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Table 1. Considerations and challenges for the identi! cation of disease causal mutations

Considerations Challenges Solutions

Mutation detection Platform selection Di! erent sequencing platforms have 
variable error rates

Increased sequencing coverage for platforms with high 
error rates

Sequencing target selection Exome sequencing may miss regulatory 
variants that are disease causal

Use whole genome sequencing when budget is not 
a concern, or when diseases other than well-studied 
classical Mendelian diseases are encountered

Variant generation Genotype calling algorithms di! er from 
each other and have speci"c limitations

Use multiple alignment and variant calling algorithms 
and look for concordant calls. Use local assembly to 
improve indel calls

Variant annotation Multiple gene models and multiple 
function prediction algorithms are 
available

Perform comprehensive set of annotations and make 
informed decisions; use probabilistic model for ranking 
genes/variants

Variant validation Predicted disease causal mutations may 
be false positives

Secondary validation by Sanger sequencing or capture-
based sequencing on speci"c genes/regions

Type of mutations Coding and splice variants Many prediction algorithms are 
available

Evaluate all prediction algorithms under di! erent 
settings. Develop consensus approaches for combining 
evidence from multiple algorithms

Untranslated region, synonymous 
and non-coding variants

Little information on known causal 
variants in databases such as HGMD

Improved bioinformatics predictions using multiple 
sources of information (ENCODE data, multispecies 
conservation, RNA structure, and so on)

Speci"c application 
areas

Somatic mutations in cancer Tissues selected for sequencing may 
not harbor large fractions of cells with 
causal mutations due to heterogeneity; 
variant calling is complicated by 
stromal contamination; current 
databases on allele frequencies do not 
apply to somatic mutations; current 
function prediction algorithms focus on 
loss-of-function mutations

Sample several tissue locations for sequencing; 
utilize algorithms speci"cally designed for tumor 
with consideration for heterogeneity; use somatic 
mutation databases such as COSMIC; develop function 
prediction algorithms speci"cally for gain-of-function 
mutations in cancer-related genes/pathways

Non-invasive fetal sequencing Variants from fetal and maternal 
genomes need to be teased apart; 
severe consequences when variants are 
incorrectly detected and predicted to 
be highly pathogenic

Much increased sequence depth and more 
sophisticated statistical approaches that best leverage 
prior information for inferring fetal alleles; far more 
stringent criteria to predict pathogenic variants

Inheritance pattern Inherited from a! ected parents Rare/private mutations may be neutral Evaluate extended pedigrees and ÔclansÕ to assess the 
potential role of private variants

De novo mutations from 
una! ected parents

Every individual is expected to carry 
three de novo mutations, including 
about one amino acid altering 
mutation per newborn

Detailed functional analysis of the impacted genes

Biological validation Known disease causal genes Di# cult to conclude causality when 
a mutation is found in a well-known 
disease causal gene

Examine public databases such as locus-speci"c 
databases

Previously characterized genes 
not known to cause the disease 
of interest

Relate known molecular function to 
phenotype of interest

Evaluate loss of function by biochemical assays where 
available

Genes without known function Di# cult to design functional follow-up 
assays

Evaluate gene expression data. Use model organisms 
to recapitulate the phenotype of interest

Statistical validation Rare diseases Limited power to declare association Sequence candidate genes in unrelated patients to 
identify additional causal variants

Idiopathic diseases Lack of additional unrelated patients Comprehensive functional follow-up of the 
biospecimens from patients to prove causality

Mendelian diseases or traits Finding rare, unrelated individuals with 
same phenotype and same mutation 
to help prove causality

Networking of science through online databases 
can help "nd similarly a! ected people with same 
phenotype and mutation

Type of phenotypes Mendelian forms of complex 
diseases or traits

Several major-e! ect mutations may 
work together to cause disease

Statistical models of combined e! ects (additive and 
epistatic) of multiple variants within each individual

Complex diseases or traits Many variants may contribute to 
disease risk, each with small e! ect sizes

Refrain from making predictions unless prior evidence 
suggested that such predictive models are of practical 
utility (for example, receiver operating characteristic 
>0.8)

HGMD, Human Gene Mutation Database.

Lyon and Wang Genome Medicine 2012, 4:58 
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variants is needed, beyond simple variant annotation. 
! ere are several important reasons to pursue this 
approach. Firstly, conventional protein functional predic-
tion algorithms only provide a binary prediction on 
whether a variant is deleterious or tolerated. However, a 
defect in protein function does not necessarily mean that 

a speciÞc phenotype will be a" ected and investigators 
often have to search for clues on the speciÞc disease 
classes (for example, cancer, immunological or cardio-
vascular traits) that the variant may inßuence. With this 
information in hand, biologists can design experiments 
to test the functionality of the variants in the context of 

Table 2. A list of open-access bioinformatics software tools or web servers that can perform batch annotation of genetic 
variants from whole-exome/genome sequencing data*

Tool URL Description Features Limitations

ANNOVAR [http://www.
openbioinformatics.org/
annovar/]

A software tool written in 
Perl to perform gene-based, 
region-based and ! lter-based 
annotation

Rapid and up-to-date annotations 
for multiple species; thousands of 
annotation types are supported

Requires format conversion 
for VCF ! les; command line 
interface cannot be accessed 
by many biologists

AnnTools [http://anntools.sourceforge.
net/]

A software tool written in 
Python to annotate SNVs, indels 
and CNVs

Fast information retrieval by 
MySQL database engine; output in 
VCF format for easy downstream 
processing

Only supports human genome 
build 37; does not annotate 
variant e" ect on coding 
sequence

Mu2a [http://code.google.com/p/
mu2a/]

A Java web application for 
variant annotation

Web interface for users with limited 
bioinformatics expertise; output in 
Excel and text formats

Does not allow annotation of 
indels or CNVs

SeattleSeq [http://snp.gs.washington.
edu/SeattleSeqAnnotation/]

A web server that provides 
annotation on known and 
novel SNPs

Multiple input formats are supported; 
users can customize annotation tasks

Limited annotation on indels 
or CNVs

Sequence Variant 
Analyzer

[http://www.svaproject.org/] A graphical Java software tool 
to annotate, visualize and 
organize variants

Intuitive graphical user interface; 
ability to prioritize candidate genes 
from multiple patients

Functionality is not very 
customizable; depends 
on ENSEMBL database for 
annotations

snpE" [http://snpe" .sourceforge.
net]

A command-line software 
tool to calculate the e" ects of 
variants on known genes such 
as amino acid changes

Rapid annotation on multiple 
species and genome builds; supports 
multiple codon table

Only supports gene-based 
annotation

TREAT [http://ndc.mayo.edu/mayo/
research/biostat/stand-alone-
packages.cfm]

A command-line software 
tool with rich integration of 
publicly available and in-house 
developed annotations

An Amazon Cloud Image is available 
for users with limited bioinformatics 
infrastructure; o" ers a complete set 
of pipelines to process FASTQ ! les 
and generates annotation outputs

Only supports ENSEMBL gene 
de! nition and with limited sets 
of annotations

VAAST [http://www.yandell-lab.org/
software/vaast.html]

A command-line software tool 
implementing a probabilistic 
disease-gene ! nder to rank all 
genes

