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Outline	

•  WHY	genomics	in	clinic?	
•  WHAT	is	Clinical	Genomics	

– Steps	involved	in	Clinical	Genomics	
– Ever	increasing	bioinforma=cs	tool	set	

•  HOW	to	be	a	good	clinical	bioinforma=cist	
– Skills	to	develop	
– Compliance	
– Resources	



Let	us	begin	with	a	story	……	



Baby	admiSed	
to	regional	
Level	4	NICU	



Rady	Children’s	Hospital	Baby	6026	
•  2	month	old	admiSed	to	PICU	with	severe	

jaundice	&	poor	weight	gain		for	1	month	

•  Weight	0.05%ile	

•  Acido=c,	tachypneic	

•  Echo:	Congenital	heart	disease,	
underdeveloped	pulmonary	arteries	

•  Clinical	diagnosis:	biliary	atresia	
–  Incidence	1	in	10,000	

•  Empiric	treatment:	Kasai	procedure	
–  Prognosis	worsens	with	=me	to	surgery	

•  Liver	biopsy	not	diagnos=c:	giant	cell	
hepa==s,	sample	too	small	to	count	bile	
ducts	



43	Hours	Later:	Provisional	Diagnosis	
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JAG1:	Alagille	Syndrome	Gene	
Jaundice,	bile	duct	paucity	on	liver	biopsy;	

congenital	heart	disease,	primarily	
involving	the	pulmonary	arteries	

3	million	base	pair	heterozygous	dele=on	



Clinical	Impact	&	Outcome	

•  Kasai	procedure	and	
intraopera=ve	
cholangiogram	scheduled	
at	11:00	am		

•  Gene=c	diagnosis	
communicated	to	clinical	
team	just	before	
opera=on	–	procedure	
cancelled	

•  Studies	have	shown	kids	
with	Alagille	Syndrome	w/
o	Kasai	have	50%	
decrease	in	mortality	

“Infants	with	Alagille	 syndrome	are	
occasionally	 misdiagnosed	 as	
biliary	 atresia	 and	 subsequently	
undergo	 Kasai	 opera?on	 during	
infancy.	
	
Among	 	 15	 children	 with	 Alagille	
syndrome,	 mortality	 was	 60%	
among	 the	 Kasai	 group,	 and	 10%	
among	 the	 non-Kasai	 group	 .	
Liver	transplanta?on	was	performed	
in	100%	of	the	Kasai	group,	and	20%	
of	the	non-Kasai	group.”	



On an Average Day in the US... 

10,926 

Births 

437 

Babies born with 1 of 
8,000 genetic diseases 

64 

Babies die before 
1st birthday 



Children	with	
Severe	Chronic	
Illness	

	
High	Risk		
Children	

	
Healthy		
Children	

%	Cost	 %	Children	

76%	

14%	

10%	

10%	

20%	

70%	

0.025	QALYs	

2.9	QALYs	

0.29	QALYs	



Interim empirical 
treatment 

Improvement or 
worsening 

Modify 
treatment 

Search for 
etiologic 

diagnosis  

Baby born in 
community hospital 
Acutely ill 
Transferred to 
regional NICU 

Discharged home 
Palliative care 
Death 

On an Average Day... 



 24% improved outcome 
75% shorter hospital stay 
 85% decrease in cost 

...Rady Children’s Hospital – San Diego 

Rapid Whole 
Genome 

Sequencing 

Rapid 
Precision 
Medicine 

Baby born in 
community hospital 
Acutely ill 
Transferred to 
regional NICU 

40%	rapid	
diagnoses	

76%	
precision	
medicine	

77%	
improved	
outcome	

75%	reduc=on	in	healthcare	u=liza=on	
85%	reduc=on	in	cost	

Based	off	first	42	babies	seen	



Illumina HiSeq DNA extraction
Sample 

collection

Variant 
interpretation & 

Clinical reporting

Bioinformatic Analysis

DNA library prep

“Core”	genomics	workflow	

Deep	Phenotype	
Data	



~1	million	BCL	files/
run	(flowcell)	
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Variant Call 

File

Annotation, 
Prioritization 

and 
Interpretion

Genome sequencingDNA extractionSample collectionPatient enrollment

Biological	

Library prep

Clinical	

Genomics	workflow	
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Illumina HiSeqDNA extractionSample collectionPatient Ascertainment  
& Enrollment

