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Data	  Annota(on	  and	  Filtering	  
Overview 



Outline	  

• Why	  is	  filtering	  necessary?	  
• Overview	  of	  approaches/experimental	  design	  
•  Filtering	  	  

§  SNVs	  and	  Indels	  
§  CNVs	  

•  Tools	  



Goals	  for	  this	  session	  
•  Understand	  the	  issue/necessity	  of	  post-‐QC	  filtering	  
•  Detailed	  understanding	  of	  filtering	  approaches/ra(onale	  for	  	  

§  SNVs	  and	  Indels	  
§  Copy	  number	  varia(on	  

Ø Use	  tools	  to	  annotate	  and	  filter	  in	  lab	  session	  this	  aKernoon	  



Why	  sequence?	  	  
•  Iden(fy	  underlying	  
causal	  variants	  
§  Highly-‐penetrant	  
§  Rare	  
§  Inherited	  or	  de	  novo	  
§  Confirmed	  or	  highly	  
likely	  deleterious	  effect	  

	  
Ø Clinically	  ac(onable	  
or	  diagnos(c	  



Strategies	  for	  iden(fying	  causal	  variants	  

Exome 

Whole genome 

Candidate regions  



Why is filtering necessary? 
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Exome 

Whole genome 

Candidate 
regions  

Design Sequenced 
Region  

Total 
Variants 

Potentially 
Deleterious 

Ø Identifying variants is not the challenge 



Current capabilities/Successful applications 

• Mendelian/Monogenic disorders (exome) 
§  Standard filtering 
§  Uncharacterized variants 
§  Vary rare diseases, pedigrees 

 
 
• Well-characterized genes (custom capture) 

§  Standard filtering 
§  Characterized variants 
§  Case vs. control 
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Up and coming: complex diseases 
•  Multigenic 
•  High-penetrance deleterious alleles 
•  Defined biological pathways, inheritance models  
•  Example: Autism 

§  Clear link to rare CNVS 
§  De novo and inherited 
§  Neurological genes 

•  Approach 
§  Exomes on trios 
§  De novo variants 
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Sporadic autism exomes reveal a highly
interconnected protein network of de novomutations
Brian J.O’Roak1,LauraVives1, SanthoshGirirajan1,EmreKarakoc1,NiklasKrumm1,BradleyP.Coe1,RoieLevy1,ArthurKo1,CholiLee1,
Joshua D. Smith1, Emily H. Turner1, Ian B. Stanaway1, Benjamin Vernot1, Maika Malig1, Carl Baker1, Beau Reilly2, Joshua M. Akey1,
Elhanan Borenstein1,3,4, Mark J. Rieder1, Deborah A. Nickerson1, Raphael Bernier2, Jay Shendure1 & Evan E. Eichler1,5

It is well established that autism spectrum disorders (ASD) have a
strong genetic component; however, for at least 70% of cases, the
underlying genetic cause is unknown1. Under the hypothesis that
de novo mutations underlie a substantial fraction of the risk for
developing ASD in families with no previous history of ASD or
related phenotypes—so-called sporadic or simplex families2,3—we
sequenced all coding regions of the genome (the exome) for
parent–child trios exhibiting sporadic ASD, including 189 new
trios and 20 that were previously reported4. Additionally, we also
sequenced the exomes of 50 unaffected siblings corresponding to
these new (n5 31) and previously reported trios (n5 19)4, for a
total of 677 individual exomes from 209 families. Here we show
that de novo point mutations are overwhelmingly paternal in
origin (4:1 bias) and positively correlated with paternal age, con-
sistent with the modest increased risk for children of older fathers
to develop ASD5. Moreover, 39% (49 of 126) of the most severe or
disruptive de novo mutations map to a highly interconnected
b-catenin/chromatin remodelling protein network ranked signifi-
cantly for autism candidate genes. In proband exomes, recurrent
protein-altering mutations were observed in two genes: CHD8 and
NTNG1. Mutation screening of six candidate genes in 1,703 ASD
probands identified additional de novo, protein-altering muta-
tions in GRIN2B, LAMC3 and SCN1A. Combined with copy
number variant (CNV) data, these results indicate extreme locus
heterogeneity but also provide a target for future discovery,
diagnostics and therapeutics.
We selected 189 autism trios from the Simons Simplex Collection

(SSC)6, which included males significantly impaired with autism and
intellectual disability (n5 47), a female sample set (n5 56) of which
26 were cognitively impaired, and samples chosen at random from the
remaining males in the collection (n5 86) (Supplementary Table 1
and Supplementary Fig. 1). In general, we excluded samples known to
carry large de novo CNVs2. Exome sequencing was performed as
described previously4, but with an expanded target definition (see
Methods). We achieved sufficient coverage for both parents and child
to call genotypes for, on average, 29.5megabases (Mb) of haploid
exome coding sequence (Supplementary Table 1). In addition, we
performed copy number analysis on 122 of these families, using a
combination of the exome data, array comparative genomic hybrid-
ization (CGH), and genotyping arrays, thereby providing amore com-
prehensive view of rare variation.
In the 189newprobands, we validated 248de novo events, 225 single

nucleotide variants (SNVs), 17 small insertions/deletions (indels), and
six CNVs (Supplementary Table 2). These included 181 non-
synonymous changes, of which 120 were classified as severe based
on sequence conservation and/or biochemical properties (Methods
and Supplementary Table 3). The observed point mutation rate in
coding sequence was ,1.3 events per trio or 2.173 1028 per base

per generation, in close agreement with our previous observations4,
yet in general, higher than previous studies, indicating increased
sensitivity (Supplementary Table 2 and Supplementary Table 4)7.
We also observed complex classes of de novomutation including: five
cases of multiple mutations in close proximity; two events consistent
with paternal germline mosaicism (that is, where both siblings con-
tained a de novo event observed in neither parent); and nine events
showing aweakminor allele profile consistent with somaticmosaicism
(Supplementary Table 3 and Supplementary Figs 2 and 3).
Of the severe de novo events, 28% (33 of 120) are predicted to

truncate the protein. The distribution of synonymous, missense and
nonsense changes corresponds well with a random mutation model7

(Supplementary Fig. 4 and Supplementary Table 2). However, the
difference in nonsense rates between de novo and rare singleton events
(not present in 1,779 other exomes) is striking (4:1) and suggests
strong selection against new nonsense events (Fisher’s exact test,
P, 0.0001). In contrast with a recent report8, we find no significant
difference in mutation rate between affected and unaffected indivi-
duals; however, we do observe a trend towards increased non-
synonymous rates in probands, consistent with the findings of ref. 9
(Supplementary Tables 1 and 2).
Given the association of ASD with increased paternal age5 and our

previous observations4, we usedmolecular cloning, read-pair informa-
tion, and obligate carrier status to identify informative markers linked
to 51 de novo events and observed a marked paternal bias (41:10;
binomial P, 1.43 1025; Fig. 1a and Supplementary Tables 3 and 5).
This provides strong direct evidence that the germline mutation rate in
protein-coding regions is, on average, substantially higher in males. A
similar finding was recently reported for de novo CNVs10. In addition,
we observe that the number of de novo events is positively correlated
with increasing paternal age (Spearman’s rank correlation5 0.19;
P, 0.008; Fig. 1b). Together, these observations are consistent with
the hypothesis that the modest increased risk for children of older
fathers to develop ASD5 is the result of an increased mutation rate.
Using sequence read-depth methods in 122 of the 189 families, we

scanned ASD probands for either de novo CNVs or rare (,1% of
controls), inherited CNVs. Individual events were validated by either
arrayCGHor genotyping array (seeMethods).We identified 76 events
in 53 individuals, including six de novo (median size 467 kilobases
(kb)) and 70 inherited (median size 155 kb) CNVs (Supplementary
Table 6). These include disruptions of EHMT1 (Kleefstra’s syndrome,
Online Mendelian Inheritance in Man (OMIM) accession 610253),
CNTNAP4 (reported in children with developmental delay and aut-
ism11) and the 16p11.2 duplication (OMIM 611913) associated with
developmental delay, bipolar disorder and schizophrenia.
We performed a multivariate analysis on non-verbal IQ (NVIQ),

verbal IQ (VIQ) and the load of ‘extreme’ de novo mutations—where
extreme is defined as point mutations that truncate proteins, intersect
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De novo mutations revealed by whole-exome
sequencing are strongly associated with autism
Stephan J. Sanders1, Michael T. Murtha1, Abha R. Gupta2*, John D. Murdoch1*, Melanie J. Raubeson1*, A. Jeremy Willsey1*,
A. Gulhan Ercan-Sencicek1*, Nicholas M. DiLullo1*, NeelroopN. Parikshak3, Jason L. Stein3, Michael F.Walker1, Gordon T. Ober1,
Nicole A. Teran1, Youeun Song1, Paul El-Fishawy1, Ryan C. Murtha1, Murim Choi4, John D. Overton4, Robert D. Bjornson5,
Nicholas J. Carriero5, Kyle A. Meyer6, Kaya Bilguvar7, Shrikant M. Mane8, Nenad Šestan6, Richard P. Lifton4, Murat Günel7,
Kathryn Roeder9, Daniel H. Geschwind3, Bernie Devlin10 & Matthew W. State1

Multiple studies have confirmed the contribution of rare de novo
copynumber variations to the risk for autismspectrumdisorders1–3.
But whereas de novo single nucleotide variants have been identified
in affected individuals4, their contribution to risk has yet to be
clarified. Specifically, the frequency and distribution of thesemuta-
tions have not been well characterized in matched unaffected
controls, and such data are vital to the interpretation of de novo
coding mutations observed in probands. Here we show, using
whole-exome sequencing of 928 individuals, including 200 pheno-
typically discordant sibling pairs, that highly disruptive (nonsense
and splice-site) de novo mutations in brain-expressed genes are
associated with autism spectrum disorders and carry large effects.
On the basis ofmutation rates in unaffected individuals, we demon-
strate that multiple independent de novo single nucleotide variants
in the same gene among unrelated probands reliably identifies risk
alleles, providing a clear path forward for gene discovery. Among a
total of 279 identified de novo coding mutations, there is a single
instance in probands, and none in siblings, in which two independ-
ent nonsense variants disrupt the same gene, SCN2A (sodium
channel, voltage-gated, type II, a subunit), a result that is highly
unlikely by chance.
We completed whole-exome sequencing in 238 families from the

