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Abstract
High throughput sequencing has facilitated a precipitous drop in the cost of genomic

sequencing, prompting predictions of a revolution in medicine via genetic personalization of

diagnostic and therapeutic strategies. There are significant barriers to realizing this goal

that are related to the difficult task of interpreting personal genetic variation. A comprehen-

sive, widely accessible application for interpretation of whole genome sequence data is

needed. Here, we present a series of methods for identification of genetic variants and

genotypes with clinical associations, phasing genetic data and using Mendelian inheritance

for quality control, and providing predictive genetic information about risk for rare disease

phenotypes and response to pharmacological therapy in single individuals and father-

mother-child trios. We demonstrate application of these methods for disease and drug

response prognostication in whole genome sequence data from twelve unrelated adults,

and for disease gene discovery in one father-mother-child trio with apparently simplex con-

genital ventricular arrhythmia. In doing so we identify clinically actionable inherited disease

risk and drug response genotypes in pre-symptomatic individuals. We also nominate a new

candidate gene in congenital arrhythmia, ATP2B4, and provide experimental evidence of a

regulatory role for variants discovered using this framework.
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Author Summary

Technological advances have dramatically reduced the cost of sequencing the human
genome. Tools for analyzing such data across families including annotation of clinically
important variants and aggregation of variants for personalizing drug prescriptions have
been developed but few are publically available. Here we describe such tools then demon-
strate their application in several distinct data sets. In particular, we use the tools to define
the genetic basis of a new congenital arrhythmia syndrome.

Introduction
Since the completion of the human genome project, technological advances have dramatically
increased throughput and decreased the cost of human DNA sequencing[1], facilitating com-
prehensive interrogation of coding regions of the genome, transcripts, and whole genome
sequences. High throughput sequencing has illuminated the underlying genetic basis for rare
inherited disease syndromes[2–4], refined our molecular understanding of cancer pathogenesis
[5]. provided a fine map of rare genetic variation underlying common disease risk[6–9], and
refined clinical diagnosis and medical therapy[10–13].

These initial advances and the continued drop in the cost of high-throughput sequencing
have prompted predictions of a new era of medicine personalized to individual genetics. How-
ever, downstream interpretation of sequence variation data remains a formidable barrier to full
realization of the promise of genomic medicine, whether it be applied for investigating the
genetic basis for well-described disease phenotypes in individuals and families or for prognosti-
cation of disease risk and drug response[1]. Several applications and data resources exist for
predicting the effects of genetic variation on human phenotypes[14–17], but there does not yet
exist a comprehensive, widely accessible application for interpretation of whole genome
sequence data. We previously developed and applied a methodology for interpretation of
genetic and environmental risk in a single participant using a combination of traditional clini-
cal assessment, whole genome sequencing, and integration of genetic and environmental risk
factors[18], and extended this framework to familial context[19]. Here we describe an inte-
grated pipeline, Sequence To Medical Phenotypes (STMP) for interpreting high-throughput
human DNA sequence data. STMP performs targeted genotyping of variants with known clini-
cal associations, rich functional annotation of discovered variants, and prioritizes genetic vari-
ants according to potential impact, mode of inheritance, and phenotypic presentation. For
individual genome sequences, STMP provides predictive genetic information regarding risk for
inherited disease traits and response to pharmacological therapy. We demonstrate the use of
this analytical pipeline for disease and drug response prognostication in pre-symptomatic indi-
viduals, and for elucidation of the genetic basis congenital ventricular arrhythmia.

Methods

Ethics statement
This study was reviewed and approved by the Research Compliance Office at Stanford
University (protocol # 4237, SQL 96726). Informed written consent was obtained from all
participants.
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STMP heuristic
Methods for whole genome sequence (WGS) interpretation in the context of disease gene find-
ing in inherited disease syndromes and predictive genetic variant annotation are outlined in
heuristic fashion in Fig 1.

Genotyping of clinically relevant variants
High-throughput re-sequencing currently requires a reference genome for sequence assembly
and variant identification. The reference genome that is currently used for alignment of human
re-sequencing data and variant identification (the NCBI reference genome)[20] is derived from
a collection of DNA samples from a small number of anonymous volunteers. However, it rep-
resents a very small sampling of human genetic variation. As such, at ~1.6 million genomic
positions, the NCBI reference sequence differs from the major allele in each of the three Haplo-
type Map (HapMap) populations. These minor alleles span ~4,500 variant positions associated

Fig 1. Overall heuristic for variant identification, genotype determination, initial annotation and downstream prioritization. Abbreviations: CPIC,
clinical pharmacogenomics implementation consortium; LOF, loss of function; MAF, minor allele frequency; Pgx, pharmacogenomics; SNVs, single
nucleotide variants; SVs, structural variants.

doi:10.1371/journal.pgen.1005496.g001
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with common complex disease and drug response traits[19], including the Factor V Leiden
allele associated with hereditary thrombophilia. Comparison of genome sequence data that is
homozygous for these alleles to this reference sequence will naturally not produce a variant
call. This issue is partially addressed by the use of major allele reference sequences[19]. A more
comprehensive approach is to perform targeted genotype calling of all loci considered to be of
phenotypic importance. This approach is reference agnostic up to reference base bias associ-
ated with short read alignment and mapping. STMP uses input interval call files representing
previously reported Mendelian disease associated loci and loci associated with drug response to
provide targeted genotype calls, irrespective of reference base, using the GATK Unified Geno-
typer (for SNVs) and Haplotype Caller (for indels) and their capability to report genotypes and
coverage for the “reference calls”. STMP also provides metrics for coverage of loci with known
importance to human health and disease, thereby providing confidence that, for example, a
given disease-associated allele is indeed not present, rather than just under-sequenced or other-
wise not confidently ascertained. As compared with methods that store diploid calls for all ref-
erence genomic positions, the STMP approach to genotype interrogation facilitates
downstream variant annotation while minimizing storage requirements for genotype data. To
facilitate updated genotype identification as new loci of relevance to human health and disease
are discovered, binary alignment (BAM) files from the secondary sequence analysis are
retained for future use.

Functional annotation of genetic variants
Rich functional genomic annotation is a prerequisite to sequence interpretation pipelines that
aim to provide testable biological hypotheses about the basis for described disease syndromes
and for disease risk and drug response prognostication. We extended the annovar framework
[21] to provide rich gene-based, functional genomic, regulatory, allele frequency, and pheno-
typic annotation. This basic annotation pipeline provides 94 annotations for SNVs and indels
in VCF format (http://www.1000genomes.org/wiki/Analysis/Variant%20Call%20Format/vcf-
variant-call-format-version-41, S1 Table) and 39 annotations for SVs in GFF format (https://
www.sanger.ac.uk/resources/software/gff/spec.html, S2 Table).