Library prep

3rd	party	
Sequencing	

High	speed	
storage	

Stream	raw	BCL	

Raw	VCF	

Drug	design	

Variant 
database & BI

Variant 
interpretation & 

Clinical 
reporting

Object	storage	

Clinical 
Feature 

Extraction 
Raw	BCL	data	

Aged	BAMs	migrated	

Phenotype	
data	

Bioinformatic Analysis

Upload	FASTQs	

VCF	data	aggrega=on	

Annota=on	and	sign-out	info	

High-performance	compute	cluster	

PDF	report	
Biomarkers	

Upload	for	SV,	CNV	analysis	

Download	
FASTQs	

Sanger	Confirma=on	

BAM	

Archive	











Kinds	of	data	analy=cs	

•  Single	pa=ent	level:		
–  what	gene=c	varia=on	could	be	causa=ve	of	XYZ	clinical	
presenta=ons	

•  Popula=on	level:	
–  How	frequent	is	varia=on	XYZ	in	Hispanic	popula=on	
– What	kinds	of	gene=c	varia=on	do	we	typically	observe	for	
pa=ents	who	have	XYZ	types	of	clinical	presenta=ons	

–  Give	me	all	pa=ents	with	ABC	phenotype	and	PQR	genotype	
(gene=c	varia=on)	

– What	gene=c	varia=on	co-occur	in	LMN	disease	





Twins	wrongly	
diagnosed	with	cerebral	
palsy		at	age	2	

Beery	twins,	Age	14,	2010	@	Baylor	
College	of	Medicine,	Houston,	TX		

Low	dopamine	levels	

2	yrs	later,	aver	mul=ple	
interven=ons	

9	yrs	

2009,	
Cough	+	
breathing	
problems	

dopa-responsive	dystonia	

Muta=ons	in	a	gene	called	SPR	that	encodes	the	
enzyme	sepiapterin	reductase,	which	was	previously	
linked	to	some	cases	of	dopa-responsive	dystonia	

2011,	Sequencing	

Alexis	and	Noah,	born	1996	

Colic	???	

Twins	sleep	
through	the	
night	for	the	
first	=me	in	
their	lives!	

affect	not	only	dopamine	but	also	serotonin	produc=on	

hSps://www.youtube.com/watch?v=yUQFHecs8EQ	
Dr.	Jennifer	Friedman	



Usual	suspects	

Rare	Variants	







Common	Bioinforma=cs	Steps	



Bioinforma=cs	Pipeline	

Mapping	

• BWA	
• Alignment	to	GRCh37	

BAM	
finishing	

• Sambamba	
• PCR	de-duplica=on	

Variant	
Calling	

• Platypus	
• SNV	and	INDEL	

Annota=on	

• VEP	
• dbSNP,	HGMD,	OMIM,	etc		

Variant	
Priori=za=on	

• Mendelian	filtering	
• Phenome	+	Variome	

SV	
analysis	

Compute cluster



Common	Bioinforma=cs	Steps	

•  Note	
– We	will	keep	things	simple	
– Many	nuances	and	side	paths,	but	lets	not	get	
distracted	

– We	will	not	get	into	algorithms	or	underlying	
math	

– We	will	not	be	afraid	of	the	command	line		



Mapping	



FASTQ 

BAM 
FASTQ 

Aligner	



Many	mapping	tools	out	there….	





Here’s	what	a	BAM	looks	like	



Here’s	what	a	BAM	really	looks	like	



Here’s	how	a	BAM	can	be	beSer	visualized	

Coverage	track	 Reads	pile	up	

hSp://sovware.broadins=tute.org/sovware/igv/book/export/html/6	





Variant	
Calling	



BAM Variant	Caller	



Many	Variant	Calling	tools	out	there….	
•  GATK	
•  Platypus	
•  Varscan2	
•  Atlas2	
•  Senteion	
•  FreeBayes	
•  SNVer	
•  SAMtools	
•  VarDict	
•  LoFreq	
•  ……….	





