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Soma*c	SNV	and	Indel	Discovery	

New	in	GATK	3.5	–	MuTect2	beta	



Soma*c	variant	discovery	with	GATK	

1.  Cancer	background	refresher	
2.  Cross	sample	contamina*on	es*ma*on	with	ContEst	
3.  SNV	and	indel	calling	with	MuTect2	
4.  [Copy	number	altera*on	calling	with	CNV]	next	talk	
	



SOMATIC	VARIANT	DISCOVERY	
A	REFRESHER	ON	CANCER	BACKGROUND	



•  iCoMut	plot	from	Firebrowse	
for	brain	lower	grade	glioma	

	
•  Pa*ents	lacking	characteris*c	

muta*ons	in	IDH1/2,	TP53	and	
ATRX	have	increased	focal	copy	
number	altera*ons	

•  Cancer	analysis	must	take	into	
account	a	wide	spectrum	of	
altera*ons		

A	cancer’s	genomic	altera*ons	are	mul*layered	



Some	ballpark	metrics	for	cancer	muta*ons	

Spectral	karyotyping	paints	each	chromosome	pair	with	a	color	

Breast	cancer	cell	line	HCC1954	Normal	cell	

per	genome	(3	x	109	bp)	 per	Mbp	 somaFc	alteraFon	type	 acronym	

1000s	to	10,000s		 **1**	
(0.33	to	>1000)	

single	nucleo*de	 SNV	

100s	to	1,000s		 <	1		 small	inser*ons	&	dele*ons		 Indel	

100s	to	1,000s		 <	1	 structural	 SV	

100s	to	1,000s		 <	1	 copy	number	 CNA	or	CNV	

h^p://old-www.path.cam.ac.uk/~pawefish/BreastCellLineDescrip*ons/HCC1954.html	

Lawrence	et	al.	Nature	2013		



Cancer	
determinants	

Germline	varia*on	

Normal	

Soma*c	altera*ons	

Tumor	

High	penetrance	genes	

Metabolic	&	immunologic	polymorphisms	

Lifestyle	factors	

Environment	

Infec*ous	agents	

<	5%	

Having	a	cohort	of	matched	sets	empowers	detecFon	of	driver	mutaFons	

Age	&	aging	
Epigene*cs		

Sex	

Cohorts	of	paired	data	to	detect	drivers	of	cancer	

Tissue	



A.  Above	plus	
B.  Purity:	contamina*on	of	N/T,	T/N		
C.  Tumor	heterogeneity	
D.  Muta*on	spectrum:	chromothripsis,	aneuploidy,	CNVs,	SVs	(>100bp),	indels	

(<100bp),	LOH	(loss	of	heterozygosity),	SNVs		

processing	
+	analysis	

signal	

noise	

signal	

N	

T	

	sample	prep	arFfacts 	 	sample	swaps	 	depth	limitaFons	
	 	 	batch	effects 	 	 	 	mapping	arFfacts	
	 	contaminaFon 	sequencer	arFfacts	 	sample	swaps	

Cancer-specific	challenges	confound	analyses	

x	

increases	need	for	sensiFvity	

germ	

noise	 calls	for	varied	tools	



TUMOR	

NORMAL	

ARTIFACT	 GERMLINE	EVENT	

At	risk	 Every	base		 ~1667	germline	variants	/	Mbp	

Source	
•  Misread	bases	
•  Sequencing	ar*facts	
•  Misaligned	reads	

•  Low	coverage	in	NORMAL	

SoluFons	 filters,	Panel	of	Normals	(PoN)	 dbSNP,	ExAC,	COSMIC,	PoN	

Soma*c	point	muta*ons	occur	~1	/	Mbp	

The	1000	Genomes	Project	Consor*um,	Nature	2015.	A	global	reference	for	human	geneGc	variaGon.	
Exome	Aggrega*on	Consor*um	<ExAC.broadinsGtute.org>	

False	posi*ves	come	from	ar*facts	and	germline	varia*on	



Adopted	from	h^ps://science.educa*on.nih.gov/supplements/nih1/cancer/guide/understanding1.html	

Tumor	samples	are	heterogeneous	and	omen	contain	normal	cells	

Tissue-adjacent	Normal	

Tumor	Sample	

Blood	Normal	

cancer	

**	

			*				*		

			*			

**"

normal	

dysplasFc	

Tumor	heterogeneity	is	based	on	polygenomic	
popula*ons,	segregated	or	intermixed,	due	to	ongoing	
subclonal	evolu*on.	