STMP can also leverage gene co-expression network topology information to provide quan-
titative prior expectations about gene-level pathogenicity for contextualizing individual varia-
tion data. For example, STMP output may be used to identify genetic variation occurring in
genes that are co-expressed with known disease genes, thereby implicating by association vari-
ants perturbing certain network topologies. The default STMP module comes pre-loaded with
gene co-expression network topology representing gene expression microarray data from 75
normal unused human donor hearts, tissue from 49 human hearts with right- or left-ventricu-
lar hypertrophy, and 436 explanted human hearts with dilated cardiomyopathy. The general
framework for weighted gene coexpression network analysis is described [22,23]. Brielfy, pair-
wise Pearson’s correlation between gene expression values was calculated for every gene in the
dataset for: a) samples from normal unused donor hearts, b) samples from hearts with right- or
left-ventricular hypertrophy, c) samples from hearts with dilated cardiomyopathy. A soft-
thresholding parameter β was chosen to satisfy scale-free topology criterion based on r2 maxi-
mization for a linear fit with slope –1 to log(k) versus log(n(k)), and the topological overlap
between genes was calculated [24], generating a network adjacency based on shared network
neighbors. We next used average linkage hierarchical clustering and the dynamic tree cut algo-
rithm [25], to partition the topological overlap network into modules. Disease-specific topolo-
gies can be used to assess dynamic gene-gene interactions that are context specific.
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Disease associated variant discovery in father-mother-child trios with
simplex phenotypes
Genome-wide genetic interrogation in father-mother-child trios with apparently simplex phe-
notypes can be a powerful tool for genetic association discovery. Classically these investigations
are performed using discrete filtering to identify apparent de novo, compound heterozygous,
and rare homozygous mutations. De novomutations are typically discovered via searching for
Mendelian inheritance abnormalities (MIAs) that are consistent with the segregation of pheno-
types within the family. Discrete filtering is encumbered by several challenges, however. First,
the true per-generation de novomutation rate [26,27] is two to three orders of magnitude
higher than the sequence error rate using current high throughput sequencing technology
[27,28]. In addition to stochastic error modes, there are systematic error modes that relate to
sequences in the human reference genome that are compressed relative to common repetitive
sequences, low complexity and GC and homopolymer rich regions, and other regions of the
human genome that are problematic to accurately sequence, align, or genotype. Roach, et al,
developed an HMM-based classifier to identify these regions in family quartets and also to pro-
vide relative inheritance state information for WGS [27,29]. STMP utilizes a simplified hidden
Markov model (HMM) classifier that bins WGS or WES data into one of three categories:
“good data”, “compression”, or “MIA-rich” regions. The latter two categories represent variant
data that is highly likely to contain systematic artifact and can be excluded from downstream
analysis and-or interpretation. STMP writes this information in the “Filter” field of standard
VCF output, allowing for soft-filtering or manual inspection of these regions. STMP uses chro-
mosomal distance between variant markers as a prior expectation in the HMM, thereby facili-
tating the use of this HMM-based approach in WES, which by virtue of sequence capture is
sparse outside targeted regions and dense within targeted regions.

Second, apparently simplex disease phenotypes can arise from a variety of possible underly-
ing genetic architectures and modes of inheritance, and pre-specifying one mode can lead to a
lack of sensitivity. To address this, once HMM-based regional classification has been per-
formed, STMP will output 1) apparent de novo events, 2) all instances of compound heterozy-
gosity in a gene in which at least one variant in the pair is rare according to user specific
criteria, 3) rare homozygous mutations, and 4) instances of apparent hemizygosity which are
candidates for loss of function, 5) rare variants in known inherited disease genes fitting an
autosomal dominant inheritance model with reduced penetrance. This output can be used for
manual inspection in single trio studies or as a prior expectation for gene regions fed forward
into collapsing statistics if a cohort of trios is studied. In the latter case STMP leverages inheri-
tance information to reduce the number of gene regions queried and thus the number of statis-
tical comparisons performed between case and control cohorts.

Drug response prediction from high throughput sequence data
Predicting drug response fromWGS data requires generation of best-guess haplotypes from
short-read sequence data for which haplotype phase is often not determined molecularly.
STMP produces best-guess haplotype pairs from confidently genotyped SNVs and indels iden-
tified as above. To do this STMP first creates skeleton haplotype pairs using all confidently
identified homozygous SNVs. The full set of complementary haplotypes is then generated
using heterozygous variant calls. A perfect-match search is performed for each haplotype and
its complement among described haplotypes defining the known “star” alleles associated with
clinical drug response. If a perfect match is not found, the set of possible haplotype pairs is
given but no star allele assignment is attempted. If more than one pair of possible star alleles is
found matching possible haplotypes generated fromWGS data, all possible star allele
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combinations are reported. STMP does not provide haplotype resolution beyond that sug-
gested by the confidently called genotypes. That is, if a variant is not confidently called or not
covered, as may be the case in exome or other targeted sequencing, haplotypes that are
uniquely defined by these “tags” variants are not disambiguated from other possible star allele-
defining haplotypes, and a set of possible star alleles corresponding to each reduced haplotype
and its conjugate are reported. The haplotype determination is purposefully designed to only
give high-confidence predictions, leaving the task of disambiguating star alleles in the setting of
uncertain genotype calls or uncommon haplotypes to a human curator.

STMP also annotates and reports single variant drug response associations cataloged in the
PharmGKB knowledgebase [30] at a level of evidence (for definitions, see http://www.
pharmgkb.org/page/clinAnnLevels) defined by the user (Fig 1).

Bioinformatic prioritization of candidate Mendelian disease risk variants
Following genotype annotation, STMP prioritizes variants by using metrics of conservation
and constraint, predictions of pathogenicity, and allele frequency derived from comparisons
with local and external data sources. STMP uses a prioritization scheme that at once provides a
parsimonious set of candidates for manual review and a comprehensive assessment of previ-
ously reported genetic variation. The heuristic for prioritization of previously reported variants
in monogenic disease genes, as well as rare and novel variants in monogenic disease genes with
no previously reported phenotypic association, is described in Fig 1. In default mode STMP
first reduces all variants to a set that occurs within 2,725 genes cataloged in ClinVar (2,716 in
females due to cataloged disease associations within nine genes on the Y chromosome) [31],
manually curated to exclude drug response associations and common disease susceptibility
loci. Alternatively, gene sets can be provided by the user and utilized for genetic variant filtering
based on the phenotypic features of the disease queried.

Previously reported variants in disease mutation catalogs include a significant number of
common polymorphisms, mapping errors, legacy coordinates, and common disease suscepti-
bility loci that are unlikely to be relevant to monogenic disease risk [32,33]. Thus, STMP priori-
tizes variants previously reported in the Human Gene Mutation Database (HGMD) first by
expected pathogenicity and next by allele frequency. Previously reported variants cataloged in
HGMD are separated into four tiers of potential pathogenicity:

• Tier 1: Loss of function variants (splice dinucleotide disrupting, nonsense, nonstop, and
frameshift indels, large coding insertions and deletions).