Some	of	the	genomic	ar=facts	that	
influence	variant	calling	

•  Coverage	at	that	par=cular	base	
•  Coverage	around	that	par=cular	base	
•  Base	quality	at	that	par=cular	base	
•  Base	quality	around	that	par=cular	base	
•  Strandedness	–	is	there	enough	support	in	the	
“forward”	and	“reverse”	strands	

•  	Variant	ra=o	=	#	of	variant	reads/#	of	
reference	reads	



Here’s	what	a	VCF	file	looks	like	





Format	 Genotype	



Now	we	have	the	capability	
to	evaluate	the	quality	of	

sequencing	and	
bioinforma=c	analyses	



Utah	trio	(NA12878)	Bioinforma=cs	
CORIELL	TRIO	1	(UTAH	TRIO)	 NA12878-proband	 NA12891-dad	 NA12892-mom	 UNITS	 REFERENCE	RANGE	
	Sex	 F	verified	 M	verified	 F	verified	 		 trio	order	verified	
	Yield:	raw/bulk	 201.5	 141.1	 161.4	 Gbp	 >	180	

%	mapped				 99.24%	 99.11%	 99.15%	 pct	 98-100	
%	duplicates		 8.82%	 7.83%	 8.17%	 pct	 <	15%	
Yield	 181.9	 128.8	 146.8	 Gbp	 >	130	
Insert	size:	Mean	+/-	std.dev	 388.2	+/-	84.1	 400.0	+/-	87.8	 393.3	+/-	85.3	 bp	 300-480	

	Average	and	median	coverage	across	genome		 55.0	 39.0	 43.0	 x	 >	40	
Average	coverage	over	OMIM	genes				 59.0	 42.0	 47.0	 x	 >	40	
#	of	OMIM	genes	with	coverage	at	<10X		(and	list)		 249	 359	 260	 ENST	 <	2%	(282)	
#	of	OMIM	genes	with	100%	coverage	at	>=10X				 98.2%	 97.5%	 98.2%	 pct	 >	98%	
#	of	OMIM	genes	with	100%	coverage	at	>=20X				 97.7%	 91.9%	 96.9%	 pct	 >	94%	
#	of	OMIM	genes	with	100%	coverage	at	>=30X				 95.8%	 56.1%	 83.1%	 pct	 >	80%	
#	of	genes	with	100%	coverage	at	>=40X				 81.5%	 7.3%	 23.8%	 pct	 		

	Variahon	(VCF)	metrics	 		 		 		 		
#	of	calls		Total		 4850124	 4783261	 4841927	 2.5-6.0M	
#	of	PASS	calls				 4782957	 4692663	 4758545	 2.5-6.0M	
#	of	calls	Total	coding		 27117	 26583	 26730	 25000-30000	
Total	#	of	SNVs				 3989749		[82.26%]	 3953443		[82.65%]	 3996596		[82.54%]	 		
Total	#	of	Indels				 860375			[17.74%]	 829818			[17.35%]	 845331			[17.46%]	 		
Hom/Het	ra=o			(in	coding	regions)	 0.58	(0.60)	 0.58	(0.59)	 0.58	(0.59)	 ra=o	 0.5-0.61	
Ti/Tv	ra=o		(in	coding	regions)	 2.00	(2.86)	 2.00	(2.89)	 2.01	(2.88)	 ra=o	 2-2.2	(2.8-3)	
#	of	het	calls		(#	of	hom	call)		 3087082	(1763042)	2980726	(1802535)	3085568	(1756359)	 units	 		
In-silico	sample	swap	check		 PASS	 PASS	 PASS	 Mendelian	test	
Automated	upload	of	VCF	to	Omicia	 PASS	 PASS	 PASS	 		

Precision	metrics	compared	to	GIAB:	total	(on	SNPs)	 0.9895	(0.9915)	 n/a	 n/a	 GIAB	only	available		
Sensihvity	metrics	:	total	(on	SNPs)	 0.9947	(0.9975)	 n/a	 n/a	 for	NA12878	
Update	LIMS		 TBD	 TBD	 TBD	 		 		
Download	annotated	VCF	to	RCI					 N/A	 N/A	 N/A	 		 		



Just	a	slight	detour	…..	











Back	to	our	bioinforma=cs	pipeline….	



