights presented in this figure.

(B) Representative images of untreated NC2 oligodendrocytes demonstrating the two distinct morphologies appreciable in co-culture by
immunostaining with PLP1 versus MBP. PLP1 signal marks the oligodendrocyte cell body, processes, and early tracts extending along
neurons (white arrowheads). MBP signal is restricted to the tracts and is indicative of early axonal ensheathment. Scale bars represent
50 pm.

(C-E) Representative PLP1 (top) and MBP (bottom) immunofluorescence images of PMD2 oligodendrocytes co-cultured with neurons
and untreated (C) or treated with 100 nM GSK2656157 (D) or 2.5 uM guanabenz (E) (n = 2 technical replicates). Note the rescue of
MBP-positive cell processes’ morphology when treated with GSK26157. Scale bars represent 25 pm.

(F-H) Representative PLP1 (top) and MBP (bottom) immunofluorescence images of PMD10 oligodendrocytes co-cultured with neurons
and untreated (F) or treated with 100 nM GSK2656157 (G) or 2.5 uM guanabenz (H) (n = 2 technical replicates). Note the rescue of PLP1
distribution in treated oligodendrocytes (G and H). White arrowheads depict tracts of myelin along neuronal axons (G and H). Scale bars
represent 25 pm.
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a spectrum of disease severity, and there are no direct links
between an individual’s unique PLP1 mutation and the eti-
ology or course of their disease. The inaccessibility of pri-
mary oligodendrocytes severely limits direct studies in hu-
mans, and it would be prohibitively expensive and time
consuming to model the hundreds of different PMD-
linked PLP1 mutations in animals. In this study, by taking
advantage of natural mutational diversity and recent ad-
vancements in hiPSC-based disease modeling, we demon-
strated the feasibility of generating, differentiating, and
assessing a panel of hiPSCs that capture the full spectrum
of PMD'’s clinical and genetic heterogeneity. We character-
ized hiPSCs, OPCs, and oligodendrocytes from 12 individ-
uals with PMD and identified shared and individual defects
spanning PLP1 expression, PLP1 splicing, OPC production,
oligodendrocyte morphology, and response to small-mole-
cule therapeutics.

Although PLP1 is restricted to the oligodendrocyte line-
age, DM20 mRNA is robustly transcribed in pluripotent
cells,® providing an opportunity for rapid assessment of
mutation-specific transcript defects in a scalable, homoge-
neous population of cells. DM20, the OPC-specific isoform
of PLP1 and the sole isoform expressed in hiPSCs, limited
our ability to interpret the effects of mutations in the
PLP1-specific region of exon 3b. However, we were inter-
ested to discover that, although neither the point muta-
tions nor the partial deletion showed any effect on DM20
expression levels, the duplication and triplication showed
2- and 3-fold higher expression, respectively, than did
controls. Given the fact that PLP1 in a normal hemizygous
individual constitutes as much as 50% of myelin’s total
protein, we speculate that this linear relationship between
copy number and mRNA expression could lead to excess
protein abundance in oligodendrocytes of individuals
with supernumerary copies of PLPI1. This linear trend has
not been reported previously in animals.®> However, those
studies were performed on whole brain tissue, wherein
OPCs are but a small fraction of the total cell population.
Alternately, when protein is actually translated in OPCs
and oligodendrocytes, it is possible that PLP1’s overabun-
dance could trigger a degree of feedback regulation that
we cannot appreciate in hiPSCs.

The presence of DM20 mRNA also enables analysis of
splicing and structural defects in hiPSCs. Importantly,
whereas protein levels vary by cell type and can be inferred
only from hiPSC studies, splicing defects have a direct and
immutable impact on protein structure across cell types.
We confirmed a prior report of PLP1 exon 6 skipping
caused by a mutation of the +3 nucleotide of intron 5.
Skipping of exon 6 causes an in-frame deletion of 22 amino
acids, including part of PLP1’s putative fourth transmem-
brane domain. Next, we demonstrated that our partial
deletion causes an in-frame fusion of exon 3a to the distal
portion of exon 4 with no additional mis-splicing or
decrease in expression. Similarly, we found that a mutation
at the +750 nucleotide of intron 3 does not appear to affect
splicing or expression in hiPSCs. Collectively, mRNA ana-

lyses in hiPSCs provide a rapid and minimally invasive
means of identifying convergent structural and expression
defects caused by disparate PLP1 mutations. As more muta-
tions are characterized, this approach could eventually
allow subgrouping of mutations by mRNA defect and aid
in predicting individuals’ prognoses.

Differentiating hiPSCs to OPCs provides important
insight into cell-intrinsic pathologic consequences of
disparate PLP1 mutations. Although we anticipated that
certain mutations could lead to an OPC defect, we were
surprised that two-thirds of the PMD cultures were severely
depleted of OPCs. On the basis of prior imaging and pa-
thology studies, PMD has traditionally been considered a
disease of myelin production and structure and thus pre-
dominantly a defect of oligodendrocytes.!” Our findings
contradict this generalization and suggest that for at least
a subset of individuals with PMD, a precedent defect at
the OPC stage would limit subsequent oligodendrocyte
production and thus preempt myelination. Of particular
note, mutations within the PLPI-specific region of exon
3b (e.g., PMD3 and PMD4) would not be expected to man-
ifest in OPCs, given the predicted expression of the DM20
splice isoform. Yet here, PMD3 cultures were some of the
most severely depleted in the entire panel. This apparent
paradox would have been difficult to appreciate without
the ability to directly compare against the spectrum of
other PMD-derived cultures. It is important to acknowl-
edge that this single time point is not sufficient for
discerning whether relative reductions in OPCs are due
to a block of proliferation, failure of migration out of
neurospheres, premature cell maturation and loss of the
PDGFRA marker, or outright cell death. Nonetheless, our
collective results suggest that prevalent, OPC-intrinsic de-
fects strongly contribute to phenotypic variability. Most
importantly, these findings suggest that future therapeutic
development could necessitate earlier intervention than
previously appreciated.