	
	

(tumor	cells)	
(normal	+	tumor	cells)	

Tumor	purity	=	

Muscle	cell	biopsies	good	as	Normal	bc	these	cells	divide	very	slowly	if	at	all.	Fat	cells	too.	



Mul*ple	metrics	measure	callset	quality	

2500	

5000	 1500	

3x109-9000	

7500	

6500	

Adapted	from	Wikipedia	

Metric	 DefiniFon	 Example	

SensiFvity	

Specificity	

Precision	

FPR	
FP/[TN+FP]	

Balanced	
accuracy	 [Sensi*vity	+	

Precision]	/	2	 [77%	+	67%]/2	=	72%	

TP	

TP+FP	

5000	
6500	

=	77%	

TP	

FN+TP	
5000	
7500	

=	67%	

TN	

FP+TN	
3E9	-	9000	
3E9	-	7500	

=	99.99995%	

FP	

FP+TN	

0.5	FP	muta*ons	/	Mbp	

To	detect	soma*c	muta*ons,	we	need	highly	sensi*ve	&	specific	muta*on	callers	

TP	

TP+FP	



Mul*ple	metrics	measure	callset	quality	

Adapted	from	Wikipedia	<h^ps://en.wikipedia.org/wiki/Receiver_opera*ng_characteris*c>	

Metric	 DefiniFon	 Impact	

SensiFvity	

Greater	sensi*vity	increases	
false	posi*ves	

Specificity	

Greater	specificity	increases	
false	nega*ves	(decreases	

true	posi*ves)	

TP	

FN	+	TP	

TN	

FP	+	TN	

To	detect	soma*c	muta*ons,	we	need	highly	sensi*ve	&	specific	muta*on	callers	

test	sta*s*c	

✗	 ✓	

ý	 þ	

specificity	sensiGvity	é	 é	

Take	these	and	apply	filters	to	remove	FPs		



GATK	workflow	for	soma*c	SNV	and	Indel	detec*on	

Raw Reads

Per-sample pre-

processed reads

Indel Realignment

Base Recalibration
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& Sort (Picard)

SNV & Indel Calling 

Map to Reference

BWA mem

Data pre-processing Cancer-specific processing>> >> Somatic alteration detection

N
T

T N
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blacklist

 Additional Filtering

Analysis-Ready 
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CONTAMINATION	ESTIMATION		
FOR	CROSS-SAMPLE	CONTAMINATION	

T N
Individually processed
T/N Pair Reads

Contamination
Estimate

Contamination Estimation 
ContaminationWalker (ContEst)

Population
Genotypes

Array
Genotype



Low	levels	of	cross-sample	contamina*on	is	common	

•  ContEst	performs	cross-sample	contamina*on	estima*on	
–  Not	intended	for	stromal	nor	cross-species	contamina*on	

•  Accurate	es*mates	even	with	low	average	coverage	(<	5x)	for	WES	and	WGS	
•  Determine	%	contamina*on	of	input	bam	by	sample,	by	lane	or	in	aggregate	across	all	

reads	
•  Output	is	text	file	of	es*mated	percent	contamina*on	and	95%	confidence	interval	

Cibulskis	et	al.	BioinformaGcs	2011 		bioinforma*cs.oxfordjournals.org/content/27/18/2601	

cross-sample	contaminaFon	from	
other	individuals	

TCGA	Ovarian	cohort	~10%	samples	have	>	1.5%	
contaminaFon	(N=206)	

Errors	per	sample	 ~0.2	errors	/	Mbp	

Soma*c	point	muta*on	rate	=	1	/	Mbp	

FracFon	false	posiFves	 ~20%	



Contaminant	sites	vary	from	pa*ent	homozygous	sites	

populaFon	variant	sites	

paFent	variant	sites	

paFent		
homozygous	variant	sites	

paFent	tumor	
non-hom-var	sites	
à	contaminant	

Genotype	from	array	

•  Popula*on	file	to	pick	a	limited	#	of	variant	sites	(uniform	priors)	
•  Use	subset	homozygous	variant	in	pa*ent	

–  Use	genotype	from	matched	normal	over	that	from	tumor	as	cancers	have	loss	of	heterozygosity	(LOH)	events	