Simons Simplex Collection (SSC), a comprehensively phenotyped
autism spectrum disorders (ASD) cohort consisting of pedigrees with
two unaffected parents, an affected proband, and, in 200 families, an
unaffected sibling5. Exome sequences were captured with NimbleGen
oligonucleotide libraries, subjected to DNA sequencing on the
Illumina platform, and genotype calls were made at targeted bases
(Supplementary Information)6,7. On average, 95%of the targeted bases
in each individual were assessed by $8 independent sequence reads;
only those bases showing $20 independent reads in all family
members were considered for de novo mutation detection. This
allowed for analysis of de novo events in 83% of all targeted bases
and 73% of all exons and splice sites in the RefSeq hg18 database
(http://www.ncbi.nlm.nih.gov/RefSeq/; Supplementary Table 1;
Supplementary Data 1). Given uncertainties regarding the sensitivity
of detection of insertion-deletions, case-control comparisons reported
here consider only single base substitutions (Supplementary Informa-
tion). Validation was attempted for all predicted de novo single
nucleotide variants (SNVs) via Sanger sequencing of all family
members, with sequence readers blinded to affected status; 96% were
successfully validated. We determined there was no evidence of

systematic bias in variant detection between affected and unaffected
siblings through comparisons of silent de novo, non-coding de novo,
and novel transmitted variants (Fig. 1a; Supplementary Figs 1–5;
Supplementary Information).
Among 200 quartets (Table 1), 125 non-synonymous de novo SNVs

were present in probands and 87 in siblings: 15 of these were nonsense
(10 in probands; 5 in siblings) and 5 altered a canonical splice site (5 in
probands; 0 in siblings). Therewere 2 instances inwhich de novo SNVs
were present in the same gene in two unrelated probands; one of these
involved two independent nonsense variants (Table 2). Overall, the
total number of non-synonymous de novo SNVs was significantly
greater in probands compared to their unaffected siblings (P5 0.01,
two-tailed binomial exact test; Fig. 1a; Table 1) as was the odds ratio
(OR) of non-synonymous to silent mutations in probands versus
siblings (OR5 1.93; 95% confidence interval (CI), 1.11–3.36;
P5 0.02, asymptotic test; Table 1). Restricting the analysis to nonsense
and splice site mutations in brain-expressed genes resulted in substan-
tially increased estimates of effect size and demonstrated a significant
difference in cases versus controls based either on an analysis of muta-
tion burden (N5 13 versus 3; P5 0.02, two-tailed binomial exact test;
Fig. 1a; Table 1) or an evaluation of the odds ratio of nonsense and
splice site to silent SNVs (OR5 5.65; 95% CI, 1.44–22.2; P5 0.01,
asymptotic test; Fig. 1b; Table 1).
To determine whether factors other than diagnosis of ASD could

explain our findings, we examined a variety of potential covariates,
including parental age, IQ and sex. We found that the rate of de novo
SNVs indeed increases with paternal age (P5 0.008, two-tailed
Poisson regression) and that paternal and maternal ages are highly
correlated (P, 0.0001, two-tailed linear regression). However,
although the mean paternal age of probands in our sample was 1.1
years higher than their unaffected siblings, re-analysis accounting for
age did not substantively alter any of the significant results reported
here (Supplementary Information). Similarly, no significant relation-
ship was observed between the rate of de novo SNVs and proband IQ
(P$ 0.19, two-tailed linear regression, Supplementary Information)
or proband sex (P$ 0.12, two-tailed Poisson regression; Supplemen-
tary Fig. 6; Supplementary Information).
Overall, these data demonstrate that non-synonymous de novo

SNVs, and particularly highly disruptive nonsense and splice-site de
novomutations, are associated with ASD. On the basis of the conser-
vative assumption that de novo single-base codingmutations observed
in siblings confer no autism liability, we estimate that at least 14% of
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Patterns and rates of exonic de novo mutations in
autism spectrum disorders
Benjamin M. Neale1,2, Yan Kou3,4, Li Liu5, Avi Ma’ayan3, Kaitlin E. Samocha1,2, Aniko Sabo6, Chiao-Feng Lin7, Christine Stevens2,
Li-SanWang7, VladimirMakarov4,8, Paz Polak2,9, Seungtai Yoon4,8, JaredMaguire2, Emily L. Crawford10, Nicholas G. Campbell10,
Evan T. Geller7, Otto Valladares7, Chad Schafer5, Han Liu11, Tuo Zhao11, Guiqing Cai4,8, Jayon Lihm4,8, Ruth Dannenfelser3,
Omar Jabado12, Zuleyma Peralta12, Uma Nagaswamy6, Donna Muzny6, Jeffrey G. Reid6, Irene Newsham6, Yuanqing Wu6,
Lora Lewis6, Yi Han6, Benjamin F. Voight2,13, Elaine Lim1,2, Elizabeth Rossin1,2, Andrew Kirby1,2, Jason Flannick2,
MenachemFromer1,2, Khalid Shakir2, Tim Fennell2, Kiran Garimella2, Eric Banks2, Ryan Poplin2, Stacey Gabriel2, Mark DePristo2,
Jack R. Wimbish14, Braden E. Boone14, Shawn E. Levy14, Catalina Betancur15, Shamil Sunyaev2,9, Eric Boerwinkle6,16,
Joseph D. Buxbaum4,8,12,17, Edwin H. Cook Jr18, Bernie Devlin19, Richard A. Gibbs6, Kathryn Roeder5, Gerard D. Schellenberg7,
James S. Sutcliffe10 & Mark J. Daly1,2

Autism spectrum disorders (ASD) are believed to have genetic and
environmental origins, yet in only a modest fraction of individuals
can specific causes be identified1,2. To identify further genetic risk
factors, here we assess the role of de novo mutations in ASD by
sequencing the exomes of ASD cases and their parents (n5 175
trios). Fewer than half of the cases (46.3%) carry a missense or
nonsense de novo variant, and the overall rate of mutation is only
modestly higher than the expected rate. In contrast, the proteins
encoded by genes that harboured de novo missense or nonsense
mutations showed a higher degree of connectivity among themselves
and to previous ASD genes3 as indexed by protein-protein inter-
action screens. The small increase in the rate of de novo events, when
taken together with the protein interaction results, are consistent
with an important but limited role for de novo point mutations in
ASD, similar to that documented for de novo copy number variants.
Genetic models incorporating these data indicate that most of the
observed de novo events are unconnected to ASD; those that do
confer risk are distributed across many genes and are incompletely
penetrant (that is, not necessarily sufficient for disease). Our results
support polygenic models in which spontaneous coding mutations
in any of a large number of genes increases risk by 5- to 20-fold.
Despite the challenge posed by such models, results from de novo
events and a large parallel case–control study provide strong
evidence in favour of CHD8 and KATNAL2 as genuine autism
risk factors.
In spite of the substantial heritability, few genetic risk factors for

ASD have been identified1,2. Copy number variants (CNVs), in par-
ticular de novo and large events spanning multiple genes, have been
identified as conferring risk4,5. Although these CNVs provide import-
ant leads to underlying biology, they rarely implicate single genes, are
rarely fully penetrant, and many confer risk to a broad range of con-
ditions including intellectual disability, epilepsy and schizophrenia6.
There are also documented instances of rare single nucleotide variants
(SNVs) that are highly penetrant for ASD3.
Large-scale genetic studies make clear that the origins of ASD risk

are multifarious, and recent estimates based on CNV data put the

number of independent risk loci in the hundreds5. Yet knowledge
regarding specific risk-determining genes and the overall genetic
architecture for ASD remains incomplete. Although new sequencing
technologies provide a catalogue of most variation in the genome, the
profound locus heterogeneity of ASD makes it challenging to distin-
guish variants that confer risk from the background noise of in-
consequential SNVs. De novo variation, being less frequent and
potentially more deleterious, could offer insights into risk-determining
genes. Accordingly, we sought to evaluate carefully the observed rate
and consequence of de novo point mutations in the exomes of ASD
subjects.
We performed exome sequencing of 175 ASD probands and their

parents across five centres with multiple protocols and validation
techniques (Supplementary Information). We used a sensitive and
specific analytical pipeline based on current best practices7–9 to analyse
all data and observed no heterogeneity of mutation rate across centres.
In the entire sample, we observed 161 coding region point muta-

tions (101missense, 50 silent and 10 nonsense), with an additional two
conserved splice site (CSS) SNVs and six frameshift insertions/
deletions (indels) validated and included in pathway analyses
(Supplementary Table 1).
To determinewhether the rate of coding region pointmutationswas

elevated, we estimated the mutation rate in light of coverage and base
context using two parallel approaches (Supplementary Information).
On the basis of both models, the exome target should have a signifi-
cantly increased (,30%) mutation rate compared to the genome.
Conservatively, by assuming the low end of the estimated mutation
rate from recent whole-genome data (1.23 1028)10, we estimate a
mutation rate of 1.53 1028 for the exome sequence captured here.
The observed point mutation rate of 0.92 per exome is slightly but not
significantly elevated versus expectation (Table 1) and is insensitive to
adjustment for lower coverage regions (Supplementary Information).
Indeed our rate is similar to that of ref. 11.
Per-family events were distributed exquisitely according to the

Poisson distribution (Table 1), suggesting limited variation in the
underlying rate of de novomutation in ASD families. The relative rates
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individuals). There is marked convergence on genes previously impli-
cated in intellectual disability and developmental delay. As has been
noted for CNVs, this indicates that nosological divisions may not
readily translate into differences at themolecular level.We believe that
there is value in comparing mutation patterns in children with
developmental delay (without features of autism) to those in children
with ASD.
Although there is no one major genetic lesion responsible for ASD,

it is still largely unknownwhether there are subsets of individuals with
a common or strongly relatedmolecular aetiology and how large these
subsets are likely to be. Using gene expression, protein–protein inter-
actions, and CNV pathway analysis, recent reports have highlighted
the role of synapse formation and maintenance27–29. We find it
intriguing that 49 proteins found to bemutated here have critical roles
in fundamental developmental pathways, including b-catenin and p53
signalling, and that patients have been identified with multiple
disruptive de novo mutations in interconnected pathways. The latter
observations are consistent with an oligogenic model of autism where
both de novo and extremely rare inherited SNV and CNV mutations
contribute in conjunction to the overall genetic risk. Recent work has
supported a role for these interconnected pathways in neuronal stem-
cell fate-determination, differentiation and synaptic formation in
humans and animal models24,30,31. Given that fundamental develop-
mental processes have previously been found to underlie syndromic
forms of autism, a wider role of these pathways in idiopathic ASD
would not be entirely surprising and would help explain the extreme
genetic heterogeneity observed in this study.