On the basis of simultaneous comparative phenotyping
of the 12 individuals in our panel, we identified three
distinct classes of cellular defects in PMD-derived oligoden-
drocytes: failure to produce oligodendrocytes, failure to
produce PLP1" oligodendrocytes, and perinuclear reten-
tion of PLP1. A point mutation in intron 3 and a PLP1 trip-
lication were the only cultures that did not generate any
04" or PLP17" oligodendrocytes, even though these cultures
had previously generated robust numbers of OPCs. This
could be due to either a block in the maturation of OPCs
to oligodendrocytes or rapid death of newly formed oligo-
dendrocytes as PLP1 production is upregulated. Of the re-
maining cultures, oligodendrocytes were either O4"PLP1~
or O4"PLP17, but the PLP1 signal was completely retained
perinuclearly. Perinuclear localization is a hallmark of pro-
tein misfolding and ER retention and has previously been
demonstrated in vitro in two human oligodendrocyte lines
with PLP1 point mutations, one of which corresponds with
our PMD6 mutation.*' Additionally, across both of these
categories, all oligodendrocytes presented with severe
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defects of process extension and branching. The function of
PLP1 has not been fully established. However, PLP1 has
been implicated in both OPC migration®® and as a bridge
between the membrane and cytoskeleton.®® It is possible
that, in the absence of PLP1, cell processes become insensi-
tive to stimuli that would normally trigger them to extend.
Similarly, observed deficits in distal branching could be sec-
ondary to failed process extension or result from loss of
PLP1’s structural cytoskeletal support. Identification of a
mutation where cells extend processes that are of normal
length but completely unbranched could elucidate this
further. Ultimately, the fact that an individual’s mutation
and clinical presentation alone were not predictive of their
cellular phenotype highlights the power of this platform to
categorize disparate PLP1 mutations, enabling the develop-
ment of PMD-subgroup-specific prognoses and therapeutic
plans.

The genetic breakdown of our perinuclear retention
cohort was intriguing because it contained a substitution
of a proline in an extracellular loop, a substitution of a
leucine in a transmembrane domain, and a full PLPI
duplication. Prior studies in animal and human models
have implicated ER stress as a pathogenic result of partic-
ular PLP1 mutations,*"%”~"! but the larger PMD commu-
nity has struggled to leverage these findings to treat the
general PMD population. We suspect that this is due to
intrinsic differences in the types of mutations being tar-
geted. To address this, we treated our duplication and
transmembrane point mutations with two small mole-
cules that modulate ER stress in two completely oppo-
site manners. GSK2656157, a newly described PERK in-
hibitor, targets the initiation of the pathway, averting
the negative downstream effects of a continuous ER stress
response, particularly apoptosis. At the other end, guana-
benz, a GADD34 inhibitor, deliberately prolongs the stress
response, maintaining expression of molecular chaper-
ones to promote clearance of misfolded protein aggre-
gates. The point mutation and duplication responded
variably to these two approaches. In the case of the
duplication, both inhibiting and enhancing the ER
stress pathway had a drastic positive effect, relieving the
stress sufficiently for oligodendrocytes to reestablish
normal morphologies. The point mutation, however,
contains a gain-of-function mutation that shows only
partial response to inhibition of ER stress and no response
to enhanced refolding. It is possible that this mutation is
simply refractory to refolding. However, because PLP1 was
observed to mobilize into the processes with GSK2656157
treatment yet the cells did not fully recover morphologi-
cally, it is more likely that the position of this mutation
disrupts either membrane integration or a functional
domain of PLP1. Further characterization and titration
of GSK2656157 will provide a foundation for assessment
of this and other small-molecule therapeutics for person-
alized applications in the future.

The neuron-oligodendrocyte co-culture system provides
a model of the endogenous structural environment that in-

fluences oligodendrocyte and myelin biology in the brain,
providing additional insight into the nuances of PMD
pathogenesis. Using this in vitro system, we demonstrated
that individual PMD phenotypes can be modulated to
restore oligodendrocyte morphology and axonal tracking.
As opposed to our initial monoculture system, the co-cul-
ture system revealed more appreciable differences between
PMD oligodendrocytes’ responses to GSK2656157 and
guanabenz. It was interesting to observe that untreated
cells’ morphologies were improved in this system, presum-
ably as a result of supportive factors released by the neu-
rons that were absent from our media conditions and less
frequent passaging and the extrinsic stress that entails.
The transmembrane point mutation again demonstrated
improvement of cell morphology when the ER stress
response was completely shut down by GSK2656157 but
nonetheless could not associate with neurons. This further
confirms that ER stress exacerbates the pathogenesis of this
mutation, but persistence of the mutation itself prevents
true functional restoration by GSK2656157 alone. On the
other hand, the duplication showed a dramatic response
when the ER stress response was prolonged by guanabenz.
Presumably, whereas inhibition of ER stress leaves mis-
folded protein stuck in the ER, the prolonged action of
chaperones and other protective molecules triggered by
ER stress promotes folding and mobilization of PLP1 to
its ultimate destination in the emerging myelin sheath.

Since their first report a decade ago, hiPSCs have been
transformed into a multitude of different cell types,
providing invaluable insights into human health and dis-
ease. hiPSC technologies are a particular boon to the study
of PMD and other leukodystrophies, obviating many of the
challenges that have previously limited our ability to
model and investigate oligodendrocyte dysfunction. Using
hiPSC technologies, we can now generate the entire oligo-
dendrocyte lineage in the laboratory, model the full pro-
gression of disease pathology, and observe pathogenesis
in real time. Importantly, many of the defects we report
here could not have been predicted by individuals’ clinical
histories or mutations alone. However, characterization of
these defects across all samples in parallel enabled identifi-
cation of distinct subclasses of cellular and molecular path-
ogeneses that now link disparate PLP1 mutations. We hope
this work will serve as a foundation for the assessment of
oligodendrocyte dysfunction throughout the greater com-
munity of genetic myelin diseases.
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Human Demographic History Impacts
Genetic Risk Prediction across Diverse Populations

Alicia R. Martin,1.23.4 Christopher R. Gignoux,* Raymond K. Walters,1.23 Genevieve L. Wojcik,*
Benjamin M. Neale,1.23 Simon Gravel,>¢ Mark J. Daly,1.23 Carlos D. Bustamante,*
and Eimear E. Kenny?7.8.9,10,*

The vast majority of genome-wide association studies (GWASs) are performed in Europeans, and their transferability to other popula-
tions is dependent on many factors (e.g., linkage disequilibrium, allele frequencies, genetic architecture). As medical genomics studies
become increasingly large and diverse, gaining insights into population history and consequently the transferability of disease risk mea-
surement is critical. Here, we disentangle recent population history in the widely used 1000 Genomes Project reference panel, with an
emphasis on populations underrepresented in medical studies. To examine the transferability of single-ancestry GWASs, we used pub-
lished summary statistics to calculate polygenic risk scores for eight well-studied phenotypes. We identify directional inconsistencies in
all scores; for example, height is predicted to decrease with genetic distance from Europeans, despite robust anthropological evidence
that West Africans are as tall as Europeans on average. To gain deeper quantitative insights into GWAS transferability, we developed a
complex trait coalescent-based simulation framework considering effects of polygenicity, causal allele frequency divergence, and heri-
tability. As expected, correlations between true and inferred risk are typically highest in the population from which summary statistics
were derived. We demonstrate that scores inferred from European GWASs are biased by genetic drift in other populations even when
choosing the same causal variants and that biases in any direction are possible and unpredictable. This work cautions that summarizing
findings from large-scale GWASs may have limited portability to other populations using standard approaches and highlights the need

for generalized risk prediction methods and the inclusion of more diverse individuals in medical genomics.