•  Take	lower	bound	of	those	not	homozygous	variant	in	tumor	sample	
•  Mismatching	reads	reflect	part	of	true	total	contamina*on	based	on	varia*on	in	popula*on	allele	frequency	

•  Calculate	probabili*es	of	contamina*on	from	common	germline	SNPs		

or	
Genotype	from	on-the-fly	typing	of	sample	BAM:	



Underlying	algorithm	uses	Bayesian	approach	

MINOR MAJOR

1-e e

MINOR MAJOR

1-e e

MINOR MAJOR

e 1-e

1-c c

1 - ff

c: contamination 
f: minor allele frequency
e: sequencing error rate

P(MINOR | genotype) = (1-c)(1-e) + cf(1-e) + c(1-f)(e)
P(MAJOR | genotype) = (1-c)(e) + cf(e) + c(1-f)(1-e)

Bayesian	approach	to	
calculate	the	posterior	
probability	of	the	
contamina*on	level	and	
determine	the	maximum	a	
posteriori	probability	(MAP)	
es*mate	of	the	
contamina*on	level	



ContEst	is	GATK’s	Contamina*onWalker		

java -jar GenomeAnalysisTK.jar \ 
 -T ContaminationWalker \ 
 -R reference.fasta \ 
 -I tumor.bam \ 
 --genotypes normalGenotypes.vcf \ 
 --popFile populationAlleleFrequencies.vcf \ 
 -L populationSites.interval_list 
 [-L targets.interval_list] \ 
 -isr INTERSECTION \ 
 -o output.txt 

-I:genotype normal.bam \ 
genotype	on	the	fly	genotype	from	VCF	

ContaminaFon	 Label	 RecommendaFon	

0–2%	 Fine	

2–5%	 Slight	contamina*on	 Follow	up	if	odd	downstream	results	

5–15%		 Moderate	contamina*on	 Salvageable;	expect	manual	review	

15–50%		 Heavy	contamina*on	 Remove	sample;	follow	up	with	project	manager	

>50%		 Heavy	contamina*on	or	sample	
swap	

Consider	sample	swap	as	you	approach	100%	

Data	interpretaFon	guidelines:	

Example	command	to	esFmate	cross-sample	contaminaFon:	



SNV	AND	INDEL	DISCOVERY	
WITH	MUTECT2	BETA	

SNV & Indel Calling 
T N

Individually processed

T/N Pair Reads M2 (MuTect2)

Panel of Normals

Contamination

Estimate

COSMIC

whitelist

blacklist

 Additional Filtering

Analysis-Ready 

Variants

SNVs 

& Indels

dbSNP

redlist



Tool	is	s*ll	in	process	of	finaliza*on	
DO	NOT	USE	IN	PRODUCTION			



Challenges	of	soma*c	calling:	Indels,	CNVs	&	SVs	

•  Hard	to	call	even	in	germline	
•  Rare	events	compared	to	SNPs	
•  Compounded	by	allele	frac*on	

o  Tumor	local	ploidy	=	4		
o  Tumor	#	of	mutated	copies	per	cell	=	1		
o  è	Allelic	frac*on	AF=	2/10	=	0.2	

•  We	have	a	tool	that	calls	indels	
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33%	N	 Tumor	purity	
67%	

MuTect1	
calls	reliably	for	T/N	

?		

HaplotypeCaller		



MuTect	was	hybridized	with	HaplotypeCaller	to	call	soma*c	SNVs	&	indels	



MuTect2	applies	filters	as	VCF	annota*ons	

Clustered	
events	

(Strand	bias)	

•  HaplotypeCaller’s	reassembly	method	detects	both	SNVs	and	indels		
•  Built-in	filters	eliminate	false	posi*ves,	increasing	specificity	
•  Op*onal	filters	screen	for	ar*facts	and	germline	events	
•  VCF	annota*ons	include	new	metrics	

t_lod_fstar	

homologous_mapping_event	

clustered_events	

str_contrac<on	

alt_allele_in_normal	

mul<_event_alt_allele_in_normal	

germline_risk	

panel_of_normals	



MuTect2	iden*fies	AcFve	Regions	

•  Modified	sta*s*c	threshold	for	soma*c	scenario	uses	LOD	≥	4.0	in	favor	of	
the	reference	model		