Prioritize candidate genes for 
Mendelian and complex diseases

Main focus is disease gene 
! nding with limited set of 
annotations

VARIANT [http://variant.bioinfo.cipf.es] A Java web application 
for variant annotation and 
visualization

Intuitive interface with integrated 
genome viewer

Highly speci! c requirement 
for internet browser; slow 
performance

VarSifter [http://research.nhgri.nih.
gov/software/VarSifter/]

A graphical Java program 
to display, sort, ! lter and sift 
variation data

Nice graphical user interface; 
allows interaction with Integrative 
Genomics Viewer

Main focus is variant ! ltering 
and visualization with limited 
functionality in variant 
annotation

VAT [http://vat.gersteinlab.org/] A web application to annotate 
a list of variants with respect 
to genes or user-speci! ed 
intervals

Application can also be deployed 
locally; can generate image for genes 
to visualize variant e" ects

Requires multiple other 
packages to work; only 
supports gene-based 
annotation by GENCODE

wANNOVAR [http://wannovar.usc.edu/] A web server to annotate user-
supplied list of whole genome 
or whole exome variants with 
a set of pre-de! ned annotation 
tasks

Easy-to-use interface for users with 
limited bioinformatics skills

Limited set of annotation types 
are available

*Tools that are only commercially available (such as CLC Bio, Omicia, Golden Helix, DNANexus and Ingenuity) or are designed for a speci! c type of variant (such as SIFT 
server and PolyPhen server) are not listed here. CNV, copy number variation; SNP, single nucleotide polymorphism; SNV, single nucleotide variation; VCF, variant call 
format.

Lyon and Wang Genome Medicine 2012, 4:58 
http://genomemedicine.com/content/4/7/58

Page 9 of 16



*,A.'9.M%$C,%2'N'
•  !-.'O,>?2'DB.%.+>"%1.E'"%?'D.PB>.22$@$+6E'">.'

+->,OQ"1#2'+,'+-.'.>"',<'9>,2,B-$0"'&.%.C127'?.M%.?'
10"22$1"006'"2R'

•  :.%.+>"%1.R'O-.+-.>'2,A.,%.'-"2'H(S'26AB+,A2',<'"'
?$2."2.7'$4.4'"00',>'%,%.7'TU',>'VTTU4'F$.#2'<*2'*;/.1//',*

•  WPB>.22$@$+6R'-,O'AF1-'?$2."2.'X,>'-,O'A"%6'26AB+,A2Y'
2,A.,%.'O$+-'VTTU'B.%.+>"%1.'-"24'

•  !-$2'-"2'0.?'+,'.%?0.22'1,%<F2$,%Z''
•  *,A.'[F2+'F2.'+-.'O,>?'DB.%.+>"%1.E'+,'A."%'+-.'

.PB>.22$@$+6',<'?$2."2.7'$4.4'$%1,AB0.+.'B.%.+>"%1.7'"%?'='
"&>..'O$+-'1,AQ$%$%&'+-.'+O,'+.>A2'$%+,'\(W'O,>?'O$+-'
+-.'<F00'.PB>.22$,%'<>,A'T]VTTU',<'B-.%,+6B$1'2B.1+>FA4'



A/G'27$'&,*=+'$2'F%#%,O%'O-"+'
B,>C,%',<'D1,AB0.PE'?$2."2.'O$00'Q.'

,0$&,&.%$1'@24'B,06&.%$1'

•  =%2<$</'26'^'AF0CB0.'AF+"C,%2'+,&.+-.>'
1,%+>$QFC%&'+,'"&&>.&"+.'?$2."2.7'KI!'O$+-',%06'
V]_'AF+"C,%2',<'`'aVTU'B.%.+>"%1.'X,>'D.b.1+'
2$c.Y'$%'WH/G'B.>2,%'$%'+-"+'10"%4'

•  :$%)</'26'^'9,c.%2'+,'-F%?>.?2',<'AF+"C,%2'$%'
?$b.>.%+'&.%.2'$%'+-.'*H8W'B.>2,%7'+,&.+-.>'
1,%+>$QFC%&'+,'+-.'?$2."2.'$%'+-.'*H8W'B.>2,%7'
-.%1.' 84427E/'"%?d,>'/02&.876'1,%+>$QFC,%'O$+-'
`T4TV]VU'B.%.+>"%1.'<,>'."1-'AF+"C,%4'



L.2F0+2'<>,A'WP,A.'"%?'e)*'>.fF$>.2'
Q,+-'H%"06C1'"%?'/0$%$1"0'g"0$?$+6'

•  H%"06C1"0'g"0$?$+6R'+-.'+.2+'$2'"11F>"+.'O$+-'
-$&-'2.%2$C@$+6'"%?'2B.1$M1$+64'

•  /0$%$1"0'g"0$?$+6R')$@.%'"%'"11F>"+.'+.2+'>.2F0+7'
O-"+'$AB"1+'"%?d,>',F+1,A.'?,.2'+-$2'-"@.'
,%'+-.'$%?$@$?F"0'B.>2,%h'



:.%.+>"%1.'=22F.2'

•  e.'?,'%,+'>."006'#%,O'+-.'B.%.+>"%1.',<''B>.i6'AF1-'
H55'AF+"C,%2'$%'#5C8'&7'"2'O.'-"@.'%,+'
262+.A"C1"006'2.fF.%1.?',>'#">6,+6B.?'"%6'&.%.C1'
"0+.>"C,%'$%'H#$5&8'4&*.$*>2%%2$'&',<'38'4$C%)'
2.0.1+.?'B.,B0.7'%,>'1"+.&,>$c.?'$%+,'.+-%$1'10"22.27'
$4.4'10"%24'

•  !-.>.'$2'"' >9I=D '10"2-',<'O,>0?]@$.O27'$4.4'?,.2'
&.%.C12'?>$@.',F+1,A.'B>.?,A$%"+.067',>'">.'+-.'
>.2F0+2'A,?$M.?'2FQ2+"%C"006'Q6'.%@$>,%A.%+h'$4.4'$2'
+-.>.'>."006'2F1-'"'+-$%&'"2'&.%.C1'?.+.>A$%$2A'<,>'
>9FJ* AF+"C,%2h'



H%"06C1"0'g"0$?$+6',<'WP,A.'"%?'e)*h'
'
'
'
'

•  8$%$A"0'*+"%?">?R'.P,A.2 '"%?'&.%,A.2',F&-+'+,'Q.'
B.><,>A.?'$%'"'/5=H]1.>CM.?'.%@$>,%A.%+'<,>'&.>A0$%.'
&.%,A$1'9(H'<>,A'0$@.'-FA"%2'4'

•  W"2$.>'2"$?'+-"%'?,%.'$%'"1"?.A$"7'QF+'2,A.'1,AB"%$.2',b.>'
+-$2'%,OR'=00FA$%"7'_j"%?8.7'HAQ>6').%.C127'"%?'2,A.'
"1"?.A$1'B0"1.2'?,',b.>'+-$2'%,OR'I/5H7'K"60,>7'WA,>6'"%?'
e"2-I '<,>'.P,A.2 4'

•  ='?,'(\!'+-$%#'+-.'J9H'2-,F0?'&.+'$%@,0@.?'+,'>.&F0"+.'+-$27'%,>'
?,'+-.'>.2F0+2'-"@.'+,'&,'+->,F&-'"'B-62$1$"%7'$4.4'9!/'$2'M%.'"2'
0,%&'"2'/5=H]1.>CM.?4'!-$2'$2'&.%.C1'=(J\L8H!=\(7'%,+'
16"%$?.7'2,A.',+-.>'?>F&7',>'2F>&.>64'



HF+,%,A6'@24':>$@"16'@24'KF>."F1>"16'

:>$@"16'

HF+,%,A6'

KF>."F1>"16'

K8'4/3;2%.******L@=:*****L%2'-/MNF?@*****"/'/*:83.'/3&#20*****:/3&$'8%*"/'$C/*:3$O/6.****:87/'.&(2P/>/ *
* * * * * * * * * * *QR9'4>/*
* * * * * * * * * *********9'6/&.3),6$C *

*



L%2'268%*K8%242.)S'
'

!-$2'$2'*\'1,AB0.P'+-"+'+-.',%06'2,0$?'
O"6'<,>O">?'$2'O$+-'"'D%.+O,>#$%&',<'
21$.%1.E'A,?.07'$4.4',%0$%.'?"+"Q"2.'