Introduction

The majority of genome-wide association studies (GWASs)
have been performed in populations of European de-
scent.'™ An open question in medical genomics is the de-
gree to which these results transfer to new populations.
GWASs have yielded tens of thousands of common genetic
variants significantly associated with human medical and
evolutionary phenotypes, most of which have replicated
in other ethnic groups.>” However, GWASs are optimally
powered to discover common variant associations, and the
European bias in GWASs results in associated SNPs with
higher minor allele frequencies on average compared to
other populations. The predictive power of GWAS findings
and genetic diagnostic accuracy in non-Europeans are there-
fore limited by population differences in allele frequencies
and linkage disequilibrium structure. For example, a previ-
ous study showed that the accuracy of breeding values and
genomic prediction decays approximately linearly with
increasing divergence between the discovery and target pop-
ulation.® Additionally, multiple individuals with African
ancestry have received false positive misdiagnoses of hyper-
trophic cardiomyopathy that would have been prevented
with the inclusion of even small numbers of African Ameri-

cans in these studies.’ Further, a previous study finding that
96% of GWAS participants are of FEuropean descent' has
recently been updated; although the non-European propor-
tion of GWAS participants has increased to nearly 20%, this
is primarily driven by Asian individuals, and the proportion
of individuals with African and Hispanic/Latino ancestry in
GWASs has remained essentially unchanged.*

As GWAS sample sizes grow to hundreds of thousands of
samples, they also become better powered to detect rare
variant associations.'®'? Large-scale sequencing studies
have demonstrated that rare variants show stronger
geographic clustering than common variants.'>'> Rare,
disease-associated variants are therefore expected to track
with recent population demography and/or be population
restricted.'*'%'® As the next era of GWASs expands to
evaluate the disease-associated role of rare variants, it is
not only scientifically imperative to include multi-ethnic
populations, it is also likely that such studies will
encounter increasing genetic heterogeneity in very large
study populations. A comprehensive understanding of
the genetic diversity and demographic history of multi-
ethnic populations is critical for appropriate applications
of GWASs and ultimately for ensuring that genetics does
not contribute to or enhance health disparities.*
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The most recent release of the 1000 Genomes Project
(phase 3) provides one of the largest global reference
panels of whole-genome sequencing data, enabling a
broad survey of human genetic variation.'® The depth
and breadth of diversity queried facilitates a deep under-
standing of the evolutionary forces (e.g., selection and
drift) shaping existing genetic variation in present-
day populations that contribute to adaptation and
disease.?’%> Studies of admixed populations have been
particularly fruitful in identifying genetic adaptations
and risk for diseases that are stratified across diverged
ancestral origins.?®>! Admixture patterns became espe-
cially complex during the peopling of the Americas, with
extensive recent admixture spanning multiple continents.
Processes shaping structure in these admixed populations
include sex-biased migration and admixture, isolation-
by-distance, differential drift in mainland versus island
populations, and variable admixture timing.'*3>33

Standard GWAS strategies approach population struc-
ture as a nuisance factor. A typical stepwise procedure first
detects dimensions of global population structure in each
individual, using principal-component analysis (PCA) or
other methods,**” and often excludes “outlier” individ-
uals from the analysis and/or corrects for inflation arising
from population structure in the statistical model for
association. Such strategies reduce false positives in test
statistics, but can also reduce power for association in
heterogeneous populations and are less likely to work for
rare variant association.*®3° Recent methodological
advances have leveraged patterns of global and local
ancestry for improved association power,?”*%*! fine-map-
ping,*? and genome assembly.** At the same time, popula-
tion genetic studies have demonstrated the presence of
fine-scale sub-continental structure in the African, Native
American, and European components of populations
from the Americas.**™*” If trait-associated variants follow
the same patterns of demography, then we expect that
modeling sub-continental ancestry may enable their
improved detection in admixed populations.

The dawn of the GWAS era saw limited success in identi-
fying genome-wide significant loci associated with disease,
and a major endeavor to better understand the genetic
architecture of complex traits emerged. The peaks that
met genome-wide significance typically did not explain a
significant fraction of the phenotypic variance, and a
major goal to estimate how many more signals remained
yet to be discovered arose; this objective ushered in a
wave of methodological development in heritability, linear
mixed models, and polygenic risk prediction, as discussed
and reviewed extensively elsewhere.'*¥¢ Numerous
complex traits have been studied with cohort sizes in the
hundreds of thousands, and yet in each case there are
many more signals that improve prediction accuracy
than meet genome-wide significance.*®>’~5° For example,
including only genome-wide significant loci in the predic-
tion of schizophrenia explains <3% of the phenotypic
variance, whereas loci meeting the significance threshold

that optimally balances signal versus noise (in this case,
p < 0.1) in the meta-analysis explains considerably more
(>18%) of the phenotypic variance.'! Because the predic-
tion accuracy, which is usually measured via prediction
R?, Nagelkerke’s R?, or receiver operator curve AUC, of
polygenic risk scores is currently low for most traits,>®
genetic risk prediction is not clinically viable at present,
but polygenic risk scores have nonetheless repeatedly
proven valuable in research contexts across a multitude
of complex traits'!*®%%5 and will become increasingly
useful as GWAS sample sizes grow.> Additionally, several
methodological advancements to the standard approach
have recently been undertaken.>®°6-6%

In this study, we explore the impact of population diver-
sity on the landscape of variation underlying human traits.
We infer demographic history for the global populations in
the 1000 Genomes Project, focusing particularly on ad-
mixed populations from the Americas, which are under-
represented in medical genetic studies.* We disentangle
local ancestry to infer the ancestral origins of these popula-
tions. We link this work to ongoing efforts to improve study
design and disease variant discovery by quantifying biases
in clinical databases and GWASs in diverse and admixed
populations. These biases have a striking impact on genetic
risk prediction; for example, a previous study calculated
polygenic risk scores for schizophrenia in East Asians and
Africans based on GWAS summary statistics derived from
a European cohort and found that prediction accuracy
was reduced by more than 50% in non-European popula-
tions.®” To disentangle the role of demography on poly-
genic risk prediction derived from single-ancestry GWASs,
we designed a coalescent-based simulation framework re-
flecting modern human population history and show that
polygenic risk scores derived from European GWASs are
biased when applied to diverged populations. Specifically,
we identify reduced variance in risk prediction with
increasing divergence from Europe reflecting decreased
overall variance explained, and demonstrate that an enrich-
ment of low-frequency risk and high-frequency protective
alleles contribute to an overall protective shift in European
inferred risk on average across traits. Our results highlight
the need for the inclusion of more diverse populations
in GWASs as well as genetic risk prediction methods
improving transferability across populations.

