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 Abstract	

	
Understanding	the	role	of	genetic	and	environmental	factors	in	cancer	development	

By	Kyle	D.	Halliwill	

	

	 Cancer	 is	a	complex	constellation	of	diseases,	each	driven	by	a	variety	of	different	

environmental	and	genetic	 influences.	Understanding	how	cancer	development	 is	 shaped	

by	these	influences	is	paramount	to	developing	better	treatment	and	prevention	protocols.	

In	pursuit	of	this	understanding	I	have	undertaken	an	investigation	into	the	forces	molding	

tumor	development	in	mouse	models	of	cancer.		

To	characterize	the	influence	of	the	environment	on	tumor	development	as	well	as	

progression,	I	have	utilized	two	independent	models	of	chemical	carcinogenesis.	In	the	first	

model,	we	induced	mouse	lung	tumors	by	either	chemical	or	genetic	means.	By	comparing	

between	the	two	induction	strategies	we	were	able	to	demonstrate	that	chemical	induction	

leaves	 an	 indelible	 mark	 on	 the	 tumor.	 Comparing	 this	 to	 tumors	 initiated	 by	 inborn	

genetic	lesions	revealed	a	stark	contrast	in	the	quantity	and	type	of	mutations.	The	results	

from	this	experiment	have	shown	that	 the	environment	 in	which	a	 tumor	develops	has	a	

profound	influence	on	the	tumor	genome.		

In	the	second	model	chemical	carcinogens	were	used	to	induce	primary	carcinomas	

that	were	allowed	to	develop	into	metastases.	We	then	profiled	the	mutation	spectrum	of	

both	the	primary	and	metastatic	lesion	in	order	to	ascertain	the	types	of	influences	driving	

tumor	 evolution.	 We	 found	 that	 primary	 carcinomas	 possessed	 a	 large	 amount	 of	

mutations	 with	 sequence	 context	 that	 corresponded	 to	 the	 chemical	 specificity	 of	 the	
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inducing	agent.	 In	 contrast,	mutations	 that	were	unique	 to	 the	metastatic	 lesions	did	not	

show	 this	 bias,	 and	 were	 instead	 defined	 by	 a	 signature	 of	 genomic	 instability.	 These	

results	show	that	the	influence	of	environmental	factors	can	wax	and	wane	during	tumor	

development	and	progression.	

To	 gain	 insight	 on	 the	 genetic	 factors	 influencing	 cancer	 susceptibility,	 we	

investigated	 the	genetics	of	body-mass	 index	(BMI)	and	how	this	 factor	 influences	 tumor	

development.	 We	 found	 that	 in	 a	 genetically	 heterogeneous	 mouse	 population	 elevated	

BMI	 strongly	 influenced	 cancer	 susceptibility.	 By	 carefully	 dissecting	 the	 genetics	

influencing	 BMI	 in	 this	 population	 we	 were	 able	 to	 identify	 a	 candidate	 gene	 (Panx3)	

linking	 BMI	 and	 tumorigenesis.	 This	 represents	 a	 significant	 step	 forward	 in	 our	

understanding	of	the	genetics	underlying	these	traits.		

Finally,	 we	 profiled	 the	 genetic	 elements	 contributing	 to	 the	 development	 of	

inflammation-driven	 tumors.	 By	 subjecting	 genetically	 heterogeneous	 mice	 to	 chemical	

carcinogenesis,	 we	 were	 able	 to	 identify	 several	 genomic	 locations	 tied	 to	 tumor	

susceptibility.	 Through	 a	 combined	 approach	 involving	 sequence,	 expression,	 and	 gene	

coexpression	network	analysis	we	were	able	to	implicate	the	S100	gene	family	as	a	major	

factor	influencing	inflammation	driven	tumorigenesis.	We	further	validated	these	claims	in	

a	 human	 tumor	 cohort	 and	 demonstrated	 that	 network	 expression	 levels	 are	 severely	

impacted	during	tumor	progression.		