Annota=on	



Integrate	info	from	mul=ple	
public	and	private	data	bases	



Variant	Annota=on	Sources	

Annotation Engine Input 
VCF 

Output 
VCF 

Swiss-Prot 

Complete 
Genomics 

MAF 

dbSNFP 

dbSNP 

NHLBI Exome 
Sequencing 
Project 5400  

HGMD 

1000 
Genomes 
Phase1 

Mappability 
Score 

SAMtools mpileup 
string 

In-house DB 
of variants 

ANNOVAR 

UCSC 
genes 

RefSeq 
genes 



Variant	Annotator	



Exome Coverage and Identification 
(ExCID) Report	

ExCID	has	a	visualiza=on	component	which	allows	the	user	to	see	
coverage	across	a	region	of	interest	and	correlate	that	with	
por=ons	of	the	exon	target	informa=on	and	regions	of	expected	
coverage	loss.	
	

Expected	cov	
loss	

Exome	Coverage	

VCRome	Target	



Annotated	func=onal	mo=fs	



Regulatory	Domain	

•  Promoter	
•  UTR3	
•  UTR5	
•  Enhancer	



Regulatory	Domain	Annota=on	
All	SNVs	–	annotated	using	the	WGSA	pipeline,	version	05	
(Liu	et	al.	2016).		
	
•  Promoter	–	based	on	the	overlap	between	the	
permissive	set	of	Cap	Analysis	of	Gene	Expression	
(CAGE)	peaks	in	FANTOM5	data	(FANTOM	Consor=um	
and	the	RIKEN	PMI	and	CLST	(DGT)	2014)	and	the	5	kb	
upstream	region	(ANNOVAR(Wang	et	al.	2010)	
annota=on,	refSeq	gene	model	-	upstream).		

•  UTR3'	–	if	variant	overlaps	a	3'	untranslated	region	
(ANNOVAR	annota=on,	RefSeq	gene	model	–	UTR3).	

•  UTR5'	–	if	variant	overlaps	a	5'	untranslated	region	
(ANNOVAR	annota=on,	RefSeq	gene	model	–	UTR5).	



Enhancer	

The	enhancers	and	the	target	genes	of	the	
enhancers	were	defined	based	on	the	
permissive	set	of	enhancers	and	enhancer-
promoter	pairs	reported	by	the	FANTOM5	
project	(Andersson	et	al.	2014).		



Mul=ple	assignment	of	SNVs		

Among	770,137	SNVs	 (MAF<0.05)	annotated	 to	
regulatory	domain	(MAC>3)	in	AA	(ARIC),		
11.39%	SNVs	(87,718	variants)	were	assigned	to	
more	than	1	gene.	
	
	
	

​𝑈𝑛𝑖𝑞𝑢𝑒 𝑆𝑁𝑉𝑠 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑔𝑒𝑛𝑒𝑠 /
𝑈𝑛𝑖𝑞𝑢𝑒 𝑆𝑁𝑉𝑠 = ​87,718/770,137 =0.1139


	
	



If	SNV	has	mul=ple	gene-based	annota=ons	due	to	
overlapping	genes,	the	most	“deleterious”	consequence	
(reported	by	ANNOVAR	using	the	RefSeq	gene	model)	is	
used,	based	on	the	following	order:		

cRNA_splicing	 ncRNA_exonic	 upstream	 intronic	

synonymous	 exonic	 UTR5	 UTR3	

stopgain	 splicing	 stoploss	 non-
synonymous	

ncRNA_intronic	 downstream	 intergenic	 unknown	



Mul=ple	SNV	assignment:	examples	
1:10003077	and	1:10003539	
	
	
	
1:100598518	and	1:100614563		

-  Signifies	which	variant	would	have	been	chosen,	if	each	SNV	was	assigned	to	be		
“unique”	to	one	regulatory	unit.	