Material and Methods

Ancestry Deconvolution

We used the phased haplotypes from the 1000 Genomes con-
sortium. We phased reference haplotypes from 43 Native
American samples from Mao et al. inferred to have >0.99
Native ancestry in ADMIXTURE using SHAPEIT2 (v.2.r778),”°
then merged the haplotypes using scripts made publicly avail-
able. These combined phased haplotypes were used as input to
the PopPhased version of RFMix v.1.5.4”" with the following
flags: -w 0.2, -e 1, -n 5, --use-reference-panels-in-EM, --forward-
backward EM. The node size of 5 was selected to reduce bias in
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random forests resulting from unbalanced reference panel sizes
(AFR panel N = 504, EUR panel N = 503, and NAT panel
N = 43). We used the default minimum window size of 0.2 cM
to enable model comparisons with previously inferred models
using Tracts.”> We used 1 EM iteration to improve the local
ancestry calls without substantially increasing computational
complexity. We used the reference panel in the EM to take better
advantage of the Native American ancestry tracts from the
Hispanic/Latinos in the EM given the small NAT reference panel.
We set the LWK, MSL, GWD, YRI, and ESN as reference African
populations, the CEU, GBR, FIN, IBS, and TSI as reference
European populations, and the samples from Mao et al.®’ with
inferred >0.99 Native ancestry as reference Native American
populations, as in Abecasis et al.”*

Ancestry-Specific PCA

We performed ancestry-specific PCA, as described in Moreno-Es-
trada et al.>? The resulting matrix is not necessarily orthogonal-
ized, so we subsequently performed singular value decomposition
in python 2.7 using numpy. There were a small number of major
outliers, as seen previously.>* There was one outlier (ASW individ-
ual NA20314) when analyzing the African tracts, which was ex-
pected as this individual has no African ancestry. There were eight
outliers (PUR HG00731, PUR HGO00732, ACB HG01880, ACB
HGO01882, PEL HG01944, ACB HG02497, ASW NA20320, ASW
NA20321) when analyzing the European tracts. Some of these in-
dividuals had minimal European ancestry, had South or East Asian
ancestry misclassified as European ancestry resulting from a
limited 3-way ancestry reference panel, or were unexpected out-
liers. As described in the PCAmask manual, a handful of major out-
liers sometimes occur. As AS-PCA is an iterative procedure, we
therefore removed the major outliers for each sub-continental
analysis and orthogonalized the matrix on this subset.

Tracts
The RFMix output was collapsed into haploid bed files, and “UNK”
or unknown ancestry was assigned where the posterior probability
of a given ancestry was <0.90. These collapsed haploid tracts were
used to infer admixture timings, quantities, and proportions for
the ACB and PEL (new to phase 3) using Tracts.”> Because the
ACB have a very small proportion of Native American ancestry,
we fit three 2-way models of admixture, including one model of
single- and two models of double-pulse admixture events, using
Tracts. In both of the double-pulse admixture models, the model
includes an early mixture of African and European ancestry fol-
lowed by another later pulse of either European or African
ancestry. We randomized starting parameters and fit each model
100 times and compared the log-likelihoods of the model fits.
The single-pulse and double-pulse model with a second wave of
African admixture provided the best fits and reached similar log-
likelihoods, with the latter showing a slight improvement in fit.
We next assessed the fit of nine different models in Tracts for the
PEL,”? including several two-pulse and three-pulse models.
Ordering the populations as NAT, EUR, and AFR, we tested the
following models: ppp_ppp, PPP_PXP, PPP_XXP, PPX_XXD,
PPX_XXP_PpPX, PPX_XXP_PXX, PPX_XXP_pXp, PPX_XXp_xpX, and
ppx_xxp_xxp, where the order of each letter corresponds with
the order of populations given above, an underscore indicates a
distinct migration event with the first event corresponding with
the most generations before present, p corresponds with a pulse
of the ordered ancestries, and x corresponds with no input from

the ordered ancestries. We tested all nine models preliminarily
three times, and for all models that converged and were within
the top three models, we subsequently fit each model with 100
starting parameter randomizations.

Imputation Accuracy

Imputation accuracy was calculated using a leave-one-out internal
validation approach. Two array designs were compared for this
analysis: Illumina OmniExpress and Affymetrix Axiom World
Array LAT. Sites from these array designs were subset from chromo-
some 9 of the 1000 Genomes Project Phase 3 release for admixed
populations. After fixing these sites, each individual was imputed
using the rest of the dataset as a reference panel.

Overall imputation accuracy was binned by minor allele fre-
quency (0.5%-1%, 1%-2%, 2%-3%, 3%-4%, 4%-5%, 5%-10%,
10%-20%, 20%-30%, 30%-40%, 40%-50%) comparing the geno-
typed true alleles to the imputed dosages. A second round of ana-
lyses stratified the imputation by local ancestry diplotype, which
was estimated as described earlier. Within each ancestral diplotype
(AFR_AFR, AFR_NAT, AFR_EUR, EUR_EUR, EUR_NAT, NAT_NAT),
imputation accuracy was again estimated within MAF bins.

Empirical Polygenic Risk Score Inferences

In the most standard approach, genetic risk scores for a target
cohort are generated using genome-wide summary statistics from
a discovery GWAS with a set of SNPs common to both studies.
From this starting set of SNPs, a further reduced set of pruned,
approximately independent SNPs are then identified through a
greedy clumping algorithm. Typically, progressively larger sets of
SNPs defined by a range of p value thresholds (e.g., p < 5 x 1075,
1x107°,1x107% 1 x 1073, 0.01, etc.) are evaluated to identify
the best model balancing the signal to noise ratio to maximize
phenotypic variance explained.*”~*® Once the optimal significance
threshold and the final set of pruned, approximately independent
set of SNPs have been selected, a polygenic risk score for each
individual in a target sample is computed as the sum of the count
of risk alleles weighted by the effect size (e.g., log odds ratio).