METHODS SUMMARY
Exome capture, alignments and base-calling. Genomic DNA was derived
directly from whole blood. Exomes were considered to be completed when
,90% of the capture target exceeded 8-fold coverage and,80% exceeded 20-fold
coverage. Exomes for the 189 trios (and 31 unaffected siblings) were captured with
NimbleGen EZ ExomeV2.0. Reads were mapped as in ref. 4 to a custom reference
genome assembly (GRC build37). Genotypes were generated with GATK unified
genotyper and parallel SAMtools pipeline4. Exomes for the unaffected siblings
matching the pilot trios were captured and analysed as in ref. 4. Predicted de novo
events were called as in ref. 4 and confirmed by capillary sequencing in all family
members (for 176 of the 189 trios, this also included one unaffected sibling).
Mutations were considered severe if they were truncating, missense with
Grantham score$50 andGERP score$3 or onlyGrantham score$85, or deleted
a highly conserved amino acid.
Exome read-depth CNV analysis. Reads were mapped using mrsFAST and
normalized reads per kilobase of exon per million mapped reads (RPKM) values

calculated by exon. Population normalization was performed using a set of 366
non-ASD exomes. Calls weremade if three ormore exons passed a threshold value
and cross-validated calls using two orthogonal platforms, custom array CGH and
Illumina 1M array data2. CNVswere filtered to identify de novo and rare inherited
events by comparison with 2,090 controls and 1,651 parent profiles.
Networkreconstructionandnullmodel estimation.PPInetworkswere generated
using physical interaction data from GeneMANIA22. Null models were estimated
using gene-specificmutation rate estimates based onhuman–chimpdivergence. To
rank candidate genes we obtained the seed ASD list from ref. 17 and severe dis-
ruptive de novo events from all families (n5 209). Given the PPI network and seed
gene product list, we used DADA23 for ranking each gene.
Human subjects. All samples and phenotypic data were collected under the
direction of the Simons Simplex Collection by its 12 research clinic sites (http://
sfari.org/sfari-initiatives/simons-simplex-collection). Parents consented and children
assented as required by each local institutional review board. Participants
were de-identified before distribution. Research was approved by the University
of Washington Human Subject Division under non-identifiable biological
specimens/data.

Full Methods and any associated references are available in the online version of
the paper at www.nature.com/nature.
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Figure 2 | Mutations identified in protein–protein interaction (PPI)
networks. a, The 49-gene connected component of the PPI network formed
from 126 genes with severe de novo mutations among the 209 probands.
b, Proband 13844 inherits three rare gene-disruptive CNVs and carries two de

novo truncatingmutations. c, GeneMANIA22 view of three of the affected genes
(b) (red labels) which encode proteins that are part of a b-catenin-linked
network. This proband is macrocephalic, impaired cognitively, and has deficits
in social behaviour and language development (Supplementary Discussion).
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Higher rate of de novo deleterious mutations 

affected individuals in the SSC carry de novo SNV risk events
(Supplementary Information). Moreover, among probands and con-
sidering brain-expressed genes, an estimated 41% of non-synonymous
de novo SNVs (95% CI, 21–58%) and 77% of nonsense and splice site

de novo SNVs (95% CI, 33–100%) point to bona fide ASD-risk loci
(Supplementary Information).
We next set out to evaluate which of the particular de novo SNVs

identified in our study confer this risk. On the basis of our prior work3,
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Figure 1 | Enrichment of non-synonymous de novo variants in probands
relative to sibling controls. a, The rate of de novo variants is shown for 200
probands (red) andmatched unaffected siblings (blue). ‘All’ refers to all RefSeq
genes in hg18, ‘Brain’ refers to the subset of genes that are brain-expressed24 and
‘Non-syn’ to non-synonymous SNVs (including missense, nonsense and splice
site SNVs). Error bars represent the 95% confidence intervals and P values are
calculated with a two-tailed binomial exact test. b, The proportion of
transmitted variants in brain-expressed genes is equal between 200 probands
(red) and matched unaffected siblings (blue) for all mutation types and allele
frequencies, including common ($1%), rare (,1%) and novel (single allele in

one of the 400 parents); in contrast, both non-synonymous and nonsense de
novo variants show significant enrichment in probands compared to unaffected
siblings (73.7% versus 66.7%, P5 0.01, asymptotic test and 9.5% versus 3.1%,
P5 0.01 respectively). c, The frequency distribution of brain-expressed non-
synonymous de novo SNVs is shownper sample for probands (red) and siblings
(blue). Neither distribution differs from the Poisson distribution (black line),
suggesting that multiple de novo SNVs within a single individual do not
confirm ASD risk. Nonsense{ represents the combination of nonsense and
splice site SNVs.

Table 1 | Distribution of SNVs between probands and siblings
Category Total number of SNVs* SNVs per subject Per base SNV rate (x1028) P{ Odds ratio (95% CI){

Pro Sib Pro Sib Pro Sib
N5200 N5200 N5200 N5200 N5200 N5200

De novo
All genes

All 154 125 1 0.77 0.63 1.58 1.31 0.09 NA
Silent 29 39 0.15 0.20 0.29 0.40 0.28 NA
All non-synonymous 125 87 0.63 0.44 1.29 0.92 0.01 1.93 (1.11–3.36)
Missense 110 82 0.55 0.41 1.13 0.86 0.05 1.80 (1.03–3.16)
Nonsense/splice site 15 5 0.08 0.03 0.16 0.05 0.04 4.03 (1.32-12.4)

Brain-expressed genes
All 137 96 0.69 0.48 1.41 1.01 0.01 NA
Silent 23 30 0.12 0.15 0.24 0.31 0.41 NA
All non-synonymous 114 67 0.57 0.34 1.18 0.71 0.001 2.22 (1.19–4.13)
Missense 101 64 0.51 0.32 1.04 0.68 0.005 2.06 (1.10–3.85)
Nonsense/splice site 13 3 0.07 0.02 0.14 0.03 0.02 5.65 (1.44–22.2)

Novel transmitted
All genes

All 26,565 26,542 133 133 277 277 0.92 NA
Silent 8,567 8,642 43 43 90 91 0.57 NA
All non-synonymous 17,998 17,900 90 90 188 187 0.61 1.01 (0.98–1.05)
Missense 17,348 17,250 87 86 181 180 0.60 1.01 (0.98–1.05)
Nonsense/splice site 650 650 3.3 3.3 7 7 1.00 1.01 (0.90–1.13)

Brain-expressed genes
All 20,942 20,982 105 105 219 220 0.85 NA
Silent 6,884 6,981 34 35 72 74 0.42 NA
All non-synonymous 14,058 14,001 70 70 147 146 0.74 1.02 (0.98–1.06)
Missense 13,588 13,525 68 68 142 141 0.71 1.02 (0.98–1.06)
Nonsense/splice site 470 476 2.3 2.4 5 5 0.87 1.00 (0.88–1.14)

*An additional 15 de novo variants were seen in the probands of 25 trio families; all were missense and 14 were brain-expressed.
{The P values compare the number of variants between probands and siblings using a two-tailed binomial exact test (Supplementary Information); P values below 0.05 are highlighted in bold.
{The odds ratio calculates the proportion of variants in a specific category to silent variants and then compares these ratios in probands versus siblings. NA, not applicable.
1The sumof silent and non-synonymous variants is 126, however one nonsense and two silent de novo variants were indentified in KANK1 in a single sibling, suggesting a single gene conversion event. This event
contributed a maximum count of one to any analysis.
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individuals). There is marked convergence on genes previously impli-
cated in intellectual disability and developmental delay. As has been
noted for CNVs, this indicates that nosological divisions may not
readily translate into differences at themolecular level.We believe that
there is value in comparing mutation patterns in children with
developmental delay (without features of autism) to those in children
with ASD.
Although there is no one major genetic lesion responsible for ASD,

it is still largely unknownwhether there are subsets of individuals with
a common or strongly relatedmolecular aetiology and how large these
subsets are likely to be. Using gene expression, protein–protein inter-
actions, and CNV pathway analysis, recent reports have highlighted
the role of synapse formation and maintenance27–29. We find it
intriguing that 49 proteins found to bemutated here have critical roles
in fundamental developmental pathways, including b-catenin and p53
signalling, and that patients have been identified with multiple
disruptive de novo mutations in interconnected pathways. The latter
observations are consistent with an oligogenic model of autism where
both de novo and extremely rare inherited SNV and CNV mutations
contribute in conjunction to the overall genetic risk. Recent work has
supported a role for these interconnected pathways in neuronal stem-
cell fate-determination, differentiation and synaptic formation in
humans and animal models24,30,31. Given that fundamental develop-
mental processes have previously been found to underlie syndromic
forms of autism, a wider role of these pathways in idiopathic ASD
would not be entirely surprising and would help explain the extreme
genetic heterogeneity observed in this study.

METHODS SUMMARY
Exome capture, alignments and base-calling. Genomic DNA was derived
directly from whole blood. Exomes were considered to be completed when
,90% of the capture target exceeded 8-fold coverage and,80% exceeded 20-fold
coverage. Exomes for the 189 trios (and 31 unaffected siblings) were captured with
NimbleGen EZ ExomeV2.0. Reads were mapped as in ref. 4 to a custom reference
genome assembly (GRC build37). Genotypes were generated with GATK unified
genotyper and parallel SAMtools pipeline4. Exomes for the unaffected siblings
matching the pilot trios were captured and analysed as in ref. 4. Predicted de novo
events were called as in ref. 4 and confirmed by capillary sequencing in all family
members (for 176 of the 189 trios, this also included one unaffected sibling).
Mutations were considered severe if they were truncating, missense with
Grantham score$50 andGERP score$3 or onlyGrantham score$85, or deleted
a highly conserved amino acid.
Exome read-depth CNV analysis. Reads were mapped using mrsFAST and
normalized reads per kilobase of exon per million mapped reads (RPKM) values

calculated by exon. Population normalization was performed using a set of 366
non-ASD exomes. Calls weremade if three ormore exons passed a threshold value
and cross-validated calls using two orthogonal platforms, custom array CGH and
Illumina 1M array data2. CNVswere filtered to identify de novo and rare inherited
events by comparison with 2,090 controls and 1,651 parent profiles.
Networkreconstructionandnullmodel estimation.PPInetworkswere generated
using physical interaction data from GeneMANIA22. Null models were estimated
using gene-specificmutation rate estimates based onhuman–chimpdivergence. To
rank candidate genes we obtained the seed ASD list from ref. 17 and severe dis-
ruptive de novo events from all families (n5 209). Given the PPI network and seed
gene product list, we used DADA23 for ranking each gene.
Human subjects. All samples and phenotypic data were collected under the
direction of the Simons Simplex Collection by its 12 research clinic sites (http://
sfari.org/sfari-initiatives/simons-simplex-collection). Parents consented and children
assented as required by each local institutional review board. Participants
were de-identified before distribution. Research was approved by the University
of Washington Human Subject Division under non-identifiable biological
specimens/data.