The	 combined	 result	 of	 the	work	 detailed	 in	 this	 dissertation	 is	 to	 illuminate	 the	

relationship	 between	 both	 environmental	 and	 genetic	 factors	 and	 cancer	 development	

through	the	use	of	mouse	models.	By	extending	these	observations	and	methods	to	human	
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data	we	hope	to	develop	a	better	understanding	of	how	human	tumors	develop,	in	order	to	

improve	both	prevention	and	treatment	strategies.		
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 Chapter	1:	Introduction	

Understanding	and	treating	human	cancer	

The	 modern	 history	 of	 cancer	 dates	 to	 1775,	 when	 Percivall	 Pott	 linked	 soot	

exposure	to	the	development	of	scrotal	cancer.	This	observation	was	the	first	time	cancer	

was	attributed	to	an	environmental	exposure,	and	represents	one	of	the	first	steps	towards	

a	mechanistic	understanding	of	the	disease.	In	1902,	Theodor	Boveri,	informed	by	his	work	

with	 sea	 urchins,	 reasoned	 that	 cancer	 developed	 from	 disrupted	 chromosomes.	 This	

prescient	insight	would	eventually	be	proven	correct,	and	ultimately	formed	the	foundation	

of	 our	molecular	 understanding	 of	 cancer.	 Building	 on	 this	 foundation,	 in	 1976	Michael	

Bishop	 and	Harold	 Varmus	 published	 the	 first	 of	 a	 series	 of	manuscripts	 demonstrating	

that	 oncogenes	were	 derived	 from	proto-oncogenes	 in	 the	 human	 genome1.	 This	 finding	

helped	 to	 establish	 a	 paradigm	 in	 which	 cancer	 developed	 through	 the	 acquisition	 of	

activated	 proto-oncogenes	 and	 inactivated	 tumor	 suppressors.	 Over	 the	 intervening	

decades	 this	 insight	 has	 led	 to	 the	 development	 of	 a	 wide	 array	 of	 targeted	 therapies,	

designed	 specifically	 to	 counteract	 the	 effect	 of	 oncogenic	 signaling.	 These	 therapies	

represent	 dramatic	 improvements	 over	 previous	 untargeted	 approaches,	 with	 generally	

reduced	 side	 effects	 and	 enhanced	 efficacy2.	 More	 recently,	 a	 novel	 class	 of	 targeted	

therapies	has	emerged	which	capitalizes	on	 intrinsic	antitumor	 immune	responses3.	This	

class	of	drugs,	known	as	immunomodulatory	agents	or	immune	checkpoint	inhibitors,	has	

shown	 tremendous	 promise	 for	 cancer	 treatment	 even	 in	 the	 context	 of	 metastatic	

disease4.		
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However,	 both	 immunomodulatory	 and	 more	 conventional	 targeted	 approaches	

suffer	 from	drawbacks.	 In	the	case	of	targeted	small	molecule	 inhibitors,	while	responses	

can	be	 strong,	 they	 are	 often	 ephemeral,	with	 tumor	 recurrence	 and	 resistance	 common	

events2.	 In	 the	 case	of	 immunomodulatory	agents,	patient	 responses	are	heterogeneous5.	

For	some	patients	the	treatment	is	curative	with	no	evidence	of	residual	disease,	while	for	

others	there	is	little	to	no	effect	of	treatment.	Thus,	while	we	are	in	an	age	of	unparalleled	

understanding	about	cancer,	we	are	still	limited	in	our	ability	to	treat	established	disease.	

This	 reinforces	 the	 importance	 of	 understanding	 how	 cancer	 develops	 in	 order	 to	more	

effectively	control	exposure	to	cancer	causing	agents,	as	well	as	develop	therapies	tailored	

more	accurately	to	the	unique	genetic	and	environmental	influences	that	have	sculpted	the	

developing	cancer	genome.		