To compute polygenic risk scores in the 1000 Genomes samples
using summary statistics from previous GWASs, we first filtered to
biallelic SNPs and removed ambiguous AT/GC SNPs from the inte-
grated 1000 Genome call set. To get relatively independent associ-
ations when multiple significant p value associations are in the
same region in a GWAS (i.e., in LD), we performed clumping in
plink using the --clump flag for all variants with MAF > 0.01,”*
which uses a greedy algorithm ordering SNPs by p value, then
selectively removes SNPs within close proximity and LD in
ascending p value order (i.e., starting with the most significant
SNP). As a population cohort with similar LD patterns to the study
sets, we used European 1000 Genomes samples (CEU, GBR, FIN,
IBS, and TSI). To compute the polygenic risk scores, we considered
all SNPs with p values < 1 x 10~2 in the GWAS, a window size
of 250 kb, and an R? threshold of 0.5 in Europeans to group
SNPs. After obtaining the most significant, approximately inde-
pendent signals (Table S4), we computed polygenic scores using
the --score flag in plink.”*

Polygenic Risk Score Simulations

We simulated genotypes in a coalescent framework with msprime
v.1.37® for chromosome 20 incorporating a recombination map of
GRCh37 and an assumed mutation rate of 2 x 10~® mutations /
(base pair * generation). We used a demographic model previously
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Figure 1. Sub-continental Diversity and Origins of African, European, and Native American Components of Recently Admixed
American Populations
(A) ADMIXTURE analysis at K = 3 focusing on admixed Americas samples, with the NAT,*® CEU, and YRI as reference populations.

(legend continued on next page)
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inferred using 1000 Genomes sequencing data'* to simulate indi-
viduals that reflect European, East Asian, and African population
histories. We focus on these populations as the demography has
previously been modeled and this avoids the challenges of simu-
lating the geographically heterogeneous*’ and sex-biased process
of admixture in the Americas.”® To imitate a GWAS with European
sample bias and evaluate polygenic risk scores in other popula-
tions, we simulated 200,000 European, 200,000 East Asian, and
200,000 African individuals. Next, we assigned “true” causal effect
sizes to m evenly spaced alleles. Specifically, we randomly assigned

effect sizes as
hZ
B~N (0, H)

where the normal distribution is specified by the mean and stan-
dard deviation (as in python’s numpy package). For all other
non-causal sites, the effect size is zero. We then define X as

X= Zgiﬁi
i1

where g; are the genotype states (i.e., 0, 1, or 2). To handle varying
allele frequencies and potential weak LD between causal sites, to
ensure a neutral model with random true polygenic risks with
respect to allele frequencies, and to obtain the total desired vari-
ance, we normalize X as

X,
Zy =2 Mx
Tx

We then compute the true polygenic risk score as
G=Vh«Zy

such that the total variance of the scores is #%. We also simulated
environmental noise and standardize to ensure equal variance be-
tween normalized genetic and environmental effects before,
defining the environmental effect E as

e=N(0,1-n?)
Zgzﬂ
o.é‘
E=V1-hx+Z,

such that the total variance of the environmental effect is 1 — h’.
We then define the total liability as

L=vVi2+Zxy+V1—h+Z,

=G+E.

We assigned 10,000 European individuals at the most extreme
end of the liability threshold “case” status assuming a prevalence
of 5%. We randomly assigned 10,000 different European individ-
uals “control” status. We ran a GWAS with these 10,000 European

case subjects and 10,000 European control subjects, computing
Fisher’s exact test for all sites with MAF > 0.01. As before for empir-
ical polygenic risk score calculations from real GWAS summary
statistics, we clumped these SNPs into LD blocks for all sites with
p <1 x 1072, and R? < 0.5 in Europeans within a window size of
250 kb. We used these SNPs to compute inferred polygenic risk
scores as before, summing the product of the log odds ratio and ge-
notype for the true polygenic risk in a cohort of 10,000 simulated
European, African, and East Asian individuals (all not included in
the simulated GWAS). We compared the true versus inferred poly-
genic risk scores for these individuals across varying complexities
(m = 200, 500, 1,000) and heritabilites (h? = 0.33, 0.50, 0.67).

Results

Genetic Diversity within and between Populations in the
Americas

We first assessed the overall diversity at the global and
sub-continental level of the 1000 Genomes Project
(phase 3) populations’® using a likelihood model via
ADMIXTURE’” and PCA”® (Figures S1 and S2). The six pop-
ulations from the Americas demonstrate considerable con-
tinental admixture, with genetic ancestry primarily from
Europe, Africa, and the Americas, recapitulating previously
observed population structure.'® To quantify continental
genetic diversity in these populations, we repeated the
analysis using YRI, CEU, and NAT®® samples as reference
panels (population labels and abbreviations in Table S1).
We observed widely varying continental admixture contri-
butions in the six populations from the Americas at K = 3
(Figure 1A and Table S2). For example, when compared to
the ASW, the ACB have a higher proportion of African
ancestry (n = 0.88, 95% CI = [0.87-0.89] versus p = 0.76,
95% CI = [0.73-0.78]; two-sided t test p = 3.0 x 10~ '3)
and a smaller proportion of EUR and NAT ancestry. The
PEL have more NAT ancestry than all of the other AMR
populations (n = 0.77, 95% CI = [0.75-0.80] versus CLM:
u = 0.26, 95% CI = [0.24, 0.27], p = 2.9 x 10~ °%; PUR:
= 0.13, 95% CI = [0.12, 0.13], p = 4.8 x 107°% and
MXL: p = 0.47, 95% CI = [0.43, 0.50], p = 1.7 x 10~ 29)
ascertained in 1000 Genomes.

We explored the origin of the subcontinental-level
ancestry from recently admixed individuals by iden-
tifying local ancestry tracts?®**77? (Material and
Methods, Figure S3). As proxy sources of populations for
the recent admixture, we used EUR and AFR continental
samples from the 1000 Genomes Project as well as NAT
samples genotyped previously.®” Concordance between
global ancestry estimates inferred using ADMIXTURE at
K = 5 and RFMix was typically high (Pearson’s correla-
tion >98%, see Figure S4). Using Tracts,”*> we modeled

(B, D, and F) Local ancestry karyograms for representative PEL individual HG01893 with (B) African, (D) European, and (F) Native

American components shown.