•  Reads	differen*ally	filtered:	
–  Tumor	is	strict:	MAPQ	≥	Q20;	discard	discrepant	overlapping	reads	
–  Normal	is	permissive:	MAPQ	≥	Q0;	keep	alternate	read	from	discrepant	

overlapping	reads	



MuTect2	assembles	haplotypes	and	runs	PairHMM	

•  Reassembles	reads	into	possible	
haplotypes	using	only	high	quality	reads	

•  Minor	technical	change	lowers	
tolerance	for	discarding	reads	
–  For	soma*c	events	that	are	rare	and	at	

low	allele	frac*ons	

Indelocator	

MuTect2	

22	bp	inserGon	from	DREAM	Challenge	

286	bp	subset	of	acGve	region	

Does	not	call	inser*on	I;	
BWA’s	som-clips	colored	

Calls	inser*on	I	on	reads	in	
both	orienta*ons;	reads	
colored	by	supported	allele	



•  Uses	PairHMM	likelihoods	(like	HC)	instead	of	base	quality	scores	(like	M1)	
•  Also	produces	new	metrics	for	each	ac*ve	region:	

MuTect2	calls	genotypes	using	M1	logic	+	PairHMM	likelihoods	

New	metric	 DescripFon	 Example	region	
ECNT	 Event	Count	 #	of	events	in	the	haplotype	 6	
MIN_ED	 Min	Event	Distance	 Minimum	distance	between	events	 24	bp*	
MAX_ED	 Max	Event	Distance	 Maximum	distance	between	events	 131	bp	

Tumor	

Normal	

144	bp	subset	of	acGve	region	
contains	two	somaGc	events	

*	 *	

24	bp	



MuTect2	applies	filters	as	VCF	annota*ons	

t_lod_fstar	

homologous_mapping_event	

clustered_events	

str_contrac<on	

alt_allele_in_normal	

mul<_event_alt_allele_in_normal	

germline_risk	

panel_of_normals	



MuTect2’s	built-in	filters	mark	false	posi*ves,	increase	specificity	

Downstream	hard-filters	allow	upstream	sensi*vity		

Mutect2	filter	field	 DescripFon	of	filter	 Evidence	source	
t_lod_fstar	 Tumor	does	not	meet	likelihood	threshold	 PairHMM	likelihoods	

homologous_mapping_event	 More	than	3	events	were	observed	in	the	
tumor	

Tumor	

clustered_events	
new	

Clustered	events	(≥2)	observed	in	the	tumor	
(with	distance	between	≥3)	

Tumor	

str_contracGon	
new	

Site	filtered	due	to	contrac*on	of	short	
tandem	repeat	region.		

Tumor	

alt_allele_in_normal	 Evidence	seen	in	the	normal	sample	 Normal	

mulG_event_alt_allele_in_normal	 Mul*ple	events	observed	in	tumor	and	normal	 Normal	

germline_risk	 Evidence	indicates	this	site	is	germline,	not	
soma*c	

Normal,	dbSNP/COSMIC	

panel_of_normals	 Seen	in	at	least	2	samples	in	the	panel	of	
normals	

PoN	

Cleanup	filters	in	code	
and	describe	in	detail	in	
extra	slides	for	use	later	



Op*onal	filters	screen	for	noise	&	germline	events	

Somatic

alterations

Panel of Normals

COSMIC

whitelist

blacklist

dbSNP

redlist

Variant annotation

If	site	is	in	PoN	(≥	2	samples),	reject	
•  VCF	FILTER	field:	panel_of_normals	
•  VCF	INFO	field:	PON	=	#,	where	#	is	the	count	

from	the	PoN	
	

If	a	variant	is	in	dbSNP	but	not	in	COSMIC,	reject		
•  VCF	FILTER	field:	germline_risk	
•  Flag	in	VCF	INFO	field:	DB	
•  M2	increases	threshold	for	evidence	of	variant	

from	the	normal	sample	to	prove	not	germline	
	
	

M2	annotates	filtered	calls	found	in	PoN	or	dbSNP	



MuTect2	is	in	GATK	v3.5		

java -jar GenomeAnalysisTK.jar \ 
 -T MuTect2 \ 
 -R reference.fasta \ 
 -I:tumor tumor.bam \ 
 -I:normal normal.bam \ 
 [--dbsnp dbSNP.vcf] \ 
 [--cosmic COSMIC.vcf] \ 
 [-L targets.interval_list] \ 
 -o output.vcf 

Example	command	for	T/N	variant	calling:	

 -contaminationFile contamination.txt 

To	specify	cross-paFent	contaminaFon	file:	
 -PON m2_pon.vcf 

To	specify	a	PON:	

Tab-separated	file	containing	fracGon	of	contaminaGon	in	sequencing	data	(per	
sample)	to	remove.	Format	should	be	"<SampleID><TAB><ContaminaGon>”	per	line.	