O$+-'&.%,+6B.'"%?'B-.%,+6B.'
0,%&$+F?$%"006'+>"1#.?'<,>'+-,F2"%?2',<'

@,0F%+..>'<"A$0$.24'
:87/'.&(2P/>/ *



).%,+6B.'J$>2+7':-.%,+6B.'*.1,%?'
H(9'5,%&$+F?$%"006'

Phenotypic variability and genetic susceptibility
to genomic disorders
Santhosh Girirajan and Evan E. Eichler ∗

Department of Genome Sciences, Howard Hughes Medical Institute, University of Washington School of Medicine,
PO Box 355065, Foege S413C, 3720 15th Avenue NE, Seattle, WA 98195, USA

Received July 28, 2010; Revised July 28, 2010; Accepted August 24, 2010

The duplication architecture of the human genome predisposes our species to recurrent copy number
variation and disease. Emerging data suggest that this mechanism of mutation contributes to both
common and rare diseases. Two features regarding this form of mutation have emerged. First, common
structural polymorphisms create susceptible and prot ective chromosomal architectures. These structural
polymorphisms occur at varying frequencies in populat ions, leading to different susceptibility and ethnic
predilection. Second, a subset of rearrangements show s extreme variability in expressivity. We propose
that two types of genomic disorders may be distinguished: syndromic forms where the phenotypic features
are largely invariant and those where the same molecular lesion associates with a diverse set of diagnoses
including epilepsy, schizophrenia, autism, intellectual disability and congenital malformations. Copy number
variation analyses of patient genomes reveal that disease type and severity may be explained by the occur-
rence of additional rare events and their inheritance within families. We propose that the overall burden of
copy number variants creates differing sensitized backgrounds during development leading to different
thresholds and disease outcomes. We suggest that the accumulation of multiple high-penetrant alleles
of low frequency may serve as a more general model for complex genetic diseases, posing a signiÞcant
challenge for diagnostics and disease management.

INTRODUCTION

Genomic disorders were originally described as large deletions
and duplications that are highly penetrant, mostly de novo in
origin, and typically identified in affected individuals with intel-
lectual disability/multiple congenital malformations. Some
examples include Smith–Magenis syndrome (MIM: 182290),
DiGeorge/velocardiofacial syndrome (MIM: 188400, 192430)
and Williams–Beuren syndrome (MIM: 194050). These classi-
cal genomic disorders have been well characterized in the past
two decades with genotype–phenotype correlation studies
implicating causative genes, mouse models recapitulating the
human clinical features, and standardized management proto-
cols and support groups established.

Application of higher definition molecular techniques,
including single-nucleotide polymorphism microarrays or
array comparative genomic hybridization (CGH), has allowed
genotyping of larger disease cohorts and controls. Two major
principles have emerged from these more recent studies: (i)
common copy number polymorphism predisposes certain

chromosomes to recurrent deletions and duplications and
(ii) association of the same recurrent genomic lesion with
apparently very diverse phenotypes. The latter has begun to
illuminate common neurodevelopmental pathways and
helps to explain the comorbidity of diverse neurological
manifestations within the same families. The distinction
between variability of expressivity and reduced penetrance
depending on the diagnosis has become an important consider-
ation for these rare mutational events. We will explore the
mechanisms, models and implications underlying these two
different aspects.

GENOMIC SUSCEPTIBILITY TO RECURRENT
DELETIONS AND DUPLICATIONS

Seminal work on Charcot–Marie–Tooth disease (1,2) and
hereditary neuropathy with liability to pressure palsies
(HNPP) (3) directly implicated low-copy repeats or segmental
duplications as substrates for unequal crossover or non-allelic
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Objective: The authors used a genome-
wide association study (GWAS) of multiply
affected families to investigate the associ-
ation of schizophrenia to common single-
nucleotide polymorphisms (SNPs) and rare
copy number variants (CNVs).

Method: The family sample included
2,461 individuals from 631 pedigrees (581

in the primary European-ancestry analyses).
Association was tested for single SNPs and
genetic pathways. Polygenic scores based
on family study results were used to predict
case-control status in the Schizophrenia
Psychiatric GWAS Consortium (PGC) data
set, and consistency of direction of effect
with the family study was determined for
top SNPs in the PGC GWAS analysis. Within-
family segregation was examined for
schizophrenia-associated rare CNVs.

Results: No genome-wide significant asso-
ciationswereobserved for single SNPs or for
pathways. PGC case and control subjects
had significantly different genome-wide
polygenic scores (computed by weighting
their genotypes by log-odds ratios from the
family study) (best p=10217, explaining
0.4% of the variance). Family study and
PGC analyses had consistent directions for
37 of the 58 independent best PGC SNPs
(p=0.024). The overall frequency of CNVs
in regions with reported associations
with schizophrenia (chromosomes 1q21.1,
15q13.3, 16p11.2, and 22q11.2 and the
neurexin-1 gene [NRXN1]) was similar to
previous case-control studies. NRXN1
deletions and 16p11.2 duplications (both
of which were transmitted from parents)
and 22q11.2 deletions (de novo in four
cases) did not segregate with schizophre-
nia in families.

Conclusions: Many common SNPs are
likely to contribute to schizophrenia risk,
with substantial overlap in genetic risk
factors between multiply affected families
and cases in large case-control studies. Our
findings are consistentwith a role for specific
CNVs in disease pathogenesis, but the partial
segregationof someCNVswith schizophrenia
suggests that researchers should exercise
caution in using them for predictive genetic
testing until their effects in diverse popula-
tions have been fully studied.

Am J Psychiatry Levinson et al.; AiA:1 Ð11

We report here on the ! rst genome-wide associ-
ation study (GWAS) in famili es with multiple members
with schizophrenia. Signi ! cant associations of single-
nucleotide polymorphisms (SNPs) can suggest new

disease susceptibility mechanisms. For schizophrenia,
large GWAS analyses of common SNPs have found
associations in the major histocompatibility complex
(MHC, chromosome 6) (1 Ð3) and several speci! c genes
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Psychiatric GWAS Consortium (PGC) data
set, and consistency of direction of effect
with the family study was determined for
top SNPs in the PGC GWAS analysis. Within-
family segregation was examined for
schizophrenia-associated rare CNVs.