(C, E, and G) Ancestry-specific PCA applied to admixed haploid genomes as well as ancestrally homogeneous continental reference
populations from 1000 Genomes (where possible) for (C) African tracts, (E) European tracts, and (G) Native American tracts. A small
number of admixed samples that constituted major outliers from the ancestry-specific PCA analysis were removed, including (C) one
ASW sample (NA20314) and (E) eight samples, including three ACB, two ASW, one PEL, and two PUR samples.
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the length distribution of the AFR, EUR, and NAT tracts to
infer that admixing began ~12 and ~8 generations ago in
the PEL and ACB populations, respectively (Figure S5),
consistent with previous estimates from other populations
from the Americas.**”%32

We further investigated the subcontinental ancestry of
admixed populations from the Americas one ancestry at
a time using a version of PCA modified to handle highly
masked data (ancestry-specific or AS-PCA) as implemented
in PCAmask.*? Example ancestry tracts in a PEL individual
subset to AFR, EUR, and NAT components are shown in
Figures 1B, 1D, and 1F, respectively. Consistent with previ-
ous observations, the inferred European tracts in Hispanic/
Latino populations most closely resemble southern Euro-
pean IBS and TSI populations with some additional
drift>* (Figure 1E). The European tracts of the PUR are
more differentiated compared to the CLM, MXL, and PEL
populations, consistent with sex bias (Figure S6 and Table
S3) and excess drift from founder effects in this island pop-
ulation.*? In contrast to the southern European tracts from
the Hispanic/Latino populations, the African descent pop-
ulations in the Americas have European admixture that
more closely resembles the northwestern CEU and GBR
European populations. The clusters are less distinct, owing
to lower overall fractions of European ancestry, but the
European components of the Hispanic/Latino and African
American populations are significantly different (Wil-
coxon rank sum test p = 2.4 x 10,

The ability to localize aggregated ancestral genomic
tracts enables insights into the evolutionary origins of
admixed populations. To disentangle whether the consid-
erable Native American ancestry in the ASW individuals
arose from recent admixture with Hispanic/Latino individ-
uals or recent admixture with indigenous Native American
populations, we queried the European tracts. We find that
the European tracts of all ASW individuals with consider-
able Native American ancestry are well within the ASW
cluster and project closer in Euclidean distance with AS-
PC1 and AS-PC2 to northwestern Europe than the Euro-
pean tracts from Hispanic/Latino samples (p = 1.15 X
10~%), providing support for the latter hypothesis and
providing regional nuance to previous findings.**

We also investigated the African origin of the admixed
AFR/AMR populations (ACB and ASW), as well as the
Native American origin of the Hispanic/Latino popula-
tions (CLM, MXL, PEL, and PUR). The African tracts of
ancestry from the AFR/AMR populations project closer to
the YRI and ESN of Nigeria than the GWD, MSL, and
LWK populations (Figure 1C). This is consistent with slave
records and previous genome-wide analyses of African
Americans indicating that most sharing occurred in West
and West-Central Africa.>*? There are subtle differences
between the African origins of the ACB and ASW popula-
tions (e.g., difference in distance from YRI on AS-PC1
and AS-PC2 p = 6.4 x 10°°), likely due either to mild
island founder effects in the ACB samples or differences
in African source populations for enslaved Africans who

remained in Barbados versus those who were brought
to the USA. The Native tracts of ancestry from the AMR
populations first separate the southernmost PEL popula-
tions from the CLM, MXL, and PUR on AS-PC1, then
separate the northernmost MXL from the CLM and
PUR on AS-PC2, consistent with a north-south cline of
divergence among indigenous Native American ancestry
(Figure 1G).>*%3

Impact of Continental and Sub-continental Diversity on
Disease Variant Mapping

To investigate the role of ancestry in phenotype interpreta-
tion from genetic data, we assessed diversity across popula-
tions and local ancestries for recently admixed populations
across the whole genome and sites from two reference da-
tabases: the GWAS catalog and ClinVar pathogenic and
likely pathogenic sites. We recapitulate results showing
that there is less variation across the genome (both
genome-wide and on the Affymetrix 6.0 GWAS array sites
used in local ancestry calling) in out-of-Africa versus Afri-
can populations, but that GWAS variants are more poly-
morphic in European and Hispanic/Latino populations
(Figures S7A, S7B, S8A, and S8B). We use a normalized mea-
sure of the minor allele frequency, an indicator of the
amount of diversity captured in a population, to obtain a
background coverage of each population, as done previ-
ously (e.g., Figure S4 from Auton et al.'?). We show that
the Affymetrix 6.0 array has a slight European bias (Figures
S5A and S6A). We compared the site frequency spectrum of
variants across the genome versus at GWAS catalog sites
and identify elevated allele frequencies at GWAS catalog
loci, particularly in populations with more European
ancestry (e.g., the EUR, AMR, and SAS super populations,
Figures S5C and SSD). We further compared heterozygosity
(estimated here as 2pq) and the site frequency spectrum in
recently admixed populations across diploid and haploid
local ancestry tracts, respectively. Sites in the GWAS cata-
log and ClinVar are more and less common than
genome-wide variants, respectively (Figure 2). Whereas
heterozygosity across the whole genome is highest in Afri-
can ancestry tracts, it is consistently the greatest in Euro-
pean ancestry tracts across these databases (Figures 2,
S8C, and S8D), reflecting a strong bias toward European
study participants.’~*1%8% These results highlight imbal-
ances in genome interpretability across local ancestry
tracts in recently admixed populations and the utility of
analyzing these variants jointly with these ancestry tracts
over genome-wide ancestry estimates alone.

We also assessed imputation accuracy across the 3-way
admixed populations from the Americas (CLM, MXL,
PEL, PUR) for two arrays: the Illumina OmniExpress and
the Affymetrix Axiom World Array LAT. Imputation accu-
racy was estimated as the correlation (r?) between the
original genotypes and the imputed dosages. For both
array designs, imputation accuracy across all minor allele
frequency (MAF) bins was highest for populations with
the largest proportion of European ancestry (PUR) and
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lowest for populations with the largest proportion of
Native American ancestry (PEL, Figures S9A and S9B). We
also stratified imputation accuracy by local ancestry tract
diplotype within the Americas. Consistently, tracts with
at least one Native American ancestry tract had lower
imputation accuracy when compared to tracts with only
European and/or African ancestry (Figures 3 and S10).

Transferability of GWAS Findings across Populations

To quantify the transferability of European-biased genetic
studies to other populations, we next used published
GWAS summary statistics to infer polygenic risk scores*®
across populations for well-studied traits, including
height,'® waist-hip ratio,®® schizophrenia,'" type II dia-
betes,®>%” and asthma®® (Figures 4A-4D and S11, Material
and Methods). Most of these summary statistics are
derived from studies with primarily European cohorts,
although GWASs of type II diabetes have been performed

populations where it has been well

studied”’ and sharing significant ge-

netic risk across populations,’? shows
considerably decreased scores in Africans compared
to all other populations (Figure 4B). Lastly, the rela-
tive order of polygenic risk scores computed for type II
diabetes across populations differs depending on
whether the summary statistics are derived from a Euro-
pean-specific (Figure 4C) or multi-ethnic (Figure 4D)
cohort.