More	examples	
1:101702176,	1:101702359,	1:101702566,	1:101705827	
	
	
	
	
1:10695323	



…	and	one	more	

1:104097688	
	



Break	



Variant	Filtering		
and		

Priori=za=on	



Priori=za=on	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	



Priori=za=on	–	Genome	Based	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	



Mendelian	Filter	
Example	filtering	workflow		

File.tsv	

SNP	 INDEL	

HGMD	variant	class	(any)	or	dbSNP	clinical	variant	
value	between	8	and	3	

Does	the	Annovar	
descrip=on	of	the	SNP	

consequence	on	UCSC	or	
Refseq	genes	contain	the	
following	words:’splic’,	
'nonsynonymous'	'stop’		

SNP	freq	<	0.05	in	
ExAC	African	and	

European	
popula=ons	and	<	
0.05	in	1000G		

Passing	variant?	

yes	

no	

Reject	

no	

yes	

yes	

yes	

HGMD	variant	class	(any)	

Does	the	Annovar	descrip=on	
of	the	SNP	consequence	on	
UCSC	or	Refseq	genes	contain	
the	following	words:’frame’,	
'nonsynonymous'	'stop’,’splic’	

freq	<	0.05	in	1000	
Genomes	

no	

yes	

yes	

yes	

Do	the	‘splicing’	indels	disrupt	
canonical	splice	sites	in	introns	

>	7bp?	

freq	<	0.02	in	1000	
Genomes?	

yes	

SNP	freq	<	0.01	in	ExAC	
African	and	European	

popula=ons	and	<	0.01	in	
1000G		

Reject	

no	
Reject	

no	

Reject	

no	

Reject	

no	Reject	

no	

Reject	

no	

yes	

Passing	variant?	

yes	

Reject	

no	



File.tsv.all.tsv	

File.tsv.all.tsv.ih	 File.tsv.all.tsv.ih.xls	

File.tsv.all.tsv.ih.aricfilt	

File.tsv.all.tsv.ih.aricfilt.xls	

Is	the	HGMD	variant	class	one	of:	
DP','DM','DF,'DFP'?	

Is	the	'ARIC'	score	>	120?	

Mendelian	Filtering	
Secondary	filtering	

File.tsv	

Add	gene	annota=on:			HDMD,	OMIM	

Add	inheir	and	inheir			loca=on	fields	

Add	ARIC					data	

Reformat	

Reformat	

yes	

yes	

no	

Reject	
no	

Baylor	College	of	Medicine,	Houston	
Human	Genome	Sequencing	Center	



Priori=za=on	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	



Phenotype	Based	Priori=za=on	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	



The	Human	Phenotype	Ontology	
(HPO*)	

www.human-phenotype-ontology.org	

•  The	HPO	provides	a	standardized	
vocabulary	of	phenotypic	abnormali=es	
encountered	in	human	gene=c	
syndromes	

	
•  Phenotypic	features	are	formally	

represented	as	terms	of	a	directed	acyclic	
graph:	

–  Terms	are	related	to	parent	terms	by	„is	a“	
relahonships,	represenhng	subclasses	of	more	
general	parent	terms	

–  Mulhple	parentage	allows	the	representahon	of	
different	aspects	of	phenotypic	abnormalihes	

*	Robinson	P,	Köhler	S,	Bauer	S,	Seelow	D,	Horn	D,	Mundlos:	The	Human	Phenotype	Ontology:			
A	Tool	for	annota=ng	and	analyzing	human	hereditary	disease,	Am	J	Hum	Genet.	2008	Nov	



•  The	importance	of	a	clinical	phenotypic	
finding	of	the	differen=al	diagnosis	
depends	on	its	specificity	

	
•  The	specificity	of	a	phenotypic	feature,	

t,		is	represented	by	its	informa=on	
cotent	(IC),	defined	as	nega=ve	natural	
logarithm	of	its	frequency	of	
occurrence:	

•  The	similarity	between	two	terms	t1	
and	t2	is	defined	as	the	IC	of	their	most	
specific	common	ancestor:	

Using	the	HPO	to	calculate	
	Phenotypic	Similarihes	

)(ln)( tptIC −=

( ))(lnmax),(
),(21
21

apttsim
tta
−=

Α∈



•  Term	similarity	measures	may	be	
used	to	compute	similarity	scores		
between	gene=c	syndromes	or	
phenotypic	feature	query	sets:	

Ontological	Similarity	Search	

⎥
⎦

⎤
⎢
⎣

⎡
=→ ∑

∈
∈

)),((max)(
1

2
21 ji

Dt Dt
ttsimavgDDsim

i
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The	Phenomizer*:	A	Tool	for	Diagnoshcs	
hrp://compbio.charite.de/Phenomizer/Phenomizer.html		

Köhler	S,	Schulz	M,	Krawitz	P,		Bauer	S,	Dölken	S,	Or	C,	Mundlos	C,	Horn	D,	Mundlos	S,	Robinson	PN:		
Clinical	Diagnos=cs	in	Human	Gene=cs	with	Seman=c	Similarity	Searches	in	Ontologies,	Am	J	Hum	Genet.	2009	Sep.	