Full Methods and any associated references are available in the online version of
the paper at www.nature.com/nature.
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Figure 2 | Mutations identified in protein–protein interaction (PPI)
networks. a, The 49-gene connected component of the PPI network formed
from 126 genes with severe de novo mutations among the 209 probands.
b, Proband 13844 inherits three rare gene-disruptive CNVs and carries two de

novo truncatingmutations. c, GeneMANIA22 view of three of the affected genes
(b) (red labels) which encode proteins that are part of a b-catenin-linked
network. This proband is macrocephalic, impaired cognitively, and has deficits
in social behaviour and language development (Supplementary Discussion).
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of ‘functional’ (missense, nonsense, CSS and read-through) versus
silent changes did not deviate from expectation (Table 2). We did,
however, observe ten nonsense mutations (6.2%), which exceeded
expectation (3.3%) (one-tailed P5 0.04; Supplementary Information).
We examined missense mutations using PolyPhen-2 scores12 to

measure severity, as some missense variants can severely affect func-
tion13. These scores showed no deviation from random expectation.
The observed PolyPhen-2 scores clearly deviate from standing vari-
ation in the parents (Table 2), but such variation, even the rarest
category, has survived selective pressure and so is inappropriate for
comparison to de novo events.
We observed three genes with two de novomutations: BRCA2 (two

missense), FAT1 (two missense) and KCNMA1 (one missense, one
silent). A gene with two or more non-synonymous de novo hits across
a panel of triosmight indicate strong candidacy. However, simulations
(Supplementary Information) show that two such hits are inadequate
to define a gene as a conclusive risk factor given the number of
observed events in the study.
From analyses of secondary phenotypes (Supplementary Tables 2

and 3), the most striking result is that paternal and maternal age,
themselves highly correlated (r25 0.679, P-value ,0.0001), each
strongly predicts the number of de novo events per offspring (paternal
age, P5 0.0013; maternal age, P5 0.000365), consistent with aggreg-
ating mutations in germ cells in the paternal line14. Consistent with a
liability thresholdmodel, there is an increased rate of de novomutation
in female versus male cases (1.214 for females versus 0.914 for males);
however, the difference is not significant, owing to limited sample size.
Considering phenotypic correlates, we observed no rate difference
between subjects with strict autism versus those with a broader ASD
classification, between positive and negative family history, or any
significant effect of de novo mutation on verbal, non-verbal or full-
scale IQ (Supplementary Table 3).
Given that hundreds of loci are apparently involved in autism5 and

de novo mutations therein affect ASD risk, we modelled different
numbers of risk genes and penetrances (Supplementary Informa-
tion) and show that amodel of hundreds of geneswith high penetrance
mutations is excluded by our data; however, more modest contribu-
tions of de novo variants are not. For example, up to 20% of cases

carrying a de novo event conferring a 10- or 20-fold increased risk is
consistent with these data (Supplementary Table 4). Thus, our data are
consistent with either chance mutation or a modest role for de novo
mutations on risk. Importantly, a single deleterious event is unlikely to
fully explain disease in a patient.
We therefore posed two questions of the group of genes harbouring

de novo functional mutations: do the protein products of these genes
interact with each other more than expected, and are they unusually
enriched in, or connected to, previous curated lists of ASD-implicated
genes? Using an in silico approach (DAPPLE)15, the protein–protein
connectivity defined by InWeb16 in the set of 113 genes harbouring
functional de novo mutations was evaluated. These analyses (Fig. 1)
showed significantly greater connectivity among the de novo identified
proteins than would be expected by chance (P, 0.001) (Supplemen-
tary Information).
Querying previously defined, manually curated lists of genes3 asso-

ciated with high risk for ASD with or without intellectual disability
(Supplementary Table 5), and high-risk intellectual disability genes
(Supplementary Table 6), we asked whether there was significant
enrichment for de novo mutations in these genes. Five genes with
functional de novo events were previously associated with ASD and/
or intellectual disability (STXBP1, MEF2C, KIRREL3, RELN and
TUBA1A); for four of these genes (all butRELN) the previous evidence
indicated autosomal dominant inheritance.
We then assessed the average distance (Di, Supplementary Fig. 2) of

the de novo coding variants in brain-expressed genes (see supplement)
to the ASD/intellectual disability list using a protein–protein inter-
action background network. To enhance power, data from a compan-
ion study11 were used, including the observed silent de novo variants
anddenovo variants inunaffected siblings as comparators. The average
distance for non-synonymous variants was significantly smaller for the
case set than the comparator set (3.666 0.42 versus 3.786 0.59;
permutation P5 0.033) (Supplementary Fig. 3). Much of this signal
comes from 31 synaptic genes identified by three large-scale synaptic
proteomic studies (Di5 3.476 0.46 versus 3.576 0.60; permutation
P5 0.084) (Fig. 2; see also Supplementary Fig. 4 for the complete data).
Taken in total, these independent gene set analyses, along with the
modest enrichment of de novo variants over background rates in

Table 2 | Rates of mutation annotation given variant type
Type of de novo
mutation

De novo
(%)*

Random
de novo (%)

Singletons
(%){

Doubletons
(%){

$3
(%){

Missense 62.7 66.1 59.5 55.4 48.8
Nonsense 6.2 3.3 1.2 0.8 0.4
Synonymous 31.1 30.6 39.3 43.8 50.8
PolyPhen-2 missense classification
Benign 35.0 35.9 46.6 51.3 63.4
Possibly
damaging

21.0 18.9 18.8 17.7 15.1

Probably
damaging

44.0 45.2 34.7 31.0 21.4

*All indels and failing variants were removed.
{Singletons, doubletons and$3 (copies) are only those variants called in 192 parents.
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Figure 1 | Protein–protein interaction for genes with an observed
functional de novo event. Direct protein connections from InWeb, restricting
to genes harbouring de novo mutations for DAPPLE analysis. Two extensive
networks are identified: the first is centred on SMARCC2 with 12 connections
across 11 genes; the second is centred onFN1with 7 connections across 6 genes.
The P value for each gene having as many connections as those observed is
indicated by node colour.

Table 1 | Distribution of events per family
Events per
family

All ASD trios Random
mut. exp.{

Exon DN SNVs* Exp.{

0 71 69.7 73.2
1 62 64.2 63.8
2 28 29.5 27.8
3 10 9.1 8.1
4 2 2.1 1.8
5 1 0.4 0.3

Mean 0.920 0.871

*Exon DN SNVs include all single nucleotide variants in coding sequence but excludes indels and
intronic variants.
{The expected distribution of number of trios with a given event count as determined by the Poisson.
{Randommut. exp. is the expectation for 175 trios basedon the sequence-contextmutation ratemodel
M1 (Supplementary Information) based on the count of the number of trios that have at least 103
coverage.
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affected individuals in the SSC carry de novo SNV risk events
(Supplementary Information). Moreover, among probands and con-
sidering brain-expressed genes, an estimated 41% of non-synonymous
de novo SNVs (95% CI, 21–58%) and 77% of nonsense and splice site

de novo SNVs (95% CI, 33–100%) point to bona fide ASD-risk loci
(Supplementary Information).
We next set out to evaluate which of the particular de novo SNVs

identified in our study confer this risk. On the basis of our prior work3,
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Figure 1 | Enrichment of non-synonymous de novo variants in probands
relative to sibling controls. a, The rate of de novo variants is shown for 200
probands (red) andmatched unaffected siblings (blue). ‘All’ refers to all RefSeq
genes in hg18, ‘Brain’ refers to the subset of genes that are brain-expressed24 and
‘Non-syn’ to non-synonymous SNVs (including missense, nonsense and splice
site SNVs). Error bars represent the 95% confidence intervals and P values are
calculated with a two-tailed binomial exact test. b, The proportion of
transmitted variants in brain-expressed genes is equal between 200 probands
(red) and matched unaffected siblings (blue) for all mutation types and allele
frequencies, including common ($1%), rare (,1%) and novel (single allele in

one of the 400 parents); in contrast, both non-synonymous and nonsense de
novo variants show significant enrichment in probands compared to unaffected
siblings (73.7% versus 66.7%, P5 0.01, asymptotic test and 9.5% versus 3.1%,
P5 0.01 respectively). c, The frequency distribution of brain-expressed non-
synonymous de novo SNVs is shownper sample for probands (red) and siblings
(blue). Neither distribution differs from the Poisson distribution (black line),
suggesting that multiple de novo SNVs within a single individual do not
confirm ASD risk. Nonsense{ represents the combination of nonsense and
splice site SNVs.