• Tier 2: All rare variants cataloged in HGMD, regardless of functional annotation. Rarity is
defined as minor allele frequency (MAF) no greater than 1% by default or according to use-
defined criteria in any of the following population genetic surveys: ethnically-matched popu-
lation in HapMap 2 and 3, the 1000 genomes phase 1 data[34] from an ethnically-matched
super population, and global allele frequency, the 1000 genomes pilot 1 project global allele
frequency, 69 publicly available genomes released by Complete Genomics, the NHLBI Grand
Opportunity exome sequencing project global allele frequency, and the Exome Aggregation
Consortium (http://exac.broadinstitute.org).

• Tier 3: All non-rare missense and non-frameshift indels.

• Tier 4: All variants not meeting criteria for tiers 1–3.

Variants meeting criteria for tiers 1–3 are retained for downstream manual review in the
case of individual genome interpretation, and for intersection with inheritance state informa-
tion in the case of disease-targeted analyses. As the expected allele frequency of potentially
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pathogenic variants is likely to vary greatly with disease prevalence, penetrance, and mode of
inheritance, allele frequency filters are not used for tiers one and three, thereby allowing for pri-
oritization of functional alleles with previously described disease associations that would not
otherwise pass strict allele frequency filters, for instance the deltaF508 allele in CFTR or the
Factor V Leiden allele.

Rare and private variation, as a result of recent population expansion and purifying selec-
tion, continues to constitute a significant proportion of human genetic variation, even in large
population surveys. Some of these rare and private alleles will have monogenic disease risk and
carrier status relevance, and therefore STMP also prioritizes select previously unreported, but
potentially pathogenic, rare and novel variants in monogenic disease genes, incorporating con-
sensus evidence for evolutionary constraint/conservation and pathogenicity prediction. These
computational methods for scoring genetic variants have, in isolation, modest classification
accuracy and inter-algorithm concordance [35,36]. Approaches to rating the potential patho-
genicity of variants based on consensus of commonly used prediction algorithms have been
shown to have superior calibration and discriminative accuracy when compared with individ-
ual predictions [36]. STMP imposes a prior expectation that pathogenic alleles are more likely
to occur in genes in which previously reported variants have produced Mendelian disease phe-
notypes, but also archives and categorizes all other variants for review and potential reclassifi-
cation as genetic knowledge expands, or for intersection with inheritance state data. Rare
(defined as above) and novel variants with no previously described phenotype association in
monogenic disease genes are prioritized into four tiers of potential pathogenicity:

• Tier 1: Rare loss of function variants, defined as above.

• Tier 2: Rare missense variants affecting nucleotides with consensus evidence by both algo-
rithms considered for evolutionary conservation/constraint according to the following values
cataloged in the database of nonsynonymous functional predictions [35]: GERP++ score> 2;
PhyloPnew>0.95 and rare non-frameshift indels.

• Tier 3: Rare missense variants with predicted pathogenicity by three or more algorithms
according to the following definitions as cataloged in the database of nonsynoymous func-
tional predictions [35]: SIFT, “Damaging”; LRT, “Deleterious”; PolyPhen2, “Probably dam-
aging” or “Possibly damaging”; Mutation taster, “Disease causing automatic” or “disease
causing”.

• Tier 4: All rare variants not meeting criteria for tiers 1–3.

As a final filter for both previously reported variants in monogenic disease genes and previ-
ously unreported, rare variants in monogenic disease genes, STMP uses catalogs of local allele
frequency and genotype information to exclude variants that are observed more frequently
than would be expected in the local sequencing environment. This filter serves to identify and
exclude variants whose previously unappreciated high allele frequency is a result of false nega-
tives in population genetic surveys or systematic false positives specific to local sequence vari-
ant discovery pipelines. Similar filters have proven effective in excluding such systematic
artifacts in other contexts [37].

Inputs, implementation and parallelization
STMP accepts as required input a vcf file prepared by Illumina Isaac, GATK, the Complete
Genomics variant discovery pipeline, or Real Time Genomics. Optional inputs include 1)
binary alignment map file, required for targeted genotype calling and annotation of known
inherited disease risk alleles and pharmacogenomic annotation, 2) genome feature format file
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describing structural variant events, 3) local site frequency spectrum for filtering of inherited
disease risk candidates. In trio mode STMP requires jointly called genotypes and sample identi-
fiers for father, mother, and child. Initial annotation of genetic variants for gene, functional
genomic, and clinical phenotypes is performed using python/perl and parallelized using the
“multiprocessing”module in python. Processing time for the annotation pipeline scales
roughly as 1/n, where n is the number of processors allocated to the task. STMP is imple-
mented in cython/python/shell and also parallelized using the “multiprocessing”modules in
python. To demonstrate the utility of the STMP tool, we applied STMP in trio mode to a trio
with congenital neonatal arrhythmia, and also to twelve unrelated adult participants (median
age 53, 6 female, 7 of East Asian ancestry) recruited from primary care clinics at Stanford Uni-
versity Medical center. The study was approved by the Stanford University Institutional Review
Board and all patients gave informed written consent, or, in the case of minors, assent (Stan-
ford Institutional Review Board GAP approval number 4237).

Functional regulatory analysis of common variants discovered by STMP
To further explore a novel gene locus implicated in the congenital neonatal arrhythmia trio, we
performed in vitro characterization of a putative promoter variant found in trans with a novel
protein truncating mutation in ATP2B4 using previously described approaches[38]. The non-
coding variant in the 5’ un-translated region of ATP2B4, rs4600103, was first investigated in sil-
ico using 1000 Genomes haplotype data and ENCODE regulatory datasets for chromatin
accessibility and histone modifications. Predicted transcription factor binding sites (TFBS)
altered by rs4600103 and the linked variant (r2~0.87), rs4951276 (also present in the patient),
were determined using TRANSFAC, JASPAR, and MatInspector positional weight matrix
(PWM) databases. Sequences surrounding each allele were scanned for vertebrate TFBS with a
0.9 minimum similarity score cutoff. Identified putative enhancer elements for each SNP were
used to generate concatenated oligonucleotides for rs4600103-G/A and rs4951276-T/A, which
were annealed at 95 C for 5 minutes and allowed to cool to room temperature. Resulting dou-
ble-stranded DNA fragments were subcloned into the multiple cloning site (MCS) of the pLuc-
MCS vector (Agilent), and constructs were confirmed by Sanger sequencing. Luciferase
reporter constructs containing respective major and minor alleles of rs4600103 and rs4951276
were transfected, along with renilla luciferase, into HEK 293 and H9c2 cells using Lipofecta-
mine 2000 (Life Technologies), according to the manufacturer’s instructions. Growth media
was changed after 5 hours and dual-luciferase activities measured after 24 hours using a Spec-
traMax luminometer (Molecular Devices). Firefly luciferase activities were normalized to
renilla luciferase and expressed as the fold change of the empty vector control.