Results: No genome-wide signi ! cant asso-
ciations were observed for single SNPs or for
pathways. PGC case and control subjects
had signi ! cantly different genome-wide
polygenic scores (computed by weighting
their genotypes by log-odds ratios from the
family study) (best p=10 2 17, explaining
0.4% of the variance). Family study and
PGC analyses had consistent directions for
37 of the 58 independent best PGC SNPs
(p=0.024). The overall frequency of CNVs
in regions with reported associations
with schizophrenia (chromosomes 1q21.1,
15q13.3, 16p11.2, and 22q11.2 and the
neurexin-1 gene [NRXN1]) was similar to
previous case-control studies. NRXN1
deletions and 16p11.2 duplications (both
of which were transmitted from parents)
and 22q11.2 deletions (de novo in four
cases) did not segregate with schizophre-
nia in families.

Conclusions: Many common SNPs are
likely to contribute to schizophrenia risk,
with substantial overlap in genetic risk
factors between multiply affected families
and cases in large case-control studies. Our
! ndings are consistent with a role for speci ! c
CNVs in disease pathogenesis, but the partial
segregation of some CNVs with schizophrenia
suggests that researchers should exercise
caution in using them for predictive genetic
testing until their effects in diverse popula-
tions have been fully studied.

Am J Psychiatry Levinson et al.; AiA:1 –11

We report here on the ! rst genome-wide associ-
ation study (GWAS) in families with multiple members
with schizophrenia. Signi! cant associations of single-
nucleotide polymorphisms (SNPs) can suggest new

disease susceptibility mechanisms. For schizophrenia,
large GWAS analyses of common SNPs have found
associations in the major histocompatibility complex
(MHC, chromosome 6) (1Ð3) and several speci! c genes
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Figure 1. The pedigree structure is shown, with corresponding ID 
numbers. The three subjects in the pedigree affected with ADHD are 
shaded. Only 84060 has the idiopathic hemolytic anemia. The mother, 
father and two sons were sequenced. The two sisters in the family 
declined to participate in the study, thus their phenotype status is 
unknown and marked as “?”. 
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Supplementary Table 1. ADHD measures during a clinical trial of methylphenidate 
transdermal system. 

    92157 84060 84615 

Baseline    
 WRAADDS 16 22 16 
 ODD 1 11 7 
 CAARS 40 55 38 
 CGI-S 4 4 4 
Active Medication    
 WRAADDS 0 4 3 
 ODD 0 1 3 
 CAARS 10 0 13 
 CGI-I 1 1 1 
 CGI-S 1 3 2 
Placebo     
 WRAADDS 15 24 20 
 ODD 6 8 7 
 CAARS 33 51 42 
 CGI-I 4 4 N/A 
 CGI-S 4 5 N/A 

 
 
WRAADDS: Total score on the Wender Reimherr Adult ADD Scale  
ODD: Oppositional Defiant Disorder scaore on the WRAADDS ODD subscale 
CAARS: Total score ConnorÕs Adult ADHD Rating Scale 
CGI-S: Clinical Global Impression, Severity score.  
!
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Supplementary Table 2. Summary of data production and evenness for samples. 
 

Exon Capture 84615 84060 92157 
Initial bases on target 37,806,033 37,806,033 37,806,033 
*Initial bases near target 126,431,894 126,431,894 126,431,894 
Initial bases on or near target 164,237,927 164,237,927 164,237,927 
**Total effective reads 18,578,623 18,978,287 19,437,592 
Total effective yield (Mb) 1,374.80 1,394.45 1,428.19 
Average read length (bp) 74.00 73.48 73.48 
Effective sequence on target(Mb) 831.55 807.17 890.49 
Effective sequence near target(Mb) 259.93 290.95 240.09 
Effective sequence on or near target(Mb) 1,091.48 1,098.12 1,130.57 
Fraction of effective bases on target 60.50% 57.90% 62.4% 
Fraction of effective bases on or near 
target 79.40% 78.70% 79.2% 

Average sequencing depth on target 22.00  21.35  23.55 
Average sequencing depth near target 2.06 2.30 1.90 
Mismatch rate in target region 0.28% 0.27% 0.28% 
Mismatch rate in all effective sequence 0.29% 0.28% 0.30% 
Base covered on target 35,919,196 36,523,196 36,676,340 
Coverage of target region 95.00% 96.60% 97.0% 
Base covered near target 44,578,612 50,837,058 44,482,108 
Coverage of flanking region 35.30% 40.20% 35.2% 
Fraction of target covered with at least 
20X    42.60% 41.80% 46.3% 

Fraction of target covered with at least 
10X    67.20% 68.90% 72.3% 

Fraction of target covered with at least 4X    84.90% 87.90% 89.4% 
Fraction of flanking region covered with at 
least 20X   1.90% 2.10% 1.6% 

Fraction of flanking region covered with at 
least 10X   6.50% 7.20% 5.7% 

Fraction of flanking region covered with at 
least 4X    15.90% 18.10% 14.8% 

 
* The region near target refers to flanking region within 500bp of target regions. 
** Total effective reads is the same meaning as the unique mapped reads. Here the effective reads consist of 
two parts: i) the reads have only one best hit in the alignment. These reads comes from the unique region of 
genome ii) the reads have multiple best hits on the genome (the number of hits between 1 and 20), and they 
were randomly aligned onto the target regions. These reads mainly come from low complex genomic region, 
such as repetitive sequences, and account for about 2% of total effective reads. 
*** Target regions used here refer to capture target regions that the designed probes actually covered. The 
aggregate length of target is about 37.8Mb. 
 

 
 

 
 
 



 

 
 
Supplementary Table 3. Exome sequencing for mother,  
K24510-88962 

Exome Capture Statistics         K24510-88962 

Target region (bp) 46,401,121  
Raw reads 33,218,260  
Raw data yield (Mb) 2,990.00  
Reads mapped to genome 28,985,053  
Reads mapped to target region 21,076,479  
Data mapped to target region (Mb) 1,585.28  
Mean depth of target region 34.16 
Coverage of target region (%) 95.51  
Average read length (bp) 89.57  
Rate of nucleotide mismatch (%) 0.42  
Fraction of target covered >=4X 86.58  
Fraction of target covered >=10X 75.02  
Fraction of target covered >=20X 58.39  
Fraction of target covered >=30X 43.35  
Capture specificity (%) 72.97  
Reads mapped to flanking region 3,915,627  
Mean depth of flanking region 9.29  
Coverage of flanking region (%) 81.53  
Fraction of flanking  covered >=4X 54.69  
Fraction of flanking  covered >=10X 30.11  
Fraction of flanking  covered >=20X 13  
Fraction of flanking  covered >=30X 6.74  
Fraction of unique mapped bases on or near 
target 85.42  

Duplication rate 7.30  
Mean depth of chrX 47.98  
Mean depth of chrY 5.36  
GC rate 48.28  
Gender test result                                F 
Note: 

(1)    Target regions here refer to the regions that are actually covered by the designed probes. 

(2)    Reads mapped to target regions are reads that within or overlap with target region. 
(3)    Capture specificity is defined as the percentage of uniquely mapped reads aligning to target 
region. 

(4)    Flanking region refers to regions +/-200 bp on both sides of each target region. 

(5)   Duplication is defined as pairs of reads that have duplicated start sites for both reads. 
Duplication rate is the fraction of duplicated reads in raw data. 