Ancestry-Specific Biases in Polygenic Risk Score
Estimates

We performed coalescent simulations to determine how
GWAS signals discovered in one ancestral case/control
cohort (i.e., “single-ancestry” GWAS) are expected to
impact polygenic risk score estimates in other populations
under neutrality using summary statistics (for details, see
Material and Methods). In brief, we simulated variants
according to a previously published demographic model
inferred from Africans, East Asians, and Europeans.'* We
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Figure 3.

Imputation Accuracy by Local Ancestry in the Americas

Accuracy was assessed via a leave-one-out strategy, stratified by diploid local ancestry on chromosome 9 for the Illumina OmniExpress
genotyping array. Dashed lines indicate heterozygous diploid ancestry, and solid lines show homozygous diploid ancestry.

specified “causal” alleles and effect sizes randomly, such
that each causal variant has evolved neutrally and has a
mean effect of zero with the standard deviation equal
to the global heritability divided by number of causal
variants. We computed the true polygenic risk for each in-
dividual as the product of the estimated effect sizes and
genotypes, then standardized the scores across all individ-
uals. We calculated the total liability as the sum of the
genetic and random environmental contributions, then
identified 10,000 European case subjects with the most
extreme liabilities and 10,000 other European control sub-
jects. We computed Fisher’s exact tests with this European
case-control cohort, then quantified inferred polygenic
risk scores as the sum of the product of genotypes and
log odds ratios for 10,000 samples per population not
included in the GWAS.

In our simulations and consistent with realistic coales-
cent models, most variants are rare and population spe-
cific; “causal” variants are sampled from the global site fre-
quency spectrum, resulting in subtle differences in true
polygenic risk across populations (Figures S12, 5A, and
5B). We mirrored standard practices for performing a
GWAS and computing polygenic risk scores (see above
and Material and Methods). While causal variants in our
simulations are drawn from the global site frequency spec-
trum and are therefore mostly rare, inferred scores are
derived specifically from common variants that are typi-
cally much more common in the study population than
elsewhere (here Europeans with case/control MAF >
0.01). Consequently, while the distribution of mean true

polygenic risk across simulation runs for each population
are not significantly different (Figure SA), the inferred
risk is less than zero in Europeans (p = 1.9 x 107°*, 95%
CI = [-84.3, —67.4]), slightly less than zero in East Asians
(p =59 x 105 95% CI = [-19.1, —6.6]), and not sig-
nificantly different from zero in Africans (Figure 5B); the
variance in inferred risk scores, a proxy for the fraction of
heritable variation explained, also decreases with this
trend. Specifically, when h* = 0.67 and m = 1,000 causal
markers, we find that the true and inferred polygenic risk
scores in the EUR population are significantly correlated
(i.e., non-zero, mean p=0.59, p< 1 x 1072%%), but the cor-
relations in EAS and AFR populations are significantly less
than in EUR (p =0.35and p = 1.5 x 107*%, p = 0.22 and p
<1 x 1072, respectively). Because of allele frequency dif-
ferences, number of SNPs, and inferred effect size differ-
ences along the frequency spectrum, the scale is orders of
magnitude different between the true and inferred raw,
unstandardized scores, cautioning that while they are
informative on a relative scale (Figures 5C and S11), their
absolute scale should not be over interpreted. The inferred
risk difference between populations is driven by the
increased power to detect minor risk alleles rather than
protective alleles in the study population,’® given the dif-
ferential selection of case and control subjects in the liabil-
ity threshold model. We demonstrate this empirically in
these neutral simulations within the European population
(Figure S14A), indicating that this phenomenon occurs
even in the absence of population structure and when
case and control cohort sizes are equal.
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We find that the correlation between true and inferred
polygenic risk is generally low (Figures 5C and S13), con-
sistent with limited variance explained by polygenic
risk scores from GWASs of these cohort sizes for height
(e.g., ~10% of variance explained for a cohort of size
183,727%%) and schizophrenia (e.g., ~7% variance ex-
plained for a cohort of size 36,989 case subjects and
113,075 control subjects'!). Low correlations in our simu-
lations are most likely because common tag variants are a
poor proxy for rare causal variants. As expected, correla-
tions between true and inferred risk within populations
are typically highest in the European population (i.e., the
population in which variants were discovered, Figures SA
and S13). To quantify the differential prediction accuracy
of polygenic risk scores across populations, we also eval-
uate the log odds ratio of being a case subject compared
to a control subject across deciles of inferred polygenic
risk in each population. We identify greater power to
discern between case and control subjects in the EUR dis-
covery population relative to the AFR and EAS populations
(i.e., more heritable variation explained, as evidenced by a
steeper slope) (Figure S14B). Across all populations, the
mean Spearman correlations between true and inferred
polygenic risk increase with increasing heritability while
the standard deviations of these correlations significantly
decrease (p = 0.05); however, there is considerable
within-population heterogeneity resulting in high varia-
tion in scores across all populations. We find that in these

Global schizophrenia score

Global T2D (Multi-ethnic) score

Figure 4. Biased Genetic Discoveries In-
fluence Disease Risk Inferences
Inferred and standardized polygenic risk
scores across all individuals and colored
by population for (A) height based on sum-
mary statistics from Wood et al.,'® (B)
schizophrenia based on summary statistics
opulation  from the Schizophrenia Working Group of
AVIR the Psychiatric Genomics Consortium,*!
Eom (C) type II diabetes summary statistics
A8 derived from a European cohort from
Gaulton et al.,®¢ and (D) type II diabetes
summary statistics derived from a multi-
ethnic cohort from Mahajan et al.%”

Super

2 0
Polygenic Score

neutral simulations, a polygenic risk
score bias in essentially any direction
is possible even when choosing the
exact same causal variants and herita-
bility and varying only fixed effect
opulation  Size (i.e., inferred polygenic risk in
EEAE Europeans can be higher, lower, or in-
LR termediate compared to true risk rela-
tive to East Asians or Africans, Figures

S$12 and 5B).