Results

STMP identifies a candidate gene for neonatal ventricular arrhythmia in
a father-mother-child trio
The trio format is a common familial arrangement in sequencing studies undertaken to
uncover the genetic basis for a known disease or to assist in disease diagnosis [39,40]. In many
such trios, the offspring is the only clearly affected subject (“simplex” trios), proposing several
possible modes of phenotypic expression, including recessive or codominant inheritance, auto-
somal dominant inheritance with reduced penetrance, and a de novomutation in the proband.
STMP functionally annotates and prioritizes such alleles, including all possible instances of
compound heterozygosity and important noncoding variants. To demonstrate the utility of
STMP for discovery of disease-associated genetic variants in individuals with manifest disease
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in this format, we used STMP in “trio”mode to investigate whole genome sequence data from
a father-mother-child trio with neonatal ventricular arrhythmia. In this trio the offspring was
affected by neonatal polymorphic ventricular arrhythmia preceded by ST segment elevation
(Fig 2A.). Clinical genetic testing of inherited arrhythmia genes, including deletion-duplication
testing, did not uncover disease-causing mutations. STMP identified 25 candidate variants.
Among the candidate compound heterozygous variants, a novel nonsense mutation and a
common 5’UTR variant were found in trans in ATP2B4; the latter variant, rs4600103, was
found in an accessible and active chromatin region as determined by ENCODE derived
DNAse hypersensitive regions and enrichment for promoter histone modifications
(H3K4me3) in human cardiac fibroblasts (HCF) and cardiac myocytes (HCM) and active his-
tone modifications (H3K27ac) in human lung fibroblasts (Fig 2B). ATP2B4 encodes a plasma

Fig 2. STMP identifies a likely functional regulatory variant in a novel candidate disease gene for neonatal ventricular arrhythmia. A) Pedigree (left)
and representative neonatal ECG from a proband with ventricular fibrillation (right). B) UCSCGenome Browser screenshot showing ENCODE regulatory
tracks surrounding a novel variant in the 5’ UTR, rs4600103 (red box), found in cis with a nonsense variant in ATP2B4, as well as linked variant (r2 = 0.87)
rs4951276 (green box). Tracks for chromatin accessibility, including DNaseI hypersensitivity, and promoter histone modification (H3K4M3) ChIP-seq data
are shown for human cardiac myocytes (HCM), human cardiac fibroblasts (HCF) and heart tissue. DNaseI hypersensitivity clusters, transcription factor ChIP-
seq and active histone modification (H3K27Ac) ChIP-seq data are shown for multiple ENCODE cell lines. C) Functional validation of common variants using
allele-specific reporter assays. Common variants at ATP2B4, rs4600103 and rs4951276 were evaluated in luciferase reporter assays in HEK293 and H9c2.
Values are expressed as relative fold change versus empty vector (pLuc) and represent mean ± SEM of triplicates from three independent experiments.

doi:10.1371/journal.pgen.1005496.g002

Sequence to Medical Phenotypes

PLOS Genetics | DOI:10.1371/journal.pgen.1005496 October 8, 2015 9 / 15



membrane calcium ATPase that mediates neuronal nitric oxide signaling in cardiac myocytes
and directly interacts with a gene, SNTA1, that has been implicated in hereditary ventricular
arrhythmia and sudden, presumed arrhythmic infant death [41–43]. Using TRANSFAC and
JASPAR transcription factor binding databases, we identified altered motifs for ELK1 and
NFκB transcription factor binding sites (TFBS) proximal to the SNP. Using 1000 Genomes
data we identified another common variant, rs4951276 (MAF 0.35 ASN, 0.09 EUR) in high
linkage disequilibrium (r2 = 0.87) with rs4600103, which may explain some of the regulatory
effects. This intronic variant resides in a putative enhancer element, containing the active chro-
matin mark, H3K27ac, and is predicted to disrupt TFBS motifs for FOXP1. To interrogate the
potential impact of these variants in regulating ATP2B4 expression, we cloned the predicted
regulatory elements surrounding each allele into a luciferase reporter construct driven by a
minimal promoter, and measured relative transcriptional activity in both HEK 293 and the
neonatal rat cardiomyocyte cell line, H9c2. Interestingly, the minor A allele at rs4600103 was
shown to have reduced transcriptional activity compared to the major G allele, whereas both
alleles at rs4951276 had similar reporter activities (Fig 2C). These results indicate that
rs4600103 may be a functional variant identified at ATP2B4 through altering a putative cis-reg-
ulatory element. It remains unclear whether this variant, in combination with the truncating
variant in trans, is disease associated. It may be that an as yet unidentified factor such as a
trans-acting regulatory element, structural variant on the other allele, or environmental- or
gender-specific modifier of the phenotype is at play. This uncertainty highlights one of the
challenges inherent to identifying a single likely pathogenic allele in a recessive disease gene.

Drug response predictions fromWGS data
When run onWGS data from a single proband, STMP provides, for the first time, pharmaco-
genomic haplotype assignment and annotation of clinically associated pharmacogenomics
alleles, including those that are defined on a single variant or haplotype bases. To demonstrate
the utility of STMP in this context, we assessed the concordance between star allele assign-
ments generated by STMP for five genes with associated Clinical Pharmacogenomics Imple-
mentation Consortium (CPIC) guidelines for drug dosing and administration (CYP2C9,
CYP2C19, CYP2D6, VKORC1, and SLCO1B1). Haplotype call concordance between STMP and
blind manual haplotype determination demonstrated that in all twelve individuals, the star
allele pair assigned by human rates was found in the set of possible star alleles reported by
STMP for all five genes. As described [44], STMP provided 1–3 recommendations per subject
for change in drug dose or administration, and 3–10 additional high-confidence genetic drug
response predictions fromWGS data.

Identification of putative Mendelian disease risk alleles fromWGS data
When applied to WGS data from single probands, STMP provides rich functional annotation
and prioritization of potential Mendelian disease risk alleles, including novel variants, structural
variants, and important regulatory variants. STMP allows for genome-wide search for such
genetic variants, or can be restricted to specific gene sets if a targeted diagnostic question is pur-
sued. To demonstrate the utility of STMP to discover such variants genome-wide, we applied
STMP to IlluminaWGS sequence data (median haploid read depth 51x, 101bp x 2 paired end
reads, generated on the HiSeq 2000) from twelve unrelated adult participants (median age 53, 6
female, 7 of East Asian ancestry) recruited from primary care clinics at Stanford University Medi-
cal center. Methods for identification of single nucleotide variants, indels, and structural variants
are described in Dewey, et al (2014) [44]. On a six-core Intel Xeon X5670 processor running
64-bit linux with 128 GB of RAM and utilizing five concurrent threads, stanovar performed

Sequence to Medical Phenotypes

PLOS Genetics | DOI:10.1371/journal.pgen.1005496 October 8, 2015 10 / 15



comprehensive annotation of standard.vcf and.gff format variant files in a median of 96 (range
90–102) minutes per genome. STMP performed prioritization of Mendelian disease risk candi-
dates and identification of genotypes and haplotypes affecting drug response in< 5 minutes per
participant. The median total processing time, including targeted genotype calling of SNVs and
indels with clinical associations and filtering based on local site frequency spectra, was 122 min-
utes (range 116–127 minutes). We used allele frequency filters of<1% in general population sur-
veys and<25% in our local cohort; higher allele-frequency cutoffs for local sequence data may be
appropriate in populations enriched for Mendelian phenotypes and associated variant alleles.
Higher allele-frequency cutoffs for local sequence data may be appropriate in populations
enriched for Mendelian phenotypes and associated variant alleles. Manual curation uncovered
several well-established disease causing mutations in this cohort without apparent Mendelian
disease, including a 19-bp insertion-deletion variant in BRCA1 that has been previously impli-
cated in hereditary breast and ovarian cancer, prompting prophylactic surgery [44].