In	 pursuit	 of	 this	 understanding,	 numerous	 investigations	 into	 the	 genetic	 and	

environmental	influences	driving	human	cancer	development	have	been	performed.	From	

the	 genetics	 perspective,	 these	 investigations	 have	 borne	 fruit	 in	 the	 form	 of	 clear	

associations	between	germline	variation	in	cancer-associated	genes	and	subsequent	risk6,7.	

For	some	cancers,	such	as	breast,	the	fraction	of	heritable	risk	that	we	can	explain	through	

known	 variants	 ranges	 between	 25-50%7,8.	 For	 less	 well-studied	 cancers,	 the	 fraction	

explained	is	likely	even	smaller.	This	paucity	of	data	leaves	a	significant	gap	in	our	ability	to	

understand	what	genetic	 factors	 influence	cancer	development,	and	subsequently	how	to	

treat	and	prevent	these	cancers.	

From	the	environmental	perspective,	there	is	a	short	list	of	well-known	carcinogens	

that	 have	 been	 unambiguously	 identified	 as	 driving	 human	 cancer	 development.	 Some	

examples	 of	 these	 known	 carcinogens	 include	 cigarette	 smoking	 and	 lung	 cancer,	 sun	
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exposure	 and	 skin	 cancer,	 and	 radiation	 and	 leukemia.	 Unfortunately,	 these	 clearly	

described	 relationships	 are	 in	 the	 minority,	 and	 for	 the	 majority	 of	 the	 forces	 driving	

mutation	acquisition	in	cancer	we	cannot	assign	an	environmental	origin9.		

Our	efforts	to	understand	the	effects	of	both	environmental	and	genetic	 influences	

on	 cancer	 development	 have	 been	 complicated	 by	 the	 significant	 heterogeneity	

encountered	 in	 cancer	 patients.	 First,	 each	 individual	 patient	 (barring	 identical	 twins)	 is	

genetically	 unique.	 This	 uniqueness	 influences	 the	 baseline	 risk	 of	 that	 individual	

developing	a	cancer,	and	is	conditional	on	the	environment	the	individual	is	exposed	to10.	

Accounting	for	the	influence	of	these	genetic	elements	requires	vast	patient	populations,	in	

some	 cases	 (such	 as	 for	 rare	 cancers)	 these	 large	 populations	 are	 simply	 impossible	 to	

acquire.		

Second,	each	patient	has	been	exposed	to	a	unique	array	of	environmental	factors.	

Some	factors,	like	sun	exposure	and	smoking	mentioned	above,	are	clear	and	unambiguous	

carcinogens	 with	 exposure	 levels	 that	 are	 measurable	 in	 a	 broad	 population.	 Others	

however,	 are	poorly	understood	and	have	exposure	 levels	 that	are	not	as	easily	assayed,	

but	 nonetheless	 can	 influence	 tumor	 development.	 These	 environmental	 factors	 can	

influence	tumor	development	on	their	own,	as	well	in	cooperation	with	the	unique	genetics	

of	a	given	individual.	This	is	best	exemplified	by	variants	in	the	CHRNA5-CHRNA3-CHRNB4	

nicotinic	 receptor	 subunit	 gene	 cluster.	Variants	 found	 in	 this	 region	appear	 to	 influence	

the	propensity	for	an	individual	to	smoke,	and	subsequently	the	lifetime	risk	of	lung	cancer	

development11.	 The	 combined	 effects	 of	 both	 genetic	 and	 environmental	 heterogeneity	

undermine	the	ability	of	investigators	to	explain	the	majority	of	cancer	causality,	leaving	us	
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without	 desperately	 needed	 insight	 into	 what	 exposures	 influence	 the	 development	 of	

cancers,	and	how	we	can	best	prevent	or	treat	these	diseases.		