 -bamout bamout.bam 

For	a	recalibrated	BAM:	



Create	your	own	panel	of	normals	(PoN)	in	2	steps	

java -jar GenomeAnalysisTK.jar \ 
-T HaplotypeCaller \ 

 -R reference.fasta \ 
 -I:tumor normal1.bam \ 
 [--dbsnp dbSNP.vcf] \ 
 [--cosmic COSMIC.vcf] \ 
 --artifact_detection_mode \ 
 [-L targets.interval_list] \ 
 -o output.normal1.vcf 

1.	Create	a	sample-level	PoN	per	sample	using	HaplotypeCaller:	

java -jar GenomeAnalysisTK.jar \ 
 -T CombineVariants \ 
 -R reference.fasta \ 
 -V output.normal1.vcf -V output.normal2.vcf [-V ...] \ 
 -minN 2 \ 
 --setKey "null" \ 
 --filteredAreUncalled \ 
 --filteredrecordsmergetype KEEP_IF_ANY_UNFILTERED \ 
 [-L targets.interval_list] \ 
 -o M2_PON.vcf 

2.	Combined	PoN	retains	variants	called	in	at	least	two	samples:	

unusual	nomenclature	

special	mode	

event	in	at	least	two	samples	



Benchmark	MuTect2	against	various	data	&	tools	

Project	 Data	 Truth	 Variant	 Count	
(other	tools)	

ICGC-TCGA	DREAM	
DREAM	SyntheFc	Challenges	4	&	5	WG	
pre-aligned	data	of	mixed	purity	&	
heterogeneity	made	with	Bamsurgeon	

known	
SNV	 24,218	

Indel	 22,221	

HCC	
Consensus	data	of	5	sequencing	runs	(2	
Agilent,	1	ICE,	2	WGS)	for	breast	cancer	cell	
lines	HCC1143	&	HCC1954	

(par*ally)	
unknown	

SNV	 37,532	

Indel	 594	

TCGA	
Large	callsets	(no	indels)	of	real	cancer	
samples	from	TCGA	GBM,	LUAD,	STAD,	&	
THCA	cohorts	

unknown	 SNV	 289,306	

NA12878	 WG	sample	used	widely	as	the	gold	
standard	for	germline	tools	

(mostly)	
known	

SNV	 36,587	

Indel	 2,801	

MuTect2	performance	goals:	
	

•  As	good	as	MuTect1	(gold	standard)	on	SNVs		
•  Be^er	than	Indelocator	on	indels	

HCC	



•  Broad’s	M1	workflow	ranked	highly	in	all	4	DREAM	synthe*c	challenges		
•  Each	challenge	varies	in	purity	and	cancer	cell	frac*on	(CCF)	
•  3	of	4	other	top	teams	used	M1	in	workflow	

	
	
	
	

MuTect1	excels	at	accurately	detecFng	low	allele	fracFon	mutaFons,		
hence	uniquely	suited	for	studying	impure	and	heterogeneous	tumors 

	

simulaFon	 Rank	 SensiFvity	 Precision	 False	PosiFve	Rate		
(mutaFons	per	Mb)	

Balanced	
Accuracy	

100%	purity	 1st	 0.967	 0.984	 0.021 0.975	
80%	purity	 1st	 0.961	 0.992	 0.010 0.977	
100%	purity	
50%,33%,20%	

CCF		
2nd	 0.918	 0.981	 0.038 0.949	

80%	purity	
50%,35%,	CCF		 1st	 0.741	 0.983	 0.051 0.862	

DREAM:	MuTect1	ranked	highly	in	SNV	calling	



HCC	&	TCGA:	MuTect2	calls	SNVs	as	well	as	M1	

Project	 Dataset	 %FN/TP		
(FN	count)	