Super

Discussion

0 2
Polygenic Score

To date, GWASs have been per-

formed opportunistically in primar-
ily single-ancestry European cohorts, and an open ques-
tion remains about their biomedical relevance for
disease associations in other ancestries. As studies gain
power by increasing sample sizes, effect size estimates
become more precise and novel associations at lower fre-
quencies are feasible. However, rare variants are largely
population-private, and their effects are unlikely to trans-
fer to new populations. Because linkage disequilibrium
and allele frequencies vary across ancestries, effect size
estimates from diverse cohorts are typically more precise
than from single-ancestry cohorts (and often tempered),®
and the resolution of causal variant fine-mapping is
considerably improved.®” Across a range of genetic archi-
tectures, diverse cohorts provide the opportunity to
reduce false positives. At the Mendelian end of the spec-
trum, for example, disentangling risk variants with
incomplete penetrance from benign false positives and
localizing functional effects in genes is much more
feasible with large diverse population cohorts than with
single-ancestry analyses.”* Multiple false positive reports
of pathogenic variants causing hypertrophic cardiomy-
opathy, a disease with relatively simple genomic architec-
ture, have been returned to individuals of African descent
or unspecified ancestry that would have been prevented
if even a small number of African American samples
were included in control cohorts.’ At the highly complex
end of the polygenicity spectrum, we and others have
shown that the utility of polygenic risk inferences and
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Figure 5. Coalescent Simulation Framework to Generate True and Inferred Polygenic Risk Scores
Results of true and inferred polygenic risk scores, as well as their correlation, were computed via GWAS summary statistics from 10,000
simulated EUR case and control subjects modeling European, East Asian, and African population history (demographic parameters are

from Gravel et al.'®).

(A) The distribution of mean true, unstandardized polygenic risk scores for each population across 500 simulations with m = 1,000 causal

variants and h? = 0.67.

(B) The distribution of mean inferred, unstandardized polygenic risk for the same simulation parameters as in (A) (center) and standard-
ized true versus inferred polygenic risk scores for three different coalescent simulation replicates showing 10,000 randomly drawn sam-
ples from each population not included as case or control subjects (right).

(C) Violin plots show Pearson’s correlation across 50 iterations per parameter set between true and inferred polygenic risk scores across
differing genetic architectures, including m = 200, 500, and 1,000 causal variants and h? =0.67.

the heritable phenotypic variance explained in diverse
populations is improved with more diverse cohorts.”*°

Standard single-ancestry GWASs typically apply linear
mixed model approaches and/or incorporate principal
components as covariates to control for confounding
from population structure with primarily European-
descent cohorts.'™ A key concern when including multi-
ple diverse populations in a GWAS is that there is
increasing likelihood of identifying false positive variants
associated with disease that are driven by allele frequency
differences across ancestries. However, previous studies
have analyzed association data for diverse ancestries and
replicated findings across ethnicities, assuaging these con-
cerns.®®” In this study, we show that this ancestry stratifi-
cation is not continuous along the genome: long tracts of
ancestrally diverse populations present in admixed sam-
ples from the Americas are easily and accurately detected.

Querying population substructure within these tracts
recapitulates expected trends, e.g., European ancestry in
African Americans primarily descends from northern
Europeans in contrast to European ancestry from
Hispanic/Latinos, which primarily descends from
southern Europeans, as seen previously.** Additionally,
population substructure follows a north-south cline in
the Native component of Hispanic/Latinos, and the
African component of admixed African descent popula-
tions in the Americas most closely resembles reference
populations from Nigeria (notwithstanding the limited
set of African populations from the 1000 Genomes Proj-
ect). Admixture mapping has been successful at large
sample sizes for identifying ancestry-specific genetic risk
factors for disease.>® Given the level of accuracy and sub-
continental resolution attained with local ancestry
tracts in admixed populations, we emphasize the utility
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of a unified framework to jointly analyze genetic associa-
tions with local ancestry simultaneously.*’

The transferability of GWASs is aided by the inclusion of
diverse populations.”® We have shown that European dis-
covery biases in GWASs are recapitulated in local ancestry
tracts in admixed samples. We have quantified GWAS
study biases in ancestral populations and shown that
GWAS variants are at lower frequency specifically within
African and Native tracts and higher frequency in Euro-
pean tracts in admixed American populations. Imputation
accuracy is also stratified across diverged ancestries,
including across local ancestries in admixed populations.
With decreased imputation accuracy especially on Native
American tracts, there is decreased power for potential
ancestry-specific associations. This differentially limits
conclusions for GWASs in an admixed population in a
two-pronged manner: the ability to capture variation and
the power to estimate associations.

As GWAS:s scale to sample sizes on the order of hundreds
of thousands to millions, genetic risk prediction accuracy
at the individual level improves.’® However, we show
that the utility of polygenic risk scores computed using
GWAS summary statistics are dependent on genetic simi-
larity to the discovery cohort. Best linear unbiased predic-
tion (BLUP) methods have been proposed to improve risk
scores, but they require access to raw genetic data typically
from very large datasets, are also dependent on LD struc-
ture in the study population, and offer only modest im-
provements in prediction accuracy.>* Furthermore, poly-
genic risk scores (PRSs) contain a mix of true positives
(which have the bias described above) and false positives
in the training GWAS. False positives, being chance statis-
tical fluctuations, do not have the same allele frequency
bias and therefore unfortunately play an outsized role in
applying a PRS in a new population.

We have demonstrated that polygenic risk scores
computed via current standard methods with summary
statistics from a single-ancestry discovery cohort have
numerous problems: differences in polygenic risk scores
across populations are significant but not supported by
epidemiological or anthropometric studies of the same
traits, and directionality biases in polygenic risk scores
across populations are unpredictable. Our coalescent simu-
lations recapitulate these results and show that across rep-
licates (i.e., traits, and thus not necessarily within a single
trait), cross-population prediction accuracy is diminished
with increasing divergence from the discovery cohort.
These simulations provide further insight into directional
inconsistencies in inferred polygenic risk scores with the
same demographic model across replicate simulations,
indicating that different traits are likely to suffer from
biases that cannot be adjusted, e.g., using prinicipal com-
ponents alone. Directional selection is expected to bias
polygenic risk inferences even more. Because biases arise
from genetic drift alone, we recommend (1) avoiding inter-
pretations from polygenic risk score differences extrapo-
lated across populations, as these are likely confounded

by latent population structure that is not properly cor-
rected for with current standard methods, (2) mean-
centering polygenic risk scores for each population, and
(3) computing polygenic risk scores in populations with
similar demographic histories as the study sample to
ensure maximal predictive power. Further, additional
methods that account for local ancestry in genetic risk
prediction to incorporate different ancestral linkage
disequilibrium and allele frequencies are needed. This
study demonstrates the utility of disentangling ancestry
tracts in recently admixed populations for inferring recent
demographic history and identifying ancestry-stratified
analytical biases; we also motivate the need to include
more ancestrally diverse cohorts in GWASs to ensure that
health disparities arising from genetic risk prediction do
not become pervasive in individuals of admixed and
non-European descent.
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