Variants discovered in each participant, prior to and after allele frequency filtering, are pre-
sented in Table 1. Further filtering of variants occurring at high allele frequencies in the cohort
was particularly effective at reducing the number of previously reported Mendelian disease risk
candidates and the number of apparently rare (according to external allele frequency informa-
tion) loss-of-function variants in Mendelian disease genes. This suggests that even a small
number of local “control” genomes can substantially reduce the number of potential false posi-
tives resulting from systematic sequencing artifact related to the local peculiarities of sequenc-
ing and analysis or previously unappreciated common variation.

Discussion
Here we describe a series of methods for annotation of high-throughput sequence data for indi-
vidual genetic risk prediction and prediction of drug response. This collection of tools is

Table 1. Summary of STMP tiers 1–3 in whole genome sequence data from twelve unrelated adults recruited from primary care clinics.

Variant classification Definition Median
(range)–all
variants

Median (range)–
filtered by cohort
allele frequency

%
private

Variant alleles
present in all
participants, n

Variant alleles
present in all
East Asians, n

Genetic variants with
previously reported disease
associations

Tier 1 Loss of function 8.5 (6–14) 3.5 (2–9) 15 (0–
36)

0 0

Tier 2 Rare non-LOF variants 147 (124–
164)

14 (5–76) 3 (2–36) 1 8

Tier 3 Common missense
and nonframeshift indel
variants

148.5 (133–
154)

29 (26–68) 6 (4–22) 2 13

Rare* variants in Mendelian
disease genes with no
reported disease association

— 62,453
(59,813–
66,207)

Tier 1 Loss of function 13 (11–19) 6 (3–13) 23 (7–
47)

2 2

Tier 2 Missense/
nonframeshift
+ conserved

53.5 (48–59) 50.5 (42–55) 66 (54–
73)

1 1

Tier 3 Missense/
nonframeshift
+ predicted pathogenic

5 (4–8) 5 (4–8) 100 (60 -
100)

0 0

*As defined by allele frequency < 0.01.

Abbreviations: LOF, loss of function.

doi:10.1371/journal.pgen.1005496.t001
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flexible, customizable, and allows for dynamic interaction between variant annotation and
association efforts. It is applicable to variant data from whole genome, exome, and targeted re-
sequencing. We further demonstrate that application of these methods to whole genome
sequence data in apparently unrelated individuals yields a parsimonious set of variants for
manual review (~100) that may have implications for Mendelian disease risk and drug
response, and in one case uncover a clearly clinically actionable disease-causing mutation in a
pre-symptomatic individual. Application to a father-mother-child trios uncovered a novel can-
didate disease gene in neonatal ventricular arrhythmia. While several methods exist for pre-
dicting pathogenicity of sequence variants, and other methods exist for annotating variants
with respect to described disease associations, there is not yet a unified framework that inte-
grates the bulk of human disease-genotype associations and computational predictions. The set
of methods we described here is developed to do just that. Furthermore, in contrast to existing
tools that perform limited annotation of SNVs and indels, our integrated pipeline provides a
framework for interpreting structural variants and variants disrupting important noncoding
regions of genes associated with disease phenotypes. This set of methods leads naturally into
manual curation of discovered variants for research efforts utilizing disease phenotype and
drug response information.

Sequence to medical phenotypes (STMP) is an open source, parallelized pipeline for clinical
interpretation of WGS and WES data generated in a research setting. It is highly amenable to
parallel processing architecture, produces parsimonious variant sets for manual review, and
interrogates both Mendelian disease risk and genetic drug response. We hope that the methods
presented here will help catalyze future clinical research using WGS.

STMP is open source and will be available at http://ashleylab.stanford.edu/tools/stmp.html.

Supporting Information
S1 Table. Annotations for single nucleotide and insertion/deletion variants.
(XLSX)

S2 Table. Annotations for structural variants.
(XLSX)

Acknowledgments
The investigators would like to thank the study participants for their involvement.

Author Contributions
Conceived and designed the experiments: FED CLM EAA. Performed the experiments: FED
MEG JRP DW CLM AZ CP KJK MWC TEK. Analyzed the data: FED MEG AB JRP DW CM
AZ CP KJK MWC TEK SD RABMS TQ EAA. Contributed reagents/materials/analysis tools:
AB. Wrote the paper: FED EAA.

References
1. Mardis ER. The $1,000 genome, the $100,000 analysis? Genomemedicine. 2010; 2(11):84. Epub

2010/12/01. doi: gm205 [pii] doi: 10.1186/gm205 PMID: 21114804; PubMed Central PMCID:
PMC3016626.

2. Ng SB, Bigham AW, Buckingham KJ, Hannibal MC, McMillin MJ, Gildersleeve HI, et al. Exome
sequencing identifies MLL2 mutations as a cause of Kabuki syndrome. Nature genetics. 2010; 42
(9):790–3. Epub 2010/08/17. doi: ng.646 [pii] doi: 10.1038/ng.646 PMID: 20711175; PubMed Central
PMCID: PMC2930028.

Sequence to Medical Phenotypes

PLOS Genetics | DOI:10.1371/journal.pgen.1005496 October 8, 2015 12 / 15

http://ashleylab.stanford.edu/tools/stmp.html
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pgen.1005496.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pgen.1005496.s002
http://dx.doi.org/10.1186/gm205
http://www.ncbi.nlm.nih.gov/pubmed/21114804
http://dx.doi.org/10.1038/ng.646
http://www.ncbi.nlm.nih.gov/pubmed/20711175


3. Ng SB, Buckingham KJ, Lee C, Bigham AW, Tabor HK, Dent KM, et al. Exome sequencing identifies
the cause of a mendelian disorder. Nature genetics. 2010; 42(1):30–5. Epub 2009/11/17. doi: ng.499
[pii] doi: 10.1038/ng.499 PMID: 19915526; PubMed Central PMCID: PMC2847889.