	

Mouse	models	and	cancer	development	

	 Mouse	 models	 have	 proven	 to	 be	 sources	 of	 invaluable	 insight	 on	 tumor	

development.	By	enabling	researchers	to	carefully	control	both	genetic	and	environmental	

influences,	tremendous	strides	have	been	made	in	characterizing	the	effect	of	single	genes	

and	individual	carcinogens	on	cancer	risk	and	progression12,13.	

	 A	 typical	 mouse	 experiment	 involves	 the	 use	 of	 genetically	 homogeneous	 inbred	

mouse	strains.	These	strains	have	the	advantage	of	eliminating	the	genetic	variability	that	

so	 thoroughly	 complicates	 human	 cancer	 research,	 and	 allows	 for	 a	 more	 direct	

investigation	of	clearly	defined	treatments.	This	can	take	the	 form	of	 individual	genes	(in	

the	 case	 of	 genetically	 engineered	mouse	models),	 individual	 chemical	 exposures	 (in	 the	

case	 of	 chemical	models),	 or	 other	 stimuli.	 These	models	 serve	 as	 particularly	 excellent	

resources	for	the	 investigation	of	the	effect	of	 the	environment	on	tumor	development	 in	

the	absence	of	genetic	heterogeneity.		

An	alternative	 to	 the	 inbred	mouse	strains	 is	 the	use	of	genetically	heterogeneous	

mouse	models	 (GHMMs).	These	models	utilize	mice	generated	by	 crossing	 inbred	mouse	

strains	to	generate	genetically	unique	offspring,	and	have	provided	insight	into	the	genetics	

influencing	a	variety	of	different	traits,	including	cancer	development14.	Recently,	a	GHMM	

was	used	to	identify	germline	susceptibility	genes	influencing	Ebola	infection15.		

	 GHMMs	can	be	generated	in	a	variety	of	different	manners,	but	all	share	several	key	

characteristics.	Firstly,	the	population	must	be	generated	from	genetically	distinct	founder	
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strains.	This	permits	 for	 the	 introduction	of	alleles	 from	several	defined	sources.	Second,	

there	must	 exist	 genotype	 data	 for	 the	 founder	 strains.	 This	 allows	 for	 portions	 of	 each	

progeny’s	genome	to	be	assigned	to	a	founder	strain,	and	permits	statistical	analysis	of	the	

contribution	each	portion	plays	in	determining	phenotype	values.	Third,	the	offspring	must	

be	viable.	This	is	particularly	important	in	the	case	of	interspecific	crosses,	such	as	between	

Mus	spretus	and	Mus	musculus.	 In	 this	 example,	 only	 female	F1	mice	are	 fertile16.	 Finally,	

there	must	exist	phenotypic	diversity	in	the	founder	strains.	An	example	of	this	would	be	

the	 use	 of	 tumor-resistant	 Mus	 spretus	 and	 tumor-susceptible	 Mus	 musculus	 mice	 to	

generate	 progeny	 that	 are	 then	 subjected	 to	 carcinogenesis.	 The	 resulting	 population	

would	 consist	 of	 genetically	 heterogeneous	 individuals	 with	 variable	 quantities	 of	

resistance	 and	 susceptibility	 loci,	 and	 could	 be	 expected	 to	 have	 a	 continuum	 of	 tumor	

susceptibilities.		

	 GHMMs	 possess	 several	 major	 advantages	 over	 both	 investigations	 in	 human	

populations	and	inbred	mouse	populations.	While	genetically	engineered	inbred	mice	can	

be	generated	 in	order	 to	 investigate	 the	effect	of	a	 small	number	of	genes,	 recapitulating	

the	influence	of	a	whole	genome	inundated	with	heterogeneity	is	unattainable.	This	is	the	

fundamental	advantage	of	GHMMs;	each	mouse	represents	a	genetically	unique	individual,	

as	in	the	human	population.	Further,	as	with	inbred	mice,	the	environment	can	be	carefully	

controlled.	