 

 

 

 



 

 
 

 
 

 
Suppl. Figure 2. Cumulative depth distribution in target regions for three samples. X-axis denotes sequencing 
depth, and y-axis indicated the fraction of bases that achieves at or above a given sequencing depth. From the 
figure above, we can see at least 67% of target region bases obtain at least 10x fold coverage in three exomes 
and more than 85% of target region achieved at least 4x, which shows that the three exomes have similar 
enrichment uniformity. 
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Poor concordance: Intersection of variants. We show here the 
variants identified by the three main pipelines as being present in 

the three males with ADHD, but not present in the unaffected 
mother.   

*
*



J$0+.>$%&'*+.B2'<,>'H9G9'Shared variants: 13786 
SNPs+ 123 indels 
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 3775 variants 
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 1694 variants 
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 1551 variants 
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 107 variants 
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 105 variants 
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).%,A.2':>,[.1+'/GKv3:!'
B,BF0"C,%'105 variants 
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 41 variants 

Literature survey 
identifies 4 candidate 

genes (ATP7B, 
CSTF2T, METTL3, 

ALDH1L1) 

29 
candidate 
variants 
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Validation by 
Sanger 

sequencing 

filtering out variants 
with MAF>0.2% in 

~6300 exomes 



 
 
 
Supplementary Table 6. Validated variants for ADHD and their population frequency in 5,680 and ~600 deep-sequenced exomes  
at BGI and Baylor, respectively. 
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# 
Chrom. 

Position 
in HG19 

Reference 
allele 

Mutant 
allele 

Gene 
 

Type of Mutation 
 

Amino acid 
change 

# variants 
in BGI 

exomes1 

% in BGI 
exomes 

# variants in 
~600 Baylor 

exomes 

% in Baylor 
exomes 

chr17 66872692 
 

A G ABCA8 Nonsynonymous C1387R 0 0.0% 0 0.0% 

chr11 68566802 
 

G A CPT1A Nonsynonymous L193F 0 0.0% 0 0.0% 

chr8 100994274 
 

A G RGS22 Nonsynonymous I1084T 0 0.0% 0 0.0% 

chr18 61654247 
 

G T SERPINB8 Nonsynonymous G287V 0 0.0% 0 0.0% 

chr1 207200877 
 

- T C1orf116 frameshift insertion  34 1.4% 0 0.0% 

chr18 29101156 
 

T G DSG2 Nonsynonymous V158G 1 0.0% 1 0.2% 

chr3 125877290 
 

G A AL DH1L1 Nonsynonymous P107L 2 0.0% 0 0.0% 

chr13 52542680 
 

A G ATP7B Nonsynonymous V536A 1 0.0% 1 0.2% 

chr10 53458646 
 

A C CSTF2T Nonsynonymous C222G 4 0.1% 1 0.2% 

chr14 21972019 
 

G A METTL3  Nonsynonymous R36W 9 0.2% 1 0.2% 

chr11 76954790 
 

- A GDPD4 frameshift insertion  36 1.5% 6 1.0% 

chr7 87160618 
 

A T ABCB1 Nonsynonymous S893T 815 14.3%1 9 1.5% 

chr11 134128923 
 

C G ACAD8 Nonsynonymous S171C 112 2.0% 20 3.3% 

chr20 17956347 
 

C T C20orf72 Nonsynonymous R178W 23 0.4% 8 1.3% 

chr8 33318891 
 

T C FUT10 Nonsynonymous Q27R 15 0.3% 3 0.5% 

chr13 20797025 
 

A T GJB6 Nonsynonymous S199T 68 1.2% 4 0.7% 

chr16 71015329 
 

G T HYDIN Nonsynonymous P1491H 77 1.4% dozens >5.0% 

chr10 22019855 
 

G A MLLT10 Nonsynonymous R713H 15 0.3% 6 1.0% 

chr17 10415269 
 

A G MYH1 Nonsynonymous Y435H 99 1.7% 14 2.3% 

chr1 145015877 
 

G T PDE4DIP Nonsynonymous L142I 1256 22.1% hundreds >30.0% 

chr2 98809432 
 

T C VWA3B Nonsynonymous I513T 15 0.3% 16 2.7% 

chr5 115202418 AAGA - AP3S1 frameshift deletion  185 7.8% 19 3.2% 
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QNR*3$5'4&*$U*&/M5/'62'<*8.*+"?*.$*8V82'*
<$8%*$U*WXYZ*$U*.83</.*3/<2$'*8.*WQY*3/84&*

0/3*;8&/*0823*
Exome Capture Statistics K24510-84060 K24510-92157-a K24510-84615 K24510-88962 

Target region (bp) 46,401,121  46,401,121  46,401,121  46,257,379  

Raw reads 138,779,950  161,898,170  156,985,870  104,423,704  

Raw data yield (Mb) 12,490  14,571  14,129  9,398  

Reads mapped to genome 110,160,277  135,603,094  135,087,576  83,942,646  

Reads mapped to target region 68,042,793  84,379,239  80,347,146  61,207,116  

Data mapped to target region (Mb) 5,337.69  6,647.18  6,280.01  4,614.47  

Mean depth of target region 115.03 143.25 135.34 99.76 

Coverage of target region (%) 0.9948  0.9947  0.9954  0.9828  

Average read length (bp) 89.91  89.92  89.95  89.75  

Fraction of target covered >=4X 98.17  98.38  98.47  94.25  

Fraction of target covered >=10X 95.18  95.90  95.97  87.90  

Fraction of target covered >=20X 90.12  91.62  91.75  80.70  

Fraction of target covered >=30X 84.98  87.42  87.67  74.69  

Capture specificity (%) 61.52  62.12  59.25  73.16  

Fraction of unique mapped bases on or near target 65.59  65.98  63.69  85.46  

Gender test result M M M F 
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Table 2. Coverage Statistics in  Family 1. Based on GNUMAP  

Region  
RefSeq 
Transcripts  

 
Unique  
Exons  
 

Percent 
Exon 
Coverage 
! 1X 

Percent Exon 
Coverage 
! 10X 

Unique 
Genes 

Average Base 
Coverage  

 
VAAST 
Candidate  
SNVs 

 X-chromosome 1,959 7,486  97.8 95.6 913 214.6 
1 

(NAA10) 
chrX: 

10054434- 
40666673 262 1,259  98.1 95.9 134 213.5 

 
 

0 
chrX: 

138927365- 
153331900 263 860  97.1 94.9 132 177.1 

 
1 

(NAA10) 
* On chromosome X, there are 8,222 unique RefSeq exons. Of these exons, 736 were excluded from the SureSelect X-Chromosome Capture 
Kit because they were designated as pseudoautosomal or repetitive sequences (UCSC genome browser). 
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Target region (bp) 46,401,121  46,401,121  46,401,121  46,257,379  

Raw reads 138,779,950  161,898,170  156,985,870  104,423,704  

Raw data yield (Mb) 12,490  14,571  14,129  9,398  

Reads mapped to genome 110,160,277  135,603,094  135,087,576  83,942,646  

Reads mapped to target region 68,042,793  84,379,239  80,347,146  61,207,116  

Data mapped to target region (Mb) 5,337.69  6,647.18  6,280.01  4,614.47  

Mean depth of target region 115.03 143.25 135.34 99.76 

Coverage of target region (%) 0.9948  0.9947  0.9954  0.9828  

Average read length (bp) 89.91  89.92  89.95  89.75  

Fraction of target covered >=4X 98.17  98.38  98.47  94.25  

Fraction of target covered >=10X 95.18  95.90  95.97  87.90  
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Fraction of target covered >=30X 84.98  87.42  87.67  74.69  

