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Overview

• Rare variants and ExAC
• Gene Constraint
• Beyond ExAC – gnomAD project
• Big data and scaling up analysis
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Rare variants in human populations

Manolio et. al. Nature 2009
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Each rare disease patient is a genetic mystery

Which of the 3-4 million variants cause 
disease?
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Nemaline Myopathy Family
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Inheritance patterns

https://ghr.nlm.nih.gov/primer/inheritance/inheritancepatterns
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Exome Sequencing
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Exome Sequencing
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Genetic variants discovered in a typical patient exome

Number of Missense or protein-
truncating variants: 11,928



S L I D E  10

Making sense of one patient exome requires tens of 
thousands of exomes

vs
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Approximately 500,000 exomes have been sequenced 

But these data has been siloed by project and inconsistently processed
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Exome Aggregation Consortium (ExAC): aggregating 
and calling 92,000 exomes

Subset of 60,706 “reference” samples:
• high-quality exomes
• unrelated individuals
• consent for public data sharing
• free of known severe pediatric disease



S L I D E  13

Scalable pipeline for joint discovery

Lek et. al. Nature 2016
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How do we ensure we didn’t 
produce junk?
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Sample Quality Control

Lek et. al. Nature 2016
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The majority of variants discovered are ultra rare 
novel variants

Lek et. al. Nature 2016
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The majority of variants discovered are ultra rare 
novel variants

Lek et. al. Nature 2016
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ExAC Browser (http://exac.broadinstitute.org)

>12 million page views
>70,000 page view/week
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Unprecedented size and diversity

1000 Genomes ESP ExAC
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Rare genetic variants discovered in a typical patient 
exome

Number of Rare Missense or 
protein-truncating variants:
132

Number of Missense or protein-
truncating variants: 11,928
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Empowering novel disease gene discovery

LMOD3: 5 homozygous frameshift variants 
across 2 different variant sites
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LMOD3: Protein truncating variants are rare with no 
homozygous individuals
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What can you do with a large 
collection of rare protein-coding 
variation?
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Gene Constraint

Kaitlin Samocha
Samocha et. al. Nat. Genet. 2014
Lek et. al. Nature 2016
Samocha et. al. BioRxiv 2017
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Constrained genes accumulate less variation

Samocha et. al. Nat. Genet. 2014
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Residual Variation Intolerance Score (RVIS)

Petrovski et. al. PLoS 2013

Top 2% most intolerant
Top 2% most tolerant
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Sequence context model of mutation

Samocha et. al. Nat. Genet. 2014
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Identify genes with significant depletion of variation
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Distribution of missense Z scores for gene sets

Kaitlin Samocha
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Kaitlin Samocha

Correlation between gene length and LoF z-score

r = 0.5697



S L I D E  32

pLI: Identifying genes that are intolerant to loss of 
function variation

Lek et. al. Nature 2016
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Weakness of current constraint models

• Insertions/Deletions are currently not modelled
• Tri-nucleotide mutation model vs other models (e.g. heptamer model)
• Only includes coding variants
• Not all genes are represented due to coverage
• Genes may only have particular regions that are constrained

Samocha et. al. BioRxiv 2017

Gene: CDKL5
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ExAC and Beyond

Stephens et. al. PLoS Biology 2015
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Genome Aggregation Database (gnomAD)
http://gnomad.broadinstitute.org

Konrad Karczewski & Laurent Francioli

Released ASHG 2016

• Over twice as large
• 126,216 exomes
• 15,136 genomes

• Non-coding variants from 
genomes

• Higher resolution population 
clustering

• Improved filtering strategy
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gnomAD: Mitochondrial reference panel

Kristen Laricchia
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Big Data: The need to scale 
analysis
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Big Data: The need to scale analysis

Hail Team
Cotton Seed
Tim Poterba

https://hail.is

Hail usage:
UK Biobank
Swedish Schizophrenia & 
Bipolar exomes
gnomAD
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Science

Runtime

Implementation

Computational Experiments

Hail Team
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PLINK

Eigensoft

GATK

KING

VerifyBAMID

Tools used for ExAC analysis

Hail Team
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Science

Runtime

Implementation

Failure to scale: ExAC and other projects

Hail Team
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• Powerful and flexible

• Domain-relevant, easy to use 

• Fast and scalable

Science

Runtime

Implementation

Ideal computational analysis framework

Hail Team
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Spark Core

SQLMLlib

Hail

• scalability
• high-level programming APIs
• linear algebra, MLlib
• Scala, Python, R

• genomic data ETL
• high-level APIs for multi-

dimensional data query
• stats and ML methods
• Scala, Python

Hail: Scaling Genetic Data Analysis

Hail Team
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Individual ID
“NA12878”

Hail Team
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Genomic Locus
{
“chromosome”: 1,
“position”: 16123092,
“reference”: “A”,
“alternate”: “T”

}

Individual ID
“NA12878”

Hail Team
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Genotype
{
“call”: “A/T”,
“reads”: [10, 8],
“quality”: 43,
“p”: [43, 0, 52]

}
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“alternate”: “T”

}

Individual ID
“NA12878”

Hail Team
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Functional 
prediction from 
all the models

Data growth out
Electronic 

medical records,
imaging data, 

RNA-seq

Hail Team
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More cores, less time

Hail Team
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More cores, less time

Hail Team
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Thanks! Any Questions?