Table 1 | Distribution of SNVs between probands and siblings
Category Total number of SNVs* SNVs per subject Per base SNV rate (x1028) P{ Odds ratio (95% CI){

Pro Sib Pro Sib Pro Sib
N5200 N5200 N5200 N5200 N5200 N5200

De novo
All genes

All 154 125 1 0.77 0.63 1.58 1.31 0.09 NA
Silent 29 39 0.15 0.20 0.29 0.40 0.28 NA
All non-synonymous 125 87 0.63 0.44 1.29 0.92 0.01 1.93 (1.11–3.36)
Missense 110 82 0.55 0.41 1.13 0.86 0.05 1.80 (1.03–3.16)
Nonsense/splice site 15 5 0.08 0.03 0.16 0.05 0.04 4.03 (1.32-12.4)

Brain-expressed genes
All 137 96 0.69 0.48 1.41 1.01 0.01 NA
Silent 23 30 0.12 0.15 0.24 0.31 0.41 NA
All non-synonymous 114 67 0.57 0.34 1.18 0.71 0.001 2.22 (1.19–4.13)
Missense 101 64 0.51 0.32 1.04 0.68 0.005 2.06 (1.10–3.85)
Nonsense/splice site 13 3 0.07 0.02 0.14 0.03 0.02 5.65 (1.44–22.2)

Novel transmitted
All genes

All 26,565 26,542 133 133 277 277 0.92 NA
Silent 8,567 8,642 43 43 90 91 0.57 NA
All non-synonymous 17,998 17,900 90 90 188 187 0.61 1.01 (0.98–1.05)
Missense 17,348 17,250 87 86 181 180 0.60 1.01 (0.98–1.05)
Nonsense/splice site 650 650 3.3 3.3 7 7 1.00 1.01 (0.90–1.13)

Brain-expressed genes
All 20,942 20,982 105 105 219 220 0.85 NA
Silent 6,884 6,981 34 35 72 74 0.42 NA
All non-synonymous 14,058 14,001 70 70 147 146 0.74 1.02 (0.98–1.06)
Missense 13,588 13,525 68 68 142 141 0.71 1.02 (0.98–1.06)
Nonsense/splice site 470 476 2.3 2.4 5 5 0.87 1.00 (0.88–1.14)

*An additional 15 de novo variants were seen in the probands of 25 trio families; all were missense and 14 were brain-expressed.
{The P values compare the number of variants between probands and siblings using a two-tailed binomial exact test (Supplementary Information); P values below 0.05 are highlighted in bold.
{The odds ratio calculates the proportion of variants in a specific category to silent variants and then compares these ratios in probands versus siblings. NA, not applicable.
1The sumof silent and non-synonymous variants is 126, however one nonsense and two silent de novo variants were indentified in KANK1 in a single sibling, suggesting a single gene conversion event. This event
contributed a maximum count of one to any analysis.
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annotation results in a table on the webpage. The annotations
on all variants were grouped into several broad categories
including gene annotation, variation databases, functional
prediction and region annotations (table 1). Several functional
prediction scores for exonic variants from the dbNSFP Database4

including SIFT,5 PolyPhen,6 LRT,7 MutationTaster8 and PhyloP,9

are also provided in the wANNOVAR server to help users judge
the functionality of variants using multiple sources of infor-
mation. As previously described, wANNOVAR can perform
a ‘variants reduction’ procedure to identify a subset of the most
likely causal variants/genes for Mendelian diseases, from a large
list of variants on personal genomes.2 For example, users can
remove variants observed in public databases such as the 1000
Genomes Project,10 NHLBI-ESP 5400 exomes11 and dbSNP12

with speci!c minor allele frequency cut-off. The server uses
modi!ed versions of dbSNP that excluded all SNPs "agged as
‘clinically associated’ by dbSNP. We provide several default
pipelines for different disease models such as ‘rare recessive
Mendelian disease’ and ‘rare dominant Mendelian disease’, but
users can also use ‘advanced options’ to specify a custom
!ltering strategy (table 2).

RESULTS
Analysis of a real exome sequencing data set on Ogden
syndrome
To demonstrate the utility of the wANNOVAR server, we
analysed variants calls from a family segregating Ogden
syndrome ([MIM: 300855]). Thirty years ago, Ogden syndrome
was discovered as an X linked lethal infantile disorder, and its
genetic basis was recently solved by next-generation
sequencing.13 The disease is characterised by postnatal growth
failure with severe delays and dysmorphic features, and is caused
by a mutation in the NAA10 gene, leading to a N-terminal
acetyltransferase de!ciency. For the family with Ogden
syndrome, exon-capture sequencing data was aligned by BWA14

and genotypes were called by GATK15 as VCF3 !les in hg19
coordinate. We submitted all chromosome X variants (1318
single nucleotide variants and 161 indels) in the proband to the
wANNOVAR server, and tested the ‘variants reduction’ proce-
dure using the default ‘rare recessive Mendelian disease’ pipeline
and a custom pipeline (table 2). Compared with the default
pipeline, the custom pipeline !lter variants set against the two
unaffected family members and the deleterious variants were

Table 1 Selected annotation tasks from the wANNOVAR server
Type Column Description

Gene
annotation

Variant function Exonic, intronic, intergenic, UTR, etc

Gene Impacted gene or neighbouring gene (with distance)

Exonic variant function Non-synonymous, synonymous, stopgain, etc

AAChange mRNA and amino acid change for coding variants

Variation
databases

ESP5400_ALL Allele frequency in 5400 NHLBI-ESP exomes

1000G_ALL Allele frequency in 1000 Genomes Project (currently, version 2012 Feb)

dbSNP dbSNP identifier (currently, version 135)

Functional
prediction

AVSIFT Base-level SIFT scores

LJB_SIFT 1-SIFT scores and predictions (D: damaging, T: tolerated)

LJB_PolyPhen2 PolyPhen 2 scores and predictions (D: probably damaging; P: possibly
damaging; B: bening)

LJB_LRT LRT scores and predictions (D: deleterious; N: neutral; U: unknown)

LJB_MutationTaster MutationTaster scores and predictions (A: disease_causing_automatic; D:
disease_causing; N: polymorphism; P: polymorphism_automatic)

LJB_PhyloP PhyloP conservation scores and predictions (C: conserved, N: non-conserved)

GERP++ GERP++ scores for exonic variants

Region
annotation

Conserved Region-level phastCons LOD scores

SegDup Located in segmental duplication region and the sequence identity score

Table 2 Illustration of the “variants reduction” pipeline on the Ogden syndrome data set and the synthetic Miller syndrome data set

Data set

Ogden (exome variants in
hg19 coordinate) Miller (genome variants in hg18 coordinate)

Variants reduction strategy Default Custom Default Custom Custom

Input variants 1479 1479 4702187 4702187 4702187

Identify missense, nonsense and splicing variants 136 136 12410 12410 12410

Identify variants from conserved regions e e e 5395 e

Remove variants in segmental duplications regions e e e 5135 e

Remove variants observed in user-supplied controls e 16* e e e

Remove variants observed in the 1000 Genomes Project with MAF>1% 19 3 2275 1116 2275

Remove variants observed in the NHLBI-ESP 5400 exomes with MAF>1% 14 3 1256 740 1256

Remove variants in dbSNP (excluding clinically associated SNPs) 1 1 516 313 516

Remove variants with SIFT score >0.05 e 1 e e 395

Remove variants with PolyPhen2 score <0.85 e 1 e e 351

Final list of candidate genes based on disease model 1 1 24 10 14

Correct causal gene identified? Yes Yes Yes Yes No

*Two unaffected male family members were used as controls.
SNP, single nucleotide polymorphism.

434 J Med Genet 2012;49:433e436. doi:10.1136/jmedgenet-2012-100918
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Detection of inherited mutations for breast and
ovarian cancer using genomic capture and
massively parallel sequencing
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Inherited loss-of-functionmutations in the tumor suppressor genes
BRCA1, BRCA2, andmultiple other genes predispose to high risks of
breast and/or ovarian cancer. Cancer-associated inherited muta-
tions in these genes are collectively quite common, but individually
rare or even private. Genetic testing for BRCA1 and BRCA2 muta-
tions has become an integral part of clinical practice, but testing is
generally limited to these two genes and to women with severe
family histories of breast or ovarian cancer. To determine whether
massively parallel, “next-generation” sequencing would enable ac-
curate, thorough, and cost-effective identi!cation of inherited mu-
tations for breast and ovarian cancer, we developed a genomic
assay to capture, sequence, and detect all mutations in 21 genes,
including BRCA1 and BRCA2, with inherited mutations that predis-
pose to breast or ovarian cancer. Constitutional genomic DNA from
subjects with known inherited mutations, ranging in size from 1 to
>100,000 bp, was hybridized to custom oligonucleotides and then
sequenced using a genome analyzer. Analysis was carried out blind
to themutation in each sample. Average coveragewas>1200 reads
per base pair. After !ltering sequences for quality and number of
reads, all single-nucleotide substitutions, small insertion and dele-
tion mutations, and large genomic duplications and deletions were
detected. There were zero false-positive calls of nonsense muta-
tions, frameshift mutations, or genomic rearrangements for any
gene in any of the test samples. This approach enables widespread
genetic testing and personalized risk assessment for breast and
ovarian cancer.

BRCA1 | BRCA2 | genomics | next-generation sequencing | genetic testing

Inherited mutations in BRCA1 and BRCA2 predispose to high
risks of breast and ovarian cancer. Lifetime risks of breast cancer

are as high as 80% among women with mutations in these genes,
and lifetime risks of ovarian cancer are greater than 40% for
carriers of BRCA1mutations and greater than 20% for carriers of
BRCA2mutations (1). Inherited mutations in the Fanconi anemia
genes BRIP1 (FANCJ) and PALB2 (FANCN) are associated with
20–50% lifetime risks of breast cancer (2, 3). Inherited mutations
in TP53, PTEN, STK11, and CDH1 are associated with moderate
to very high risks of breast cancer in the context of Li-Fraumeni
syndrome, Cowden syndrome, Peutz-Jeughers syndrome, and
hereditary diffuse gastric cancer syndrome, respectively (4, 5, 6, 7).
Inherited mutations in several of the genes responsible for he-
reditary nonpolyposis colon cancer and endometrial cancer are
also associated with elevated risks of ovarian cancer (8).
Genetic testing for BRCA1 and BRCA2 mutations has become

an integral part of clinical practice for women with severe family
histories of breast or ovarian cancer, whether newly diagnosed or
still clinically asymptomatic. However, as many as 50% of breast
cancer patients with inherited mutations in BRCA1 and BRCA2
do not have close relatives with breast or ovarian cancer because
their mutation is paternally inherited, the family is small, and by
chance no sisters or paternal aunts have inherited the mutation
of the family (1). Women in such families who carry BRCA1 or

BRCA2 mutations have the same high risks of breast and ovarian
cancer as women from high-incidence families. At present,
women from such families rarely use genetic services.
In the United States, genetic testing of BRCA1 and BRCA2 is

carried out almost exclusively by a single commercial company,
whose protocol is based on PCR ampli!cation of individual exons
and Sanger sequencing of the products (9). In 2007, a quantitative
DNAmeasurement assay (BART) was added as a supplementary
test to detect large exonic deletions and duplications that are not
detectable by PCR ampli!cation approaches (BRACAnalysis
Technical Speci!cations (updated February 2009) http://www.
myriadtests.com/provider/doc/BRACAnalysis-Technical-Speci!-
cations.pdf). In Europe, genetic testing of BRCA1 and BRCA2
is more widely available (10, 11). Sequencing of the more mod-
erate-risk breast cancer genes is available in various research or
commercial diagnostic laboratories (GeneClinics http://www.ncbi.
nlm.nih.gov/sites/GeneTests/?db=GeneTests), but is not rou-
tinely performed.
Recent advances in sequencing technologies have dramatically

increased the speedandef!ciencyofDNAtesting (12–16).Medical
screening of genes responsible for disease generally requires an
enrichment step before sequencing (17). This enrichment improves
accuracy of mutation detection and reduces cost per sequenced
nucleotide. To identify as many mutations as possible that are re-
sponsible for inherited predisposition to breast and ovarian cancer,
it is useful to analyze multiple genes, not only BRCA1 and BRCA2.
The mutational spectra of these genes include single-nucleotide
variants, small insertions and deletions, and large genomic rear-
rangements spanningmultiple kilobases. An approach tomutation
detection based on next-generation sequencing must be able to
accurately and cost-effectively detect all these classes of mutations
before it canbeused in a clinical diagnostic setting. This projectwas
proof of principle for the application of solution capture and next-
generation sequencing to mutation detection for patients at high
risk of breast or ovarian cancer.