Capture specificity (%) 61.52  62.12  59.25  73.16  

Fraction of unique mapped bases on or near target 65.59  65.98  63.69  85.46  

Gender test result M M M F 



:$B.0$%.'I2.?',%'*"A.'*.+',<' *.f '9"+"'
Q6'9$b.>.%+'H%"062+2''

VY  KeH]*"A'<,>A"+'+,'K"A'<,>A"+]:$1">?'+,'>.A,@.'?FB0$1"+.2]*"9H[*X@.>2$,%'
V4nY'O$+-'>.1,AA.%?.?'B">"A.+.>2''X)H!q'=%?.0L."0$&%.>7'Q"2.'fF"0$+6'21,>.2'
O.>.'>.]1"0$Q>"+.?'Q6')H!q'!"Q0.'L.1"0$Q>"C,%'+,,04').%,+6B.2'1"00.?'Q6')H!q'
I%$M.?).%,+6B.>4''

'
_Y  KeH]*"A'<,>A"+'+,'K"A'<,>A"+]:$1">?'+,'>.A,@.'?FB0$1"+.2]'-8CH$$%&*

@.>2$,%'T4V4Vp'+,'&.%.>"+.'&.%,+6B.'1"002'']]'!-.'DAB$0.FBE'1,AA"%?'$%'
*"A!,,02 'O.>.'F2.?'<,>'$?.%C<6'*(:2'"%?'$%?.024'

'
R\  -=9: ]H0$&%'^'*\H:2%B'^'+-.%'KeH]*\H:$%?.0'X"?,B+2'0,1"0'"22.AQ06'Q"2.?'

,%'"%'.P+.%?.?'?.'K>F$[%'&>"B-'Y'
'
]\   "F^>9:N-F: 'XB>,Q"Q$0$2C1':"$>]G$??.%'8">#,@'O-$1-'.b.1C@.06'"11,F%+2'

<,>'F%1.>+"$%+6'$%'+-.'>."?'1"002'"2'O.00'"2'>."?'A"BB$%&'$%'"%'F%Q$"2.?'
<"2-$,%Y*

*
nY  KeH]*"A'<,>A"+'+,'K"A'<,>A"+]:$1">?'+,'>.A,@.'?FB0$1"+.2]'-FK/3 ''



H$.8%*-FK&�

8."%'{',<'+,+"0'*(g2'"1>,22'Vn'.P,A.2 7'1"00.?'Q6'n'B$B.0$%.24'!-.'B.>1.%+"&.'
$%'+-.'1.%+.>',<'+-.'+-.'g.%%'?$"&>"AX:">.%+-.2$2Y'$2'+-.'B.>1.%+',<'+,+"0'*(g2'
1"00.?'Q6'"00'M@.'B$B.0$%.24''

9\*





+\*8."%'{',<'#%,O%'*(g2'XB>.2.%+'$%'?Q*(:VjnY'<,F%?'Q6'n'B$B.0$%.2'"1>,22'
Vn'.P,A.2 4'!-.'B.>1.%+"&.'$%'+-.'1.%+.>',<'+-.'+-.'g.%%'?$"&>"A'$2'+-.'
B.>1.%+',<'#%,O%'*(g2'1"00.?'Q6'"00'M@.'B$B.0$%.24''

+\*

['$1'*-FK&*



•  L\*8."%'{',<'%,@.0'*(g2'X%,+'B>.2.%+'$%'?Q*(:VjnY'<,F%?'Q6'n'B$B.0$%.2'"1>,22'Vn'
.P,A.2 4'!-.'B.>1.%+"&.'$%'+-.'1.%+.>',<'+-.'g.%%'?$"&>"A'$2'+-.'B.>1.%+',<'%,@.0'
*(g2'1"00.?'Q6'"00'M@.'B$B.0$%.24'

L\*
F$E/%*-FK&*



H$.8%*C/8'*$E/3%80_*0%5&*$3*C2'5&*$'/*&.8'4834*4/E287$'_*$;&/3E/4*;/.1//'*.#3//*
2'4/%*68%%2'<*020/%2'/&`*"9H[_*-=9:N2'4/%_*8'4*-9>H$$%&,**8\*8."% *,@.>0"B'O-.%'$%?.0'
B,2$C,%'O"2'+-.',%06'%.1.22">6'"&>..A.%+'1>$+.>$,%4';\*8."%',@.>0"B'O-.%'$%?.0'
B,2$C,%7'Q"2.'0.%&+-'"%?'Q"2.'1,AB,2$C,%'O.>.'+-.'%.1.22">6'"&>..A.%+'1>$+.>$"4'''

=%?.02]'\@.>0"B'Q6'K"2.''
:,2$C,%',%06'

=%?.02]'\@.>0"B'Q6'K"2.''
:,2$C,%7'5.%&+-'8'4 '/,AB,2$C,%'

?FAa(-*





\BCA$c$%&'+-.'g">$"%+'/"00$%&':$B.0$%.'
I2$%&'J"A$06'L.0"C,%2-$B2'

e.'0,,#.?'<,>'*(g2'+-"+'O.>.'?.+.1+.?'$%'1-$0?>.%'QF+'
%,+'$%'B">.%+2'F2$%&'j'?$b.>.%+'2+>"+.&$.2R'
''
V4'e.'F2.?'"00',<'+-.'*(g2'+-"+'O.>.'?.+.1+.?'Q6'"00'n'
B$B.0$%.2'<,>'Q,+-'B">.%+2'"%?'1-$0?>.%'
_4'e.'F2.?'"00',<'+-.'?.+.1+.?'*(g2'<,>'B">.%+27'QF+',%06'
+-.'1,%1,>?"%+'*(g2'Q.+O..%'+-.'n'?$b.>.%+'B$B.0$%.2'
<,>'1-$0?>.%4'
j4'e.'F2.?'*(g2'1,%1,>?"%+'Q.+O..%'+-.'n'?$b.>.%+'
B$B.0$%.2'<,>'1-$0?>.%'"%?'B">.%+24'
''



\BCA$c$%&'B$B.0$%.'Q"2.?',%'0$+.>"+F>.'@"0F.',<'`V'
+>F.'?.'%,@,'B>,+.$%]"0+.>$%&'AF+"C,%'B.>'.P,A. '