4. Lupski JR, Reid JG, Gonzaga-Jauregui C, Rio Deiros D, Chen DC, Nazareth L, et al. Whole-genome
sequencing in a patient with Charcot-Marie-Tooth neuropathy. The New England journal of medicine.
2010; 362(13):1181–91. Epub 2010/03/12. doi: 10.1056/NEJMoa0908094 PMID: 20220177.

5. Meyerson M, Gabriel S, Getz G. Advances in understanding cancer genomes through second-genera-
tion sequencing. Nat Rev Genet. 2010; 11(10):685–96. Epub 2010/09/18. doi: 10.1038/nrg2841 PMID:
20847746.

6. Holm H, Gudbjartsson DF, Sulem P, Masson G, Helgadottir HT, Zanon C, et al. A rare variant in MYH6
is associated with high risk of sick sinus syndrome. Nature genetics. 2011. Epub 2011/03/08. doi:
ng.781 [pii] doi: 10.1038/ng.781 PMID: 21378987.

7. Steinthorsdottir V, Thorleifsson G, Sulem P, Helgason H, Grarup N, Sigurdsson A, et al. Identification of
low-frequency and rare sequence variants associated with elevated or reduced risk of type 2 diabetes.
Nature genetics. 2014. doi: 10.1038/ng.2882 PMID: 24464100.

8. Flannick J, Thorleifsson G, Beer NL, Jacobs SB, Grarup N, Burtt NP, et al. Loss-of-function mutations
in SLC30A8 protect against type 2 diabetes. Nature genetics. 2014; 46(4):357–63. doi: 10.1038/ng.
2915 PMID: 24584071; PubMed Central PMCID: PMC4051628.

9. Consortium STD, Estrada K, Aukrust I, Bjorkhaug L, Burtt NP, Mercader JM, et al. Association of a low-
frequency variant in HNF1A with type 2 diabetes in a Latino population. JAMA: the journal of the Ameri-
can Medical Association. 2014; 311(22):2305–14. doi: 10.1001/jama.2014.6511 PMID: 24915262.

10. Worthey EA, Mayer AN, Syverson GD, Helbling D, Bonacci BB, Decker B, et al. Making a definitive
diagnosis: Successful clinical application of whole exome sequencing in a child with intractable inflam-
matory bowel disease. Genet Med. 2011; 13(3):255–62. Epub 2010/12/22. doi: 10.1097/GIM.
0b013e3182088158 PMID: 21173700.

11. Choi M, Scholl UI, Ji W, Liu T, Tikhonova IR, Zumbo P, et al. Genetic diagnosis by whole exome capture
and massively parallel DNA sequencing. Proceedings of the National Academy of Sciences of the
United States of America. 2009; 106(45):19096–101. Epub 2009/10/29. doi: 0910672106 [pii] doi: 10.
1073/pnas.0910672106 PMID: 19861545; PubMed Central PMCID: PMC2768590.

12. Lee H, Deignan JL, Dorrani N, Strom SP, Kantarci S, Quintero-Rivera F, et al. Clinical exome sequenc-
ing for genetic identification of rare Mendelian disorders. JAMA: the journal of the American Medical
Association. 2014; 312(18):1880–7. doi: 10.1001/jama.2014.14604 PMID: 25326637; PubMed Central
PMCID: PMC4278636.

13. Yang Y, Muzny DM, Xia F, Niu Z, Person R, Ding Y, et al. Molecular findings among patients referred
for clinical whole-exome sequencing. JAMA: the journal of the American Medical Association. 2014;
312(18):1870–9. doi: 10.1001/jama.2014.14601 PMID: 25326635; PubMed Central PMCID:
PMC4326249.

14. Cooper DN, Ball EV, Krawczak M. The human gene mutation database. Nucleic acids research. 1998;
26(1):285–7. Epub 1998/02/21. doi: gkb003 [pii]. PMID: 9399854; PubMed Central PMCID:
PMC147254.

15. YuW, Yesupriya A, Wulf A, Hindorff LA, Dowling N, Khoury MJ, et al. GWAS Integrator: a bioinformat-
ics tool to explore human genetic associations reported in published genome-wide association studies.
Eur J HumGenet. 2011. Epub 2011/05/26. doi: 10.1038/ejhg.2011.91 PMID: 21610748.

16. Hindorff LA, Sethupathy P, Junkins HA, Ramos EM, Mehta JP, Collins FS, et al. Potential etiologic and
functional implications of genome-wide association loci for human diseases and traits. Proceedings of
the National Academy of Sciences of the United States of America. 2009; 106(23):9362–7. Epub 2009/
05/29. doi: 10.1073/pnas.0903103106 PMID: 19474294; PubMed Central PMCID: PMC2687147.

17. Kircher M, Witten DM, Jain P, O'Roak BJ, Cooper GM, Shendure J. A general framework for estimating
the relative pathogenicity of human genetic variants. Nature genetics. 2014; 46(3):310–5. doi: 10.1038/
ng.2892 PMID: 24487276; PubMed Central PMCID: PMC3992975.

18. Ashley EA, Butte AJ, Wheeler MT, Chen R, Klein TE, Dewey FE, et al. Clinical assessment incorporat-
ing a personal genome. Lancet. 2010; 375(9725):1525–35. Epub 2010/05/04. doi: S0140-6736(10)
60452-7 [pii] doi: 10.1016/S0140-6736(10)60452-7 PMID: 20435227; PubMed Central PMCID:
PMC2937184.

19. Dewey FE, Chen R, Cordero SP, Ormond KE, Caleshu C, Karczewski KJ, et al. Phased whole-genome
genetic risk in a family quartet using a major allele reference sequence. PLoS genetics. 2011; 7(9):
e1002280. doi: 10.1371/journal.pgen.1002280 PMID: 21935354; PubMed Central PMCID:
PMC3174201.

20. Pruitt KD, Tatusova T, Maglott DR. NCBI reference sequences (RefSeq): a curated non-redundant
sequence database of genomes, transcripts and proteins. Nucleic acids research. 2007; 35(Database