Results
Our goal was to evaluate the accuracy of DNA capture followed
by massive parallel sequencing for identi!cation of inherited
mutations in breast and ovarian cancer genes. To carry out
DNA capture, we designed oligonucleotides to target complete
genomic sequence of 21 genes responsible for inherited risk of
these cancers (Table 1). Oligonucleotides were designed to cover
coding regions, noncoding intronic sequences, and 10-kb geno-
mic sequence "anking each gene. After repetitive DNA elements
were masked, total DNA targeted was !1 megabase.
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The mutation screening process is outlined in Fig. 1. DNA was
extracted from blood and sonicated, and libraries were prepared
with a mean insert size of 200 bp. Libraries were hybridized in
solution to the custom oligonucleotides and then sequenced on
an Illumina Genome Analyzer IIX to generate 2- ! 76-bp paired-
end reads. An average of 2.4 gigabase (Gb) per sample (range
1.8–4.4 Gb per sample) of high-quality sequence was obtained at
targeted sites, representing an average 1,286-fold coverage per
nucleotide (range across all samples was 781- to 1854-fold av-
erage coverage per nucleotide). DNA sequences were aligned to
the human reference genome. Nucleotide coordinates of rare
variants were identi!ed as described inMaterials andMethods. We
required that a potential variant be present on both sequenced
DNA strands and represent !15% of total reads at that site to be
further evaluated. The 15% threshold was chosen because the
mutation CHEK2_1100delC was present on only 15% of reads at

this site (Table 2) as the result of the existence of CHEK2 pseu-
dogenes on chromosomes 15 and 16. Common polymorphisms
were excluded by comparison with dbSNP130. However, because
dbSNP erroneously includes some severe disease-associated muta-
tions as benign polymorphisms (e.g., p53_721G > A) (18), we also
compared all variants to gene-speci!c mutation databases. Can-
didate variants were categorized by gene location (intergenic,
intronic, or exonic) and by predicted effect (frameshift, in-frame
insertion or deletion, synonymous substitution, nonsynonymous
substitution, splice site alteration, or nonsense). Each candidate
variant was evaluated by conventional Sanger sequencing. All
samples were tested blind to their mutation.

Table 1. Genomic regions targeted for breast and ovarian
cancer genes

Captured genomic region

Gene Chromosome Start End

BRCA1 17 41,186,313 41,347,712
BRCA2 13 32,879,617 32,983,809
CHEK2 22 29,073,731 29,147,822
PALB2 16 23,604,483 23,662,678
BRIP1 17 59,759,985 59,940,755
p53 17 7,561,720 7,600,863
PTEN 10 89,613,195 89,738,532
STK11 19 1,195,798 1,238,434
CDH1 16 68,761,195 68,879,444
ATM 11 108,083,559 108,249,826
BARD1 2 215,583,275 215,684,428
MLH1 3 37,024,979 37,102,337
MRE11 11 94,140,467 94,237,040
MSH2 2 47,620,263 47,720,360
MSH6 2 48,000,221 48,044,092
MUTYH 1 45,784,914 45,816,142
NBN 8 90,935,565 91,006,899
PMS1 2 190,638,811 190,752,355
PMS2 7 6,002,870 6,058,737
RAD50 5 131,882,630 131,989,595
RAD51C 17 56,759,963 56,821,692

Fig. 1. Screening for mutations in breast and ovarian cancer genes using
targeted DNA capture and next-generation sequencing.

Table 2. Point mutations and small insertions and deletions identi!ed by the assay

Mutant sites identi!ed No. of reads

Gene Nucleotide Effect Type Size (bp) Chromosome Start End Wild type Variant % Variant

BRCA1 4510 del3ins2 1465 stop Deletion-insertion 1 17 41,228,596 41,228,597 525 596 0.53
BRCA1 5083 del19 1657 stop Deletion 19 17 41,222,949 41,222,968 700 644 0.48
BRCA1 5382 insC 1829 stop Insertion 1 17 41,209,080 41,209,081 606 596 0.50
BRCA2 999 del5 273 stop Deletion 5 13 32,905,141 32,905,146 363 229 0.39
BRCA2 1983 del5 585 stop Deletion 5 13 32,907,366 32,907,371 304 258 0.46
BRCA2 6174 delT 2003 stop Deletion 1 13 32,914,438 32,914,439 565 661 0.54
BRCA2 9179 C > G 2984 stop Nonsense 1 13 32,953,650 391 361 0.48
BRIP1 3401 delC 1149 stop Deletion 1 17 59,761,006 59,761,007 651 486 0.43
CDH1 591 G > A 157 stop Nonsense 1 16 68,842,406 421 359 0.46
CHEK2 1100 delC 381 stop Deletion 1 22 29,091,857 29,091,858 3,293 586 0.15
MLH1 ivs14(-1) G > A 568 stop Splice 1 3 37,083,758 1,024 683 0.40
MSH2 1677 T > A 537 stop Nonsense 1 2 47,693,895 575 552 0.49
p53 721 G > A R175H Missense 1 17 7,578,406 449 306 0.41
PALB2 509 delGA 183 stop Deletion 2 16 23,647,357 23,647,359 1,283 1,233 0.49
STK11 ivs6(-1) G > A 316 stop Splice 1 19 1,221,947 722 572 0.44
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Figure 1 Inherited prelingual hearing loss in Palestinian families. Hearing loss in affected individuals (filled symbols) is prelingual with thresholds 490dB.
Double bars between parents indicate marriages within the same hamula, or clan. Only enrolled individuals and their parents are shown. Based on complete
pedigree information, segregation of hearing loss is consistent with recessive inheritance in each family.
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individuals). There is marked convergence on genes previously impli-
cated in intellectual disability and developmental delay. As has been
noted for CNVs, this indicates that nosological divisions may not
readily translate into differences at themolecular level.We believe that
there is value in comparing mutation patterns in children with
developmental delay (without features of autism) to those in children
with ASD.
Although there is no one major genetic lesion responsible for ASD,

it is still largely unknownwhether there are subsets of individuals with
a common or strongly relatedmolecular aetiology and how large these
subsets are likely to be. Using gene expression, protein–protein inter-
actions, and CNV pathway analysis, recent reports have highlighted
the role of synapse formation and maintenance27–29. We find it
intriguing that 49 proteins found to bemutated here have critical roles
in fundamental developmental pathways, including b-catenin and p53
signalling, and that patients have been identified with multiple
disruptive de novo mutations in interconnected pathways. The latter
observations are consistent with an oligogenic model of autism where
both de novo and extremely rare inherited SNV and CNV mutations
contribute in conjunction to the overall genetic risk. Recent work has
supported a role for these interconnected pathways in neuronal stem-
cell fate-determination, differentiation and synaptic formation in
humans and animal models24,30,31. Given that fundamental develop-
mental processes have previously been found to underlie syndromic
forms of autism, a wider role of these pathways in idiopathic ASD
would not be entirely surprising and would help explain the extreme
genetic heterogeneity observed in this study.

METHODS SUMMARY
Exome capture, alignments and base-calling. Genomic DNA was derived
directly from whole blood. Exomes were considered to be completed when
,90% of the capture target exceeded 8-fold coverage and,80% exceeded 20-fold
coverage. Exomes for the 189 trios (and 31 unaffected siblings) were captured with
NimbleGen EZ ExomeV2.0. Reads were mapped as in ref. 4 to a custom reference
genome assembly (GRC build37). Genotypes were generated with GATK unified
genotyper and parallel SAMtools pipeline4. Exomes for the unaffected siblings
matching the pilot trios were captured and analysed as in ref. 4. Predicted de novo
events were called as in ref. 4 and confirmed by capillary sequencing in all family
members (for 176 of the 189 trios, this also included one unaffected sibling).
Mutations were considered severe if they were truncating, missense with
Grantham score$50 andGERP score$3 or onlyGrantham score$85, or deleted
a highly conserved amino acid.
Exome read-depth CNV analysis. Reads were mapped using mrsFAST and
normalized reads per kilobase of exon per million mapped reads (RPKM) values

calculated by exon. Population normalization was performed using a set of 366
non-ASD exomes. Calls weremade if three ormore exons passed a threshold value
and cross-validated calls using two orthogonal platforms, custom array CGH and
Illumina 1M array data2. CNVswere filtered to identify de novo and rare inherited
events by comparison with 2,090 controls and 1,651 parent profiles.
Networkreconstructionandnullmodel estimation.PPInetworkswere generated
using physical interaction data from GeneMANIA22. Null models were estimated
using gene-specificmutation rate estimates based onhuman–chimpdivergence. To
rank candidate genes we obtained the seed ASD list from ref. 17 and severe dis-
ruptive de novo events from all families (n5 209). Given the PPI network and seed
gene product list, we used DADA23 for ranking each gene.
Human subjects. All samples and phenotypic data were collected under the
direction of the Simons Simplex Collection by its 12 research clinic sites (http://
sfari.org/sfari-initiatives/simons-simplex-collection). Parents consented and children
assented as required by each local institutional review board. Participants
were de-identified before distribution. Research was approved by the University
of Washington Human Subject Division under non-identifiable biological
specimens/data.