!-.'>.2F0+'$2'+-"+'F2$%&'"00',<'+-.'?.+.1+.?'*(g2'<,>'Q,+-'B">.%+2'"%?'1-$0?>.%'2-,F0?'
A$%$A$c.'+-.'<"02.'%.&"C@.'>"+.'QF+'2$A$0">06'2-,O'"'>.0"C@.06'-$&-'<"02.'B,2$C@.'>"+.4''
I2$%&'"00',<'+-.'*(g2'?.+.1+.?'<,>'B">.%+2'QF+',%06'+-.'*(g2'1,%1,>?"%+'"A,%&'+-.'M@.'
B$B.0$%.2'2-,O2'AF+"C,%'>"+.2'2$A$0">'+,'+-,2.'>.B,>+.?'Q6'+-.'0$+.>"+F>.'"%?'$2'.PB.1+.?'
+,'-"@.'A,?.>"+.'<"02.'B,2$C@.'>"+.2'"%?'A,?.>"+.'<"02.'%.&"C@.'>"+.24''I2$%&',%06'+-.'
*(g2'1,%1,>?"%+'"A,%&'+-.'n'?$b.>.%+'B$B.0$%.2'<,>'Q,+-'B">.%+2'"%?'1-$0?>.%'2-,F0?'
A$%$A$c.'+-.'<"02.'B,2$C@.'>"+.'QF+'2$A$0">06'2-,O'"'>.0"C@.06'-$&-'<"02.'%.&"C@.'>"+.4'''
'



                -01 88458  
                 Age 51 
               NO TICS 
Mild OCD w YBOCS 14 
Possible ADHD 

-03  88460  
TS 
ADHD, definite 
Age 24 
YGTSS 47 
YBOCS 6 

-06  89588 
No Tics 
OCD-mild 
ADHD 
Age 22 
YBOCS 18 

'
hh'
'

-05 89587  
No tics 
OCD-mild 
ADHD-severe 
Age 19 
YBOCS 14 

-04  88461  
No tics yet 
Subclinical OCD 
Age 14 
YBOCS 12 
 

-02  88459  
Age 49 
Possible Motor Tic, but no diagnosis 
YGTSS 6 
OCD w/ YBOCS 25 

-07 91583  
Age 79,   TS- definite, 
YGTSS 47 
OCD? ADHD? 

TDT- 09 -1018 
K26679 

hh'



                -01 88458  
                 Age 51 
               NO TICS 
Mild OCD w YBOCS 14 
Possible ADHD 

-03  88460  
TS 
ADHD, definite 
Age 24 
YGTSS 47 
YBOCS 6 

-06  89588 
No Tics 
OCD-mild 
ADHD 
Age 22 
YBOCS 18 

'
hh'
'

-05 89587  
No tics 
OCD-mild 
ADHD-severe 
Age 19 
YBOCS 14 

-04  88461  
No tics yet 
Subclinical OCD 
Age 14 
YBOCS 12 
 

-02  88459  
Age 49 
Possible Motor Tic, but no diagnosis 
YGTSS 6 
OCD w/ YBOCS 25 

-07 91583  
Age 79,   TS- definite, 
YGTSS 47 
OCD? ADHD? 

TDT- 09 -1018 
K26679 

hh'



                -01 88458  
                 Age 51 
               NO TICS 
Mild OCD w YBOCS 14 
Possible ADHD 

-03  88460  
TS 
ADHD, definite 
Age 24 
YGTSS 47 
YBOCS 6 

-06  89588 
No Tics 
OCD-mild 
ADHD 
Age 22 
YBOCS 18 

'
hh'
'

-05 89587  
No tics 
OCD-mild 
ADHD-severe 
Age 19 
YBOCS 14 

-04  88461  
No tics yet 
Subclinical OCD 
Age 14 
YBOCS 12 
 

-02  88459  
Age 49 
Possible Motor Tic, but no diagnosis 
YGTSS 6 
OCD w/ YBOCS 25 

-07 91583  
Age 79,   TS- definite, 
YGTSS 47 
OCD? ADHD? 

TDT- 09 -1018 
K26679 

hh'

D:">.%+2E'



H%"062$2'Q"2.?',%'@">$,F2'B$B.0$%.2'

•  D:">.%+2E'$%'+-$2'1"2.'A."%2'+-.'A,+-.>7'<"+-.>'
H(9'&>"%?A,+-.>4'

•  !"#$%&'+-.'̂'2$' ',<'*(g2'<>,A'"00'n'B$B.0$%.2'
<>,A'D:">.%+2E7'"%?'2FQ+>"1+'+-"+'<>,A'+-.'^'2$' '
,<'"00'*(g2'$%'."1-'1-$0?4'

•  \>'*FQ+>"1+'+-.*^'2$'* ,<'+-.2.'D:">.%+2E'<>,A'
+-.'*(g2'$%'+-.'1-$0?'6$'6$348'. 'Q.+O..%'n'
B$B.0$%.24'

•  \>7'2FQ+>"1+'+-.'6$'6$348'. '@">$"%+2'<>,A'n'
B$B.0$%.2'$%'D:">.%+2E'<>,A'+-.'6$'6$348'.*
@">$"%+2'<,>'n'B$B.0$%.2'$%'."1-'1-$0?4'

'



!""#$%&'(#)*+,#-*.#
/0.12+'#023#4,5"3.12(#

61.1#4*2'531.13

!""#/0.12+0"#$%&'#+,0+#61.1#31+14+13#
61.1#4*2'531.137##82"9#$%&'#4*24*.302+#
)1+6112#+,1#:#/5/1"521'#61.1#4*2'531.13#

-*.#4,5"3.12#

$%&'#4*24*.302+#)1+6112#:#
/5/1"521'#-*.#4,5"3.12#023#

/0.12+'

%;<)1.#*-##$%&'#-*;23#52#4,5"3#!#
);+#2*+#52#/0.12+'

1057 2 637

%;<)1.#*-##$%&'#-*;23#52#4,5"3#=#
);+#2*+#52#/0.12+'

1084 1 672

%;<)1.#*-##$%&'#-*;23#52#4,5"3#>#
);+#2*+#52#/0.12+'

2363 20 1703

%;<)1.#*-##$%&'#-*;23#52#4,5"3#?#
);+#2*+#52#/0.12+'

1518 5 876

%;<)1.#*-#2*2'92#$%&'#52#4,5"3#!#
);+#2*+#52#/0.12+'

411 1 150

%;<)1.#*-#2*2'92#$%&'#52#4,5"3#=#
);+#2*+#52#/0.12+'

396 0 135

%;<)1.#*-#2*2'92#$%&'#52#4,5"3#>#
);+#2*+#52#/0.12+'

911 6 459

%;<)1.#*-#2*2'92#$%&'#52#4,5"3#?#
);+#2*+#52#/0.12+'

619 3 225

%;<)1.#*-#',0.13#2*2'92#$%&'#52#
+,1#4,5"3.12(#);+#2*+#52#/0.12+'

8 0 9





:3/%2C2'83)*L$'6%5&2$'&*

•  *.fF.%1$%&'"'&>"%?B">.%+'2..A2'+,'-.0B'
.0$A$%"+.'.>>,>2'?.>$@.?'<>,A'+-.'1F>>.%+'?.B+-',<'
2.fF.%1$%&'1,@.>"&.'$%'+-.'A,+-.>'"%?'<"+-.>4''

•  H%'"0+.>%"C@.'A$&-+'Q.'[F2+'?..B.>'?.B+-',<'
2.fF.%1$%&'$%'+-.'B">.%+27'"0+-,F&-'2C00'
$%@.2C&"C%&'.>>,>2'+-"+'A$&-+'Q.',@.>1,A.'Q6'
2.fF.%1$%&'"'&>"%?B">.%+4'