Köhler	S,	Schulz	M,	Krawitz	P,		Bauer	S,	Dölken	S,	Or	C,	Mundlos	C,	Horn	D,	Mundlos	S,	Robinson	PN:		
Clinical	Diagnos=cs	in	Human	Gene=cs	with	Seman=c	Similarity	Searches	in	Ontologies,	Am	J	Hum	Genet.	2009	Sep.	

The	Phenomizer*:	A	Tool	for	Diagnoshcs	
hrp://compbio.charite.de/Phenomizer/Phenomizer.html		



Deep	Phenotype	
Data	



Phenomizer	or	Phenolyzer	



•  The	raw	similarity	score	S	depends	on	the	
number	and	specificty	of	terms	both	of	the	query	
Q	and	of	the	diseases	D	represented	in	the	
database	

•  The	distribu=on	of	similarity	scores	can	be	used	
to	obtain	the	significance	of	search	results	

•  The	P-value	for	the	null	hypothesis	that	a	
similiarty	score	of	S	or	greater	for	a	set	of	query	
terms	Q	and	a	disease	D	has	been	observed	by	
chance	is	defined	as:	

	

P-value	Calculahon	

queriespossibleofnumbertotal
SDQsimthatsuchqueriesofnumberSsP ≥

=≥
),()(



Priori=za=on	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	



Now	we	have	a	“reportable”	variant	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	

Reportable	
Variant	



ACMG	Guidelines	

hrps://www.acmg.net/docs/Standards_Guidelines_for_the_Interpretahon_of_Sequence_Variants.pdf	



(i)  1	Very	strong	(PVS1)	AND		
(a)  ≥1	Strong	(PS1–PS4)	OR		
(b)  ≥2	Moderate	(PM1–PM6)	OR		
(c)  1	Moderate	(PM1–PM6)	and	1	suppor=ng	

(PP1–PP5)	OR		
(d)  ≥2	Suppor=ng	(PP1–PP5)		

(ii)  	≥2	Strong	(PS1–PS4)	OR	
(iii)  1	Strong	(PS1–PS4)	AND	 		

(a)≥3	Moderate	(PM1–PM6)	OR		
(b)2	Moderate	(PM1–PM6)	AND	≥2	Suppor=ng	
(PP1–PP5)	OR		
(c)1	Moderate	(PM1–PM6)	AND	≥4	suppor=ng	
(PP1–PP5)	

Pathogenic	

(i)  1	Very	strong	(PVS1)	AND	1	moderate	(PM1–	
PM6)	OR		

(ii)  1	Strong	(PS1–PS4)	AND	1–2	moderate	(PM1–
PM6)	OR		

(iii)  1	Strong	(PS1–PS4)	AND	≥2	suppor=ng	(PP1–
PP5)	OR		

(iv)  ≥3	Moderate	(PM1–PM6)	OR		
(v)  2	Moderate	(PM1–PM6)	AND	≥2	suppor=ng	

(PP1–PP5)	OR		
(vi)  1	Moderate	(PM1–PM6)	AND	≥4	suppor=ng	

(PP1–PP5)	

Likely	pathogenic		

(i)  1	Stand-alone	(BA1)	OR		
(ii)  ≥2	Strong	(BS1–BS4)	

Benign		

Likely	benign	

(i)  1	Strong	(BS1–BS4)	and	1	
suppor=ng	(BP1–	BP7)	OR		

(ii)  ≥2	Suppor=ng	(BP1–BP7)	

Uncertain	significance	

(i)  Other	criteria	shown	above	are	not	
met	OR		

(ii)  the	criteria	for	benign	and	
pathogenic	are	contradictory	







Fortunately…	

•  hSp://www.medschool.umaryland.edu/
Gene=c_Variant_Interpreta=on_Tool1.html/	



What	if	you	are	unlucky?	

Clinical	phenotypes	->	Disease	->	Genes	

Genome	->	Variants	->	Genes	

Candidate	
variants	









Just	the	start…….	
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