Full Methods and any associated references are available in the online version of
the paper at www.nature.com/nature.
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Figure 2 | Mutations identified in protein–protein interaction (PPI)
networks. a, The 49-gene connected component of the PPI network formed
from 126 genes with severe de novo mutations among the 209 probands.
b, Proband 13844 inherits three rare gene-disruptive CNVs and carries two de

novo truncatingmutations. c, GeneMANIA22 view of three of the affected genes
(b) (red labels) which encode proteins that are part of a b-catenin-linked
network. This proband is macrocephalic, impaired cognitively, and has deficits
in social behaviour and language development (Supplementary Discussion).
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Predictive filtering 

•  Splice site prediction 
•  Functional effect of amino acid change 
• Evolutionary conservation 
•  Functional/Pathway annotation of genes 
• Regulatory region (promoter, UTR, TFBS) 

17 

Iowa Initiative in Human Genetics :: http://www.medicine.uiowa.edu/humangenetics   University of Iowa Bioinformatics :: http://bioinform-div.healthcare.uiowa.edu/ 
 



Predictive filtering 
•  Splice site prediction 

§  Model based – e.g. 
GeneSplicer 

§  Consider variants 
that flank introns 
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Predictive filtering 
•  Functional effect of amino acid change 

§  Conservation 
§  Functional prediction/Protein structure 
§  SIFT, Polyphen, … 
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CORRESPONDENCE

the HumDiv dataset must be close to selective neutrality. Because 
alleles that are mildly but unconditionally deleterious may not 
be fixed in the evolving lineage, no method based on compara-
tive sequence analysis is ideal for discriminating between drasti-
cally and mildly deleterious mutations, which were assigned to 
opposite categories in HumVar data. Another reason is that the 
HumDiv dataset uses extra criteria (Supplementary Methods) to 
avoid possible erroneous annotations of damaging mutations.

PolyPhen-2 calculates the naive Bayes posterior probability 
that a given mutation is damaging and reports estimates of false 
positive (the chance that the mutation is classified as damaging 
when it is in fact nondamaging) and true positive (the chance that 
the mutation is classified as damaging when it is indeed damag-
ing) rates. A mutation is also appraised qualitatively, as benign, 
possibly damaging or probably damaging (Supplementary 
Methods).

The user can choose between HumDiv- and HumVar-trained 
PolyPhen-2. Diagnostics of Mendelian diseases require dis-
tinguishing mutations with drastic effects from other human 
variation, including abundant mildly deleterious alleles. Thus, 
HumVar-trained PolyPhen-2 should be used for this task. In con-
trast, HumDiv-trained PolyPhen-2 should be used to evaluate 
rare alleles at loci potentially involved in complex phenotypes, 
for dense mapping of regions identified by genome-wide associa-
tion studies and for analysis of natural selection from sequence 

data, in which even mildly deleterious alleles must be treated as 
damaging.

Note: Supplementary information is available on the Nature Methods website.
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Figure 1 | PolyPhen-2 pipeline and prediction 
accuracy. (a) Overview of the algorithm. MSA, 
multiple sequence alignment. (b) Receiver 
operating characteristic (ROC) curves for 
predictions made by PolyPhen-2 using fivefold 
cross-validation on HumDiv and HumVar3 data, 
using UniRef100 and Swiss-Prot databases for 
the homology search. Also shown are ROC curves 
for PolyPhen on HumDiv and HumVar calculated 
from the difference between position-specific 
independent counts (PSIC) scores1 of the wild-
type and the mutant amino acids. (c) ROC curves 
for PolyPhen-2 trained on HumDiv and tested 
on a subset of HumVar data nonoverlapping 
with HumDiv data. UniRef100 and Swiss-Prot 
databases were used for the homology search. 
Also shown are ROC curves obtained using the 
programs sorting intolerant from tolerant (SIFT)4, 
screening for nonacceptable polymorphisms 
(SNAP)5 and SNPs3D6 on HumVar data. Methods 
other than PolyPhen-2 and PolyPhen could not 
easily be applied to HumDiv data because using 
the same sequences for obtaining both multiple 
alignments and nondamaging replacements 
must be avoided. SIFT was used in conjunction 
with Swiss-Prot database, SNAP and SNPs3D 
were used with their corresponding default 
databases. We used SIFT with Swiss-Prot database 
for homology search since Swiss-Prot does not 
contain sequences of splice forms, sequences of 
human allelic variants and incomplete sequences, 
making it possible to guarantee that allelic 
variants used in testing datasets would not 
appear in multiple-sequence alignments.

We examined the literature to account for mispre-
dictions at some positions. Several intolerant positions
that SIFT predicted to tolerate substitutions cluster to-
gether in region 35–40. Residues 36–46 show large
structural deviations and are implicated in HIV prote-
ase adaptation to binding of the substrates (Prabu-
Jeyabalan et al. 2000), so that errors at these residues
could be accounted for by substrate specificity. In gen-
eral, SIFT predicts better than substitution matrices on
HIV-1 protease mutation data; with careful selection of
sequences and comparison of structures, performance
can be improved further.

Comparison of SIFT with BLOSUM62 Predictions
on Bacteriophage T4 Lysozyme Mutation Data
The final test case, which uses mutation data from bac-
teriophage T4 lysozyme, shows that SIFT can improve
prediction remarkably when only one homologous se-
quence is available. Bacteriophage T4 produces a
soluble lysozyme that breaks up bacterial cell walls late
in the infection of E. coli. Bacteriophage T4 lysozyme
was subjected to a mutagenesis study using amber sup-
pressor tRNAs (Rennell et al. 1991). Similar to the LacI
results, approximately half of the positions could tol-

erate all tested substitutions. Lysozyme function was
assayed by plaque formation, and mutants were scored
by plaque size. Mutants with plaques the same size as
wild type were scored as wild-type. Intermediate phe-
notypes were scored for mutants with smaller plaque
size. Mutants that produced no plaques were scored as
null. We tested whether SIFT could predict a mutant
with a wild-type phenotype as tolerated, and mutants
with either intermediate or null phenotypes as delete-
rious.

When using the automated procedure for choos-
ing similar proteins, the lysozyme amino acid se-
quence was unable to meet SIFT’s criteria for choosing
similar sequences. An error was returned to the user,
indicating that there were not enough sequences and
the user should examine the results manually. The
SIFT alignment had gaps occurring in regions corre-
sponding to secondary structure and in a core region
that is conserved among distant proteins (Monzingo et
al. 1996). Only VG05_BPT4, a tail-associated lysozyme
in bacteriophage T4, aligned well with bacteriophage
T4 soluble lysozyme (43% identity, 3% gaps). This pro-
tein is similar in function to the soluble lysozyme
because a tail-associated lysozyme mutant can substi-

Figure 3 (A) Structure of LacI as a homodimer (light and dark blue strands) with DNA (yellow strand). The N-terminal subdomain whose
interface is important for DNA binding and the allosteric mechanism is at the upper part of the figure; the C-terminal domain is at the
bottom. The 186 positions tolerant for six or more substitutions are colored in white on one monomer (Markiewicz et al. 1994; Suckow
et al. 1996). For 31 of these positions, >50% of the substitutions were predicted to affect phenotype according to SIFT when
experimentally they did not (see also Fig. 2, asterisks). These positions are shown as space-fill atoms in red. Noticeably, many of these
occurred at the bottom face of the C-terminal domain. This structure is 1EFA from PDB (Bell and Lewis 2000). (B) Same figure rotated 90°
about the Z-axis.

Ng and Henikoff

870 Genome Research
www.genome.org
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Predictive filtering 

•  Functional/Pathway annotation of genes 
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KEGG Spliceosome Pathway 
Figure 3: Repartition of the19 tools according to the data sources they use. The four data sources most common-
ly used areText (functional and interactions mining), protein^protein interactions, functional annotations and path-
ways and are therefore represented as large ellipses. The additional seven data sources are represented with
symbols.

Table 2: Description of the inputs needed by the tools and the outputs produced by the tools

Tool Inputs Output

Training data Candidate genes Ranking Selection of
candidates

Test
statistic

KnownGenes Keywords Region DEG Genome

SUSPECT x x x x
ToppGene x x x x
PolySearch x x x x
MimMiner x x x
PhenoPred x x x
PGMapper x x x x
Endeavour x x x x x x x
G2D x x x x x
TOM x x x
SNPs3D x x x
GenTrepid x x x x x
GeneWanderer x x x x x
Bitola x x x x x
CANDID x x x
aGeneApart x x x x
GeneProspector x x x
PosMed x x x x x x
GeneDistiller x x x x

Wedistinct two types of inputs: theprior knowledge about the genetic disorder of interest and the candidate search space.Theprior knowledge can
be represented either as a set of genes known to play a role in the disease or as a set of keywords that describe the disease.The candidate search
space is either a locus linked to a genomic condition or a list of genes differentially expressed in a tissue of interest (DEG) or the whole human
genome.The output is either a ranking of the candidate genes or a selection of the most promising candidates. In addition, a statistical measure
that estimates how likely it is to obtain that result by chance alone.More details about the inputs and outputs can be found in the Box1.