Sequence to Medical Phenotypes

PLOS Genetics | DOI:10.1371/journal.pgen.1005496 October 8, 2015 13 / 15

http://dx.doi.org/10.1038/ng.499
http://www.ncbi.nlm.nih.gov/pubmed/19915526
http://dx.doi.org/10.1056/NEJMoa0908094
http://www.ncbi.nlm.nih.gov/pubmed/20220177
http://dx.doi.org/10.1038/nrg2841
http://www.ncbi.nlm.nih.gov/pubmed/20847746
http://dx.doi.org/10.1038/ng.781
http://www.ncbi.nlm.nih.gov/pubmed/21378987
http://dx.doi.org/10.1038/ng.2882
http://www.ncbi.nlm.nih.gov/pubmed/24464100
http://dx.doi.org/10.1038/ng.2915
http://dx.doi.org/10.1038/ng.2915
http://www.ncbi.nlm.nih.gov/pubmed/24584071
http://dx.doi.org/10.1001/jama.2014.6511
http://www.ncbi.nlm.nih.gov/pubmed/24915262
http://dx.doi.org/10.1097/GIM.0b013e3182088158
http://dx.doi.org/10.1097/GIM.0b013e3182088158
http://www.ncbi.nlm.nih.gov/pubmed/21173700
http://dx.doi.org/10.1073/pnas.0910672106
http://dx.doi.org/10.1073/pnas.0910672106
http://www.ncbi.nlm.nih.gov/pubmed/19861545
http://dx.doi.org/10.1001/jama.2014.14604
http://www.ncbi.nlm.nih.gov/pubmed/25326637
http://dx.doi.org/10.1001/jama.2014.14601
http://www.ncbi.nlm.nih.gov/pubmed/25326635
http://www.ncbi.nlm.nih.gov/pubmed/9399854
http://dx.doi.org/10.1038/ejhg.2011.91
http://www.ncbi.nlm.nih.gov/pubmed/21610748
http://dx.doi.org/10.1073/pnas.0903103106
http://www.ncbi.nlm.nih.gov/pubmed/19474294
http://dx.doi.org/10.1038/ng.2892
http://dx.doi.org/10.1038/ng.2892
http://www.ncbi.nlm.nih.gov/pubmed/24487276
http://dx.doi.org/10.1016/S0140-6736(10)60452-7
http://www.ncbi.nlm.nih.gov/pubmed/20435227
http://dx.doi.org/10.1371/journal.pgen.1002280
http://www.ncbi.nlm.nih.gov/pubmed/21935354


issue):D61–5. Epub 2006/11/30. doi: gkl842 [pii] doi: 10.1093/nar/gkl842 PMID: 17130148; PubMed
Central PMCID: PMC1716718.

21. Wang K, Li M, Hakonarson H. ANNOVAR: functional annotation of genetic variants from high-through-
put sequencing data. Nucleic acids research. 2010; 38(16):e164. doi: 10.1093/nar/gkq603 PMID:
20601685; PubMed Central PMCID: PMC2938201.

22. Dewey FE, Perez MV, Wheeler MT, Watt C, Spin J, Langfelder P, et al. Gene coexpression network
topology of cardiac development, hypertrophy, and failure. Circulation Cardiovascular genetics. 2011;
4(1):26–35. doi: 10.1161/CIRCGENETICS.110.941757 PMID: 21127201; PubMed Central PMCID:
PMC3324316.

23. Dong J, Horvath S. Understanding network concepts in modules. BMC systems biology. 2007; 1:24.
doi: 10.1186/1752-0509-1-24 PMID: 17547772; PubMed Central PMCID: PMC3238286.

24. Yip AM, Horvath S. Gene network interconnectedness and the generalized topological overlap mea-
sure. BMC bioinformatics. 2007; 8:22. doi: 10.1186/1471-2105-8-22 PMID: 17250769; PubMed Central
PMCID: PMC1797055.

25. Langfelder P, Zhang B, Horvath S. Defining clusters from a hierarchical cluster tree: the Dynamic Tree
Cut package for R. Bioinformatics. 2008; 24(5):719–20. doi: 10.1093/bioinformatics/btm563 PMID:
18024473.

26. Kong A, Frigge ML, Masson G, Besenbacher S, Sulem P, Magnusson G, et al. Rate of de novo muta-
tions and the importance of father's age to disease risk. Nature. 2012; 488(7412):471–5. doi: 10.1038/
nature11396 PMID: 22914163; PubMed Central PMCID: PMC3548427.

27. Roach JC, Glusman G, Smit AF, Huff CD, Hubley R, Shannon PT, et al. Analysis of genetic inheritance
in a family quartet by whole-genome sequencing. Science. 2010; 328(5978):636–9. doi: 10.1126/
science.1186802 PMID: 20220176; PubMed Central PMCID: PMC3037280.

28. Wall JD, Tang LF, Zerbe B, Kvale MN, Kwok PY, Schaefer C, et al. Estimating genotype error rates
from high-coverage next-generation sequence data. Genome research. 2014; 24(11):1734–9. doi: 10.
1101/gr.168393.113 PMID: 25304867; PubMed Central PMCID: PMC4216915.

29. Roach JC, Glusman G, Hubley R, Montsaroff SZ, Holloway AK, Mauldin DE, et al. Chromosomal haplo-
types by genetic phasing of human families. American journal of human genetics. 2011; 89(3):382–97.
doi: 10.1016/j.ajhg.2011.07.023 PMID: 21855840; PubMed Central PMCID: PMC3169815.

30. Whirl-Carrillo M, McDonagh EM, Hebert JM, Gong L, Sangkuhl K, Thorn CF, et al. Pharmacogenomics
knowledge for personalized medicine. Clinical pharmacology and therapeutics. 2012; 92(4):414–7. doi:
10.1038/clpt.2012.96 PMID: 22992668.

31. Riggs ER,Wain KE, Riethmaier D, SavageM, Smith-Packard B, Kaminsky EB, et al. Towards a Univer-
sal Clinical Genomics Database: The 2012 International Standards for Cytogenomic Arrays (ISCA)
ConsortiumMeeting. Human mutation. 2013. Epub 2013/03/07. doi: 10.1002/humu.22306 PMID:
23463607.

32. Bell CJ, Dinwiddie DL, Miller NA, Hateley SL, Ganusova EE, Mudge J, et al. Carrier testing for severe
childhood recessive diseases by next-generation sequencing. Science translational medicine. 2011; 3
(65):65ra4. Epub 2011/01/14. doi: 10.1126/scitranslmed.3001756 PMID: 21228398.

33. Berg JS, AdamsM, Nassar N, Bizon C, Lee K, Schmitt CP, et al. An informatics approach to analyzing
the incidentalome. Genetics in medicine: official journal of the American College of Medical Genetics.
2013; 15(1):36–44. Epub 2012/09/22. doi: 10.1038/gim.2012.112 PMID: 22995991; PubMed Central
PMCID: PMC3538953.

34. Abecasis GR, Auton A, Brooks LD, DePristo MA, Durbin RM, Handsaker RE, et al. An integrated map
of genetic variation from 1,092 human genomes. Nature. 2012; 491(7422):56–65. Epub 2012/11/07.
doi: 10.1038/nature11632 PMID: 23128226; PubMed Central PMCID: PMC3498066.

35. Liu X, Jian X, Boerwinkle E. dbNSFP: a lightweight database of human nonsynonymous SNPs and
their functional predictions. HumMutat. 2011; 32(8):894–9. Epub 2011/04/27. doi: 10.1002/humu.
21517 PMID: 21520341; PubMed Central PMCID: PMC3145015.

36. Gonzalez-Perez A, Lopez-Bigas N. Improving the assessment of the outcome of nonsynonymous
SNVs with a consensus deleteriousness score, Condel. American journal of human genetics. 2011; 88
(4):440–9. Epub 2011/04/05. doi: 10.1016/j.ajhg.2011.03.004 PMID: 21457909; PubMed Central
PMCID: PMC3071923.