False	
posiFves	

True	
posiFves	 SensiFvity	 Precision	 Balanced	

Accuracy	
HCC	 HCC1143	 1	(154)	 33	 18690	 0.99	 0.998	 0.995	

  HCC1954	 6	(1004)	 49	 17151	 0.94	 0.997	 0.971	
TCGA	 GBM	 24	(4943)	 				---	 20849	 0.81	 				---	 				---	

  LUAD	 4	(2949)	 				---	 76989	 0.96	 				---	 				---	
  STAD	 3	(2166)	 				---	 62063	 0.97	 				---	 				---	
  THCA	 22	(840)	 				---	 3827	 0.82	 				---	 				---	

Project	 Dataset	 %FN/TP		
(FN	count)	

False	
posiFves	

True	
posiFves	 SensiFvity	 Precision	 Balanced	

Accuracy	
HCC	 HCC1143	 4	(655)	 11	 18189	 0.97	 0.999	 0.982	

  HCC1954	 8	(1319)	 15	 16836	 0.93	 0.999	 0.963	
TCGA	 GBM	 29	(5768)	 				---	 20024	 0.78	 				---	 				---	

  LUAD	 7	(5329)	 				---	 74609	 0.93	 				---	 				---	
  STAD	 6	(3700)	 				---	 60529	 0.94	 				---	 				---	
  THCA	 20	(774)	 				---	 3893	 0.83	 				---	 				---	

Differences	in	sensi*vity	rates	range	from	–3.96	to	+1.73%			

MuTect1	

MuTect2	

avg	Δ	
–2%		 +0.16%	 –1.03%	

TesGng	with	MuTest	2015	



To	measure	specificity,	need	to	know	the	truth.	We	approximate:	
	

	

SNVs	
errors/Mbp	

Indels	
errors/Mbp	

MuTect1	 0.238	±	0.002		 N/A	

MuTect2	 0.247	±	0.001		 0.071±	0.002	

MuTect2	specificity	is	similar	to	M1	for	SNVs	

False	Posi*ve	Rate	(errors/Mbp)	@	~0.24	(M1)	&	~0.25	(M2)	

	12	N:N	combinaGons	from	4	clinical	sequencing	(CRSP)	lab	runs	of	NA12878	

any	somaFc	
call	is	error	N

T

N
tool 



DREAM:	M2	calls	SNVs	as	well	as	M1,	Indels	be^er	than	Indelocator	
DREAM_SyntheFc_4:	BWA	MEM,	80%	purity,	50	&	35%	subclones		

DREAM_SyntheFc_5_leaderboard:	Novoalign	v3.02.05,	80%	purity,	50%	subclone	

*Sorted	on	balanced	accuracy	then	rounded.	Selected	submissions	shown	with	#1	submission	at	top	(pink).	
ICGC-DREAM	Challenge	website:	<h^ps://www.synapse.org/#!Synapse:syn312572/wiki/58893>	



MuTect1	 MuTect2	
Names	 Originally	μTector	(2009)	 GATK	v3.5	jar’s	MuTect2	
Reference	 Cibulskis	et	al.	Nature	Biotech,	2013	 β-release	
Detects	 SNV	only	 SNVs	and	indels	
Core	
staFsFcal	
model	

Locus-based	and	reliant	on	original	
alignment.	Bayesian	classifier,	for	both	
detec*on	&	classifica*on	of	SNV	
	
	
	
	
	

HaplotypeCaller’s	local	reassembly	engine	in	
ac*ve	region	detects	SNVs	and	indels	and	
uses	PairHMM	per-read	likelihoods		
	
	
	
	
	

Genotyping	 By	evalua*ng	likelihood	based	on	base	
quality	scores	of	candidate	SNVs	

M1’s	extended	to	handle	indels	

Filtering	 Pragma*c,	hard-filters	(6)	to	control	FP	rate:	
Proximal	gap,	poor	mapping,	triallelic	site,	
observed	in	control,	strand	bias,	clustered	posiGon	

No	VQSR	yet.	Hard-filters:	Alt_allele_in_normal,	
mulG_event_alt_allele_in_normal,	germline_risk,	
clustered_events,	homologous_mapping_event,	
panel_of_normals,	str_contracGon,	t_lod_fstar	

Performance	 The	benchmark	for	soma*c	SNV	calling	 •  As	good	as	MuTect1	on	SNVs		
•  Be^er	than	Indelocator	on	indels	