Web tools to prioritize candidate genes page 7 of 11
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Predictive filtering 
• Expression/Protein data 

§  Private – your own experiments 
§  Public – GEO or other repository 
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small clusters and intercluster distances are much larger than cd;
and (3) cells expressing Kit or Ptprc are in proximity to each other
(d<cd). We mined the transcriptome atlas for genes whose
expression patterns in liver fall into the above groups. Table S9
lists the members of these groups and, in addition, defines a fourth
group of scattered cells where d#cd. Collectively, these groups

contain many genes that are implicated in immune functions
encoding membrane-bound cell surface receptors, extracellular
proteins, transcription factors, extracellular cytokines, protease
inhibitors, focal adhesion proteins, and proteins generally involved
in cell adhesion. Many of our markers tag a few thousand cells per
liver, corresponding to the HSC number estimates for fetal liver

Figure 4. Hierarchical clustering of regionally expressed genes. (A) Graphical representation of clusters (listed on the right) with more than
eight genes in terms of expression occupancy. The occupancy is calculated as the number of genes in each cluster that are expressed in the
anatomical structures (listed at the top) divided by the number of genes in that cluster (normalization). The matrix of occupancy values for each tissue
group clusters with tissue distribution. More information on clustering can be found at http://www.eurexpress.org/ee/project/publication/
PlosBiol2010.html. (B) Cluster 83, with a Pearson coefficient of 0.73, is composed of eight different genes showing expression in epithelia (oral and
nasal cavities, respiratory tract, and middle and internal auditory cavities), choroid plexus, and middle-gut mucosa. (C) Genes in Cluster 83 are also
synexpressed in adult tissues. Publicly available microarray data (http://symatlas.gnf.org) were clustered using the MeV program (http://www.tm4.
org/mev.html). The figure shows synexpression in intestine, stomach, lacrimal gland, salivary gland, uterus, prostate, mammary gland, placenta, and
bladder. Note that some tissues listed on the top of the diagram are duplicated because they represent two independent datasets. Gene symbols are
on the right.
doi:10.1371/journal.pbio.1000582.g004

High-Resolution Transcriptome Atlas

PLoS Biology | www.plosbiology.org 6 January 2011 | Volume 9 | Issue 1 | e1000582

Diez-Roux 2011 
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Advancing RNA-Seq analysis
Brian J Haas & Michael C Zody

New methods for analyzing RNA-Seq data enable de novo reconstruction of the transcriptome.

Sequencing of RNA has long been recognized 
as an efficient method for gene discovery1 and 
remains the gold standard for annotation of 
both coding and noncoding genes2. Compared 
with earlier methods, massively parallel 
sequencing of RNA (RNA-Seq)3 has vastly 
increased the throughput of RNA sequencing 
and allowed global measurement of transcript 
abundance. Two reports in this issue introduce 
approaches for RNA-Seq analysis that capture 
genome-wide transcription and splicing in 
unprecedented detail. Trapnell et al.4 describe 
a software package, Cufflinks, for simultane-
ous discovery of transcripts and quantification 
of expression levels and apply it to study gene 
expression and splicing during the differentia-
tion of mouse myoblast cells. Taking a similar 
approach, Guttman et al.5 use software called 
Scripture to reannotate the transcriptomes of 
three mouse cell lines, defining complete gene 
models for hundreds of new large intergenic 
noncoding RNAs (lincRNAs)6.

Although transcript sequencing has been 
possible for nearly 20 years, until recently it 
required the construction of clone libraries. 
Projects to determine full-length gene struc-
tures for human, mouse and other impor-
tant models have taken years to complete7. 
With new sequencing technologies, no clon-
ing is needed, allowing direct sequencing of 
cDNA fragments. In a matter of days and at a 
small fraction of the cost of earlier projects, 
one can achieve reasonably complete cover-
age of a transcriptome8. But this approach 
has been hindered by a substantial challenge: 
without cloning, one cannot know a priori 
which reads came from which transcripts. 
Recent studies analyzed gene expression and 
alternative splicing by mapping short RNA-
Seq reads to previously known or predicted 

transcripts9,10. Although highly informative, 
such studies are inherently limited to known 
genes and to alternative splicing across pre-
viously identified splice junctions. To fully 
leverage RNA-Seq data for biological dis-
covery, one should be able to reconstruct 
transcripts and accurately measure their 
relative abundance without reference to an 
annotated genome.

Previous efforts to reconstruct transcripts 

from short RNA-Seq reads have followed two 
general strategies (Fig. 1). The first, a de novo 
assembly approach implemented in the ABySS 
software11, reduces the annotation problem 
to that of aligning full-length cDNAs, which 
is well handled by several algorithms. This 
method is also applicable to the discovery of 
transcripts that are missing or incomplete in 
the reference genome and to RNA-Seq data 
from organisms lacking a genome reference. 

RNA-Seq reads

Align reads to 
genome 

Assemble transcripts 
de novo 

Assemble transcripts 
from spliced alignments 

More abundant 

Less abundant 

Align transcripts
to genome 

Genome 

Figure 1  Strategies for reconstructing transcripts from RNA-Seq reads. The ‘align-then-assemble’ 
approach (left) taken by Trapnell et al.4 and Guttman et al.5 first aligns short RNA-Seq reads to 
the genome, accounting for possible splicing events, and then reconstructs transcripts from the 
spliced alignments. The ‘assemble-then-align’ approach (right) first assembles transcript sequences 
de novo—that is, directly from the RNA-Seq reads. These transcripts are then splice-aligned to the 
genome to delineate intron and exon structures and variations between alternatively spliced transcripts. 
As de novo assembly is likely to work only for the most abundant transcripts, the align-then-assemble 
method should be more sensitive, although this warrants further investigation. RNA-Seq reads are 
colored according to the transcript isoform from which they were derived. Protein-coding regions of 
reconstructed transcript isoforms are depicted in dark colors.

N E W S  A N D  V I E W S

Haas 2010 



Predictive filtering 
• Regulatory region (promoter, UTR, TFBS) 
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annotation results in a table on the webpage. The annotations
on all variants were grouped into several broad categories
including gene annotation, variation databases, functional
prediction and region annotations (table 1). Several functional
prediction scores for exonic variants from the dbNSFP Database4

including SIFT,5 PolyPhen,6 LRT,7 MutationTaster8 and PhyloP,9

are also provided in the wANNOVAR server to help users judge
the functionality of variants using multiple sources of infor-
mation. As previously described, wANNOVAR can perform
a ‘variants reduction’ procedure to identify a subset of the most
likely causal variants/genes for Mendelian diseases, from a large
list of variants on personal genomes.2 For example, users can
remove variants observed in public databases such as the 1000
Genomes Project,10 NHLBI-ESP 5400 exomes11 and dbSNP12

with speci!c minor allele frequency cut-off. The server uses
modi!ed versions of dbSNP that excluded all SNPs "agged as
‘clinically associated’ by dbSNP. We provide several default
pipelines for different disease models such as ‘rare recessive
Mendelian disease’ and ‘rare dominant Mendelian disease’, but
users can also use ‘advanced options’ to specify a custom
!ltering strategy (table 2).

RESULTS
Analysis of a real exome sequencing data set on Ogden
syndrome
To demonstrate the utility of the wANNOVAR server, we
analysed variants calls from a family segregating Ogden
syndrome ([MIM: 300855]). Thirty years ago, Ogden syndrome
was discovered as an X linked lethal infantile disorder, and its
genetic basis was recently solved by next-generation
sequencing.13 The disease is characterised by postnatal growth
failure with severe delays and dysmorphic features, and is caused
by a mutation in the NAA10 gene, leading to a N-terminal
acetyltransferase de!ciency. For the family with Ogden
syndrome, exon-capture sequencing data was aligned by BWA14

and genotypes were called by GATK15 as VCF3 !les in hg19
coordinate. We submitted all chromosome X variants (1318
single nucleotide variants and 161 indels) in the proband to the
wANNOVAR server, and tested the ‘variants reduction’ proce-
dure using the default ‘rare recessive Mendelian disease’ pipeline
and a custom pipeline (table 2). Compared with the default
pipeline, the custom pipeline !lter variants set against the two
unaffected family members and the deleterious variants were

Table 1 Selected annotation tasks from the wANNOVAR server
Type Column Description

Gene
annotation

Variant function Exonic, intronic, intergenic, UTR, etc

Gene Impacted gene or neighbouring gene (with distance)

Exonic variant function Non-synonymous, synonymous, stopgain, etc

AAChange mRNA and amino acid change for coding variants

Variation
databases

ESP5400_ALL Allele frequency in 5400 NHLBI-ESP exomes

1000G_ALL Allele frequency in 1000 Genomes Project (currently, version 2012 Feb)

dbSNP dbSNP identifier (currently, version 135)

Functional
prediction

AVSIFT Base-level SIFT scores

LJB_SIFT 1-SIFT scores and predictions (D: damaging, T: tolerated)

LJB_PolyPhen2 PolyPhen 2 scores and predictions (D: probably damaging; P: possibly
damaging; B: bening)

LJB_LRT LRT scores and predictions (D: deleterious; N: neutral; U: unknown)

LJB_MutationTaster MutationTaster scores and predictions (A: disease_causing_automatic; D:
disease_causing; N: polymorphism; P: polymorphism_automatic)

LJB_PhyloP PhyloP conservation scores and predictions (C: conserved, N: non-conserved)

GERP++ GERP++ scores for exonic variants

Region
annotation

Conserved Region-level phastCons LOD scores

SegDup Located in segmental duplication region and the sequence identity score

Table 2 Illustration of the “variants reduction” pipeline on the Ogden syndrome data set and the synthetic Miller syndrome data set

Data set

Ogden (exome variants in
hg19 coordinate) Miller (genome variants in hg18 coordinate)

Variants reduction strategy Default Custom Default Custom Custom

Input variants 1479 1479 4702187 4702187 4702187

Identify missense, nonsense and splicing variants 136 136 12410 12410 12410

Identify variants from conserved regions e e e 5395 e

Remove variants in segmental duplications regions e e e 5135 e

Remove variants observed in user-supplied controls e 16* e e e

Remove variants observed in the 1000 Genomes Project with MAF>1% 19 3 2275 1116 2275

Remove variants observed in the NHLBI-ESP 5400 exomes with MAF>1% 14 3 1256 740 1256

Remove variants in dbSNP (excluding clinically associated SNPs) 1 1 516 313 516

Remove variants with SIFT score >0.05 e 1 e e 395

Remove variants with PolyPhen2 score <0.85 e 1 e e 351

Final list of candidate genes based on disease model 1 1 24 10 14

Correct causal gene identified? Yes Yes Yes Yes No

*Two unaffected male family members were used as controls.
SNP, single nucleotide polymorphism.

434 J Med Genet 2012;49:433e436. doi:10.1136/jmedgenet-2012-100918
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Dangers of filtering 



Filtering	  copy	  number	  variants	  
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•  Familial	  informa(on	  

§  Segrega(on	  with	  disease	  
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Tools for filtering and annotation 
•  wANNOVAR 
•  SeattleSeq 
•  Galaxy 
Ø Lab session today 
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Final point 
•  Experimental data is the gold standard 

§  Variant confirmation – false positives 
§  Filtering/prioritization is assumption based 
Ø Experimental follow up 

�  Expression data 
�  Functional assay 
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