37. Bamshad MJ, Ng SB, Bigham AW, Tabor HK, Emond MJ, Nickerson DA, et al. Exome sequencing as a
tool for Mendelian disease gene discovery. Nature reviews Genetics. 2011; 12(11):745–55. Epub
2011/09/29. doi: 10.1038/nrg3031 PMID: 21946919.

38. Miller CL, Anderson DR, Kundu RK, Raiesdana A, Nurnberg ST, Diaz R, et al. Disease-related growth
factor and embryonic signaling pathways modulate an enhancer of TCF21 expression at the 6q23.2
coronary heart disease locus. PLoS genetics. 2013; 9(7):e1003652. doi: 10.1371/journal.pgen.
1003652 PMID: 23874238; PubMed Central PMCID: PMC3715442.

Sequence to Medical Phenotypes

PLOS Genetics | DOI:10.1371/journal.pgen.1005496 October 8, 2015 14 / 15

http://dx.doi.org/10.1093/nar/gkl842
http://www.ncbi.nlm.nih.gov/pubmed/17130148
http://dx.doi.org/10.1093/nar/gkq603
http://www.ncbi.nlm.nih.gov/pubmed/20601685
http://dx.doi.org/10.1161/CIRCGENETICS.110.941757
http://www.ncbi.nlm.nih.gov/pubmed/21127201
http://dx.doi.org/10.1186/1752-0509-1-24
http://www.ncbi.nlm.nih.gov/pubmed/17547772
http://dx.doi.org/10.1186/1471-2105-8-22
http://www.ncbi.nlm.nih.gov/pubmed/17250769
http://dx.doi.org/10.1093/bioinformatics/btm563
http://www.ncbi.nlm.nih.gov/pubmed/18024473
http://dx.doi.org/10.1038/nature11396
http://dx.doi.org/10.1038/nature11396
http://www.ncbi.nlm.nih.gov/pubmed/22914163
http://dx.doi.org/10.1126/science.1186802
http://dx.doi.org/10.1126/science.1186802
http://www.ncbi.nlm.nih.gov/pubmed/20220176
http://dx.doi.org/10.1101/gr.168393.113
http://dx.doi.org/10.1101/gr.168393.113
http://www.ncbi.nlm.nih.gov/pubmed/25304867
http://dx.doi.org/10.1016/j.ajhg.2011.07.023
http://www.ncbi.nlm.nih.gov/pubmed/21855840
http://dx.doi.org/10.1038/clpt.2012.96
http://www.ncbi.nlm.nih.gov/pubmed/22992668
http://dx.doi.org/10.1002/humu.22306
http://www.ncbi.nlm.nih.gov/pubmed/23463607
http://dx.doi.org/10.1126/scitranslmed.3001756
http://www.ncbi.nlm.nih.gov/pubmed/21228398
http://dx.doi.org/10.1038/gim.2012.112
http://www.ncbi.nlm.nih.gov/pubmed/22995991
http://dx.doi.org/10.1038/nature11632
http://www.ncbi.nlm.nih.gov/pubmed/23128226
http://dx.doi.org/10.1002/humu.21517
http://dx.doi.org/10.1002/humu.21517
http://www.ncbi.nlm.nih.gov/pubmed/21520341
http://dx.doi.org/10.1016/j.ajhg.2011.03.004
http://www.ncbi.nlm.nih.gov/pubmed/21457909
http://dx.doi.org/10.1038/nrg3031
http://www.ncbi.nlm.nih.gov/pubmed/21946919
http://dx.doi.org/10.1371/journal.pgen.1003652
http://dx.doi.org/10.1371/journal.pgen.1003652
http://www.ncbi.nlm.nih.gov/pubmed/23874238


39. Vissers LE, de Ligt J, Gilissen C, Janssen I, Steehouwer M, de Vries P, et al. A de novo paradigm for
mental retardation. Nature genetics. 2010; 42(12):1109–12. doi: 10.1038/ng.712 PMID: 21076407.

40. O'Roak BJ, Deriziotis P, Lee C, Vives L, Schwartz JJ, Girirajan S, et al. Exome sequencing in sporadic
autism spectrum disorders identifies severe de novo mutations. Nature genetics. 2011; 43(6):585–9.
doi: 10.1038/ng.835 PMID: 21572417; PubMed Central PMCID: PMC3115696.

41. WuG, Ai T, Kim JJ, Mohapatra B, Xi Y, Li Z, et al. alpha-1-syntrophin mutation and the long-QT syn-
drome: a disease of sodium channel disruption. Circulation Arrhythmia and electrophysiology. 2008; 1
(3):193–201. doi: 10.1161/CIRCEP.108.769224 PMID: 19684871; PubMed Central PMCID:
PMC2726717.

42. Ueda K, Valdivia C, Medeiros-Domingo A, Tester DJ, Vatta M, Farrugia G, et al. Syntrophin mutation
associated with long QT syndrome through activation of the nNOS-SCN5Amacromolecular complex.
Proceedings of the National Academy of Sciences of the United States of America. 2008; 105
(27):9355–60. doi: 10.1073/pnas.0801294105 PMID: 18591664; PubMed Central PMCID:
PMC2442127.

43. Cheng J, Van Norstrand DW, Medeiros-Domingo A, Valdivia C, Tan BH, Ye B, et al. Alpha1-syntrophin
mutations identified in sudden infant death syndrome cause an increase in late cardiac sodium current.
Circulation Arrhythmia and electrophysiology. 2009; 2(6):667–76. doi: 10.1161/CIRCEP.109.891440
PMID: 20009079; PubMed Central PMCID: PMC2810855.

44. Dewey FE, Grove ME, Pan C, Goldstein BA, Bernstein JA, Chaib H, et al. Clinical interpretation and
implications of whole-genome sequencing. JAMA: the journal of the American Medical Association.
2014; 311(10):1035–45. doi: 10.1001/jama.2014.1717 PMID: 24618965; PubMed Central PMCID:
PMC4119063.

Sequence to Medical Phenotypes

PLOS Genetics | DOI:10.1371/journal.pgen.1005496 October 8, 2015 15 / 15

http://dx.doi.org/10.1038/ng.712
http://www.ncbi.nlm.nih.gov/pubmed/21076407
http://dx.doi.org/10.1038/ng.835
http://www.ncbi.nlm.nih.gov/pubmed/21572417
http://dx.doi.org/10.1161/CIRCEP.108.769224
http://www.ncbi.nlm.nih.gov/pubmed/19684871
http://dx.doi.org/10.1073/pnas.0801294105
http://www.ncbi.nlm.nih.gov/pubmed/18591664
http://dx.doi.org/10.1161/CIRCEP.109.891440
http://www.ncbi.nlm.nih.gov/pubmed/20009079
http://dx.doi.org/10.1001/jama.2014.1717
http://www.ncbi.nlm.nih.gov/pubmed/24618965