•  (..?'+,'?.1$?.',%'O-.+-.>'+,'B>,1..?'O$+-'+-.'
1,%1,>?"%1.',<'_',>'A,>.'B$B.0$%.27'0$#.'*\H:'v'
)H!q7',>'[F2+'"11.B+'XO$+-'.@.>6Q,?6'.02.'$+'
2..A2ZY'+-"+')H!q'$2'2,A.-,O'+-.'D?.'<"1+,'
2+"%?">?E4'



J,>'%,O7'A,>.'.b,>+'2-,F0?'Q.'B0"1.?'
,%'+-.'<,00,O$%&R'

•  =AB0.A.%C%&'*+"%?">?2'<,>'"'D10$%$1"0]&>"?.E'.P,A. 7'
"%?'B>,A,C%&'+-.'D%.+O,>#$%&',<'21$.%1.E'A,?.04'

•  J,1F2$%&',%'>">.7'-$&-06'B.%.+>"%+'AF+"C,%2'>F%%$%&'
$%'<"A$0$.27'O$+-'1"21"?.'1">>$.>'+.2C%&',<'.@.%'A,>.'
>.0"C@.2'"2'%..?.?4'

•  !-.'&.%,A$1'Q"1#&>,F%?'$2'AF1-'A,>.'1,%2+"%+'$%'
<"A$0$.24'

•  !-.'.%@$>,%A.%+"0'Q"1#&>,F%?'$2'2,A.CA.2'A,>.'
1,%2+"%+'$%'<"A$0$.24'

•  !-$2'"00,O2',%.'+,'M&F>.',F+'B.%.+>"%1.',<'>">.'
@">$"%+2'$%'+-.2.'<"A$0$.27'"0,%&'O$+-',+-.>'$22F.27'
2F1-'"2'2,A"C1'A,2"$1$2A4'



:%/8&/*D/84*8'4*aC82%*C/*12.#*9')*b5/&7$'&*$3*L$CC/'.&T*
aC82%`*"#$%&$'I()$'!<C82%,6$C*



Figure 4.	


	



Figure 4. NAT activity of r ecombinant hNaa10p WT or p.Ser37Pro 
towards synthetic N-terminal peptides. A) and B) Purified MBP-hNaa10p 
WT or p.Ser37Pro were mixed with the indicated oligopeptide substrates (200 
µM for SESSS and 250 µM for DDDIA) and saturated levels of acetyl-CoA 
(400 µM). Aliquots were collected at indicated time points and the acetylation 
reactions were quantified using reverse phase HPLC peptide separation. 
Error bars indicate the standard deviation based on three independent 
experiments. The five first amino acids in the peptides are indicated, for 
further details see materials and methods. Time dependent acetylation 
reactions were performed to determine initial velocity conditions when 
comparing the WT and Ser37Pro NAT-activities towards different 
oligopeptides. C) Purified MBP-hNaa10p WT or p.Ser37Pro were mixed with 
the indicated oligopeptide substrates (200 µM for SESSS and AVFAD, and 
250 µM for DDDIA and EEEIA) and saturated levels of acetyl-CoA (400 µM) 
and incubated for 15 minutes (DDDIA and EEEIA) or 20 minutes (SESSS and 
AVFAD), at 37°C in acetylation buffer. The acetylation activity was determined 
as above. Error bars indicate the standard deviation based on three 
independent experiments. Black bars indicate the acetylation capacity of the 
MBP-hNaa10p wild type (WT), while white bars indicate the acetylation 
capacity of the MBP-hNaa10p mutant p.Ser37Pro. The five first amino acids 
in the peptides are indicated. 
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ABSTRACT
Motivation: Genome resequencing and short read mapping are two
of the primary tools of genomics and are used for many important
applications. The current state-of-the-art in mapping uses the quality
values and mapping quality scores to evaluate the reliability of the
mapping. These attributes, however, are assigned to individual
reads and donÕt directly measure the problematic repeats across
the genome. Here we present the Genome Mappability Score
(GMS) as a novel measure of the complexity of resequencing a
genome. The GMS is a weighted probability that any read could be
unambiguously mapped to a given position, and thus measures the
overall composition of the genome itself.
Results: We have developed the Genome Mappability Analyzer
(GMA) to compute the GMS of every position in a genome. It
leverages the parallelism of cloud computing to analyze large
genomes, and enabled us to identify the 5-14% of the human,
mouse, ßy, and yeast genomes that are difÞcultto analyze with short
reads. We examined the accuracy of the widely used BWA/SAMtools
polymorphism discovery pipeline in the context of the GMS, and
found discovery errors are dominated by false negatives, especially in
regions with poor GMS. These errors are fundamental to the mapping
process and cannot be overcome by increasing coverage. As such,
the GMS should be considered in every resequencing project to
pinpoint the dark matter of the genome, including of known clinically
relevant variations in these regions.
Availability: The source code and proÞles of several model
organisms are available at http://gma-bio.sourceforge.net
Contact: hlee@cs.stonybrook.edu

1 INTRODUCTION
1.1 Background
DNA sequencing technology has dramatically improved in the past
decade so that today an individual human genome can be sequenced
for less than$10,000 and in less then two weeks (Drmanacet al.,
2010), compared to years of effort and hundreds of millions
of dollars for the Þrst sequenced human genome (Stein, 2010).
This dramatic improvement has lead to an exponential growth in
sequencing, including several large projects to sequence thousands
of human genomes and exomes, such as the 1000 Genomes Project
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Consortium (2010) or International Cancer Genome Consortium
(2010). Other projects, such as ENCODE Project Consortium
(2004) and modENCODE Consortium (2010) are extensively using
resequencing and read mapping to discover novel genes and binding
sites.

The output of current DNA sequencing instruments consists of
billions of short,25" 200base pairs (bp) sequences of DNA called
reads, with an overall per base error rate around1%-2% (Bentley
et al., 2008). In the case of whole genome resequencing, these
short reads will originate from random locations in the genome,
but nevertheless, entire genomes can be accurately studied by
oversampling the genome, and then aligning or ÓmappingÓ each
read to the reference genome to computationally identify where it
originated. Once the entirecollection of reads has been mapped,
variations in the sample can be identiÞed by the pileup of reads that
signiÞcantly disagree from the reference genome (Fig. 1).

The leading short read mapping algorithms, including BWA (Li
and Durbin, 2009), Bowtie (Langmeadet al., 2009), and SOAP (Li
et al., 2009b), all try to identify the best mapping position for each
read that minimizes the number of differences between the read and
the genome, i.e., the edit distance of the nucleotide strings, possibly
weighted by base quality value. This is made practical through
sophisticated indexing schemes, such as the Burrows-Wheeler
transform (Burrows and Wheeler, 1994), so that many billions of
reads can be efÞciently mapped allowing for both sequencing errors
and true variations. The primary complication of short read mapping
is that a read may map equally well or nearly equally well to
multiple positions because of repetitive sequences in the genome.
Notably, nearly 50% of the human genome consists of repetitive
elements, including certain repeats that occur thousands of times
throughout (International Human Genome Sequencing Consortium,
2001).

For resequencing projects, the fraction of repetitive content
depends on read length and allowed error rate. At one extreme, all
single base reads would be repetitive, while chromosome length
reads would not be repetitive at all.Similarly, increasing the
allowed error rate increases the fraction of the genome that is
repetitive. The short read mapping algorithms use edit distance and
other read characteristics to compute a mapping quality score for
each mapped read (Liet al., 2008). The mapping quality score
estimates the probability that the assigned location is the correct
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