Formats	 Callstats	file	 VCF	with	new	annotaFons	

Cheat	sheet	of	MuTect1	vs.	MuTect2	features	



talks	

Further	reading	

	
h^p://www.broadins*tute.org/gatk/best-prac*ces	

	
New	documenta*on	will	be	posted	for	MuTect2		
and	the	soma*c	workflow	in	the	near	future	

	
	
	
	
	
	



Bonus	slides	follow	



Before	examining	M2’s	performance,	review	benchmarking	

Benchmarking	itself	is	challenging:	
	

a.  Variant-calling	algorithms	are	highly	parameterized		
b.  Sequencing	error	profiles	can	vary	between	&	within	centers	
c.  Valida*on	data	from	independent	tech	or	higher-depth	sequencing	undergo	

rou*nes	prone	to	same	errors,	e.g.	alignment	ar*facts	
d.  Most	research	has	focused	on	coding	aberra*ons,	restric*ng	valida*on	to	<2%	

of	genome	
	

Field	moves	forward	by	sharing	and	iteraFon	

Kim	&	Speed,	BMC	BioinformaGcs	2013.	“Comparing	soma*c	muta*on-callers:	beyond	Venn	diagrams”	
Ewing	et	al,	Nature	2015.	“Combining	tumor	genome	simula*on	with	crowdsourcing	to	benchmark	soma*c	single-nucleo*de-variant	detec*on”	

Counts	of	overlapping	muta*ons	detected	by	four	callers	in	16	
TCGA	lung	cancer	T:N	exome-seq	pairs.	Only	31.0%	

(1,667/5,380)	of	SNVs	were	iden*fied	by	all	four	callers.	



Benchmarking	approaches	are	self-limi*ng	

h^ps://commons.wikimedia.org/wiki/File:Full_Flight_Simulator_
%285573438825%29.jpg	 h^ps://www.youtube.com/watch?v=Vr-0LiQA6wo	

Simulated	data	 AuthenFc	data	

Cannot	model	full	diversity	of	nonrandom	
sequencing	errors		
	

Unknown	ground	truth		
	

Experimental	valida*on	expensive	&	imprac*cal	for	
general	applica*on.	E.g.	To	confirm	clonal	events:		
	

•  study	several	metastases	from	same	pa*ent		
•  ultra-deep	sequencing		
•  sequence	very	small	numbers	of	single	cells		

E.g.	Virtual	tumors	method		
•  We	know	all	true	muta*ons	with	certainty	
•  Simulate	soma*c	muta*ons	at	controlled	allelic	

frac*ons		
•  LimitaGons:	simulates	soma*c	muta*ons	using	

germline	events,	which	differ	from	soma*c	muta*ons	
in	nucleo*de	subs*tu*on	frequencies	and	context	

E.g.	Downsampling		
•  Subset	reads	of	validated	soma*c	muta*ons	to	

measure	sensi*vity	of	caller	on	known	muta*ons	at	
various	simulated	depths	of	coverage	

•  LimitaGons:	larger	error	for	sensi*vity	es*mate,	only	
previously	validated	allele	frac*ons	considered,	
excludes	muta*ons	not	originally	detected	thereby	
overes*ma*ng	true	sensi*vity,	specificity	cannot	be	
measured	

Cibulskis	et	al.	Nature	Biotech,	2013	
Conclusion:	use	mulFple	benchmarking	approaches			



DLBCL	Venns		
(PoN	+	alt	2	indelocator	filter)	

..

M1:67249 M2:66593

0

9672 901657577
6387 556639523
3285 345018054

ALL
Tumor−Only
Tumor−Normal

..

M1:SNP:64331 M2:SNP:63834

0

8630 813355701
5596 507638352
3034 305717349

ALL
Tumor−Only
Tumor−Normal

..

M1:DEL:2085 M2:DEL:1880

0

821 6161264
623 315782
198 301482

ALL
Tumor−Only
Tumor−Normal

..

M1:INS:833 M2:INS:879

0

221 267612
168 175389
53 92223

ALL
Tumor−Only
Tumor−Normal

Indelocator	 Indelocator	



M2	VCF	output	

Header:	
a.  File	format	specified	
b.  Filters	described	
c.  FORMAT	field	tags	described	
d.  INFO	field	items	described	
e.  Input	sample	files	
f.  Con*gs	listed	per	row	
g.  Reference	fasta	
	
	
	
	
	
	
	
	
11	Data	columns:	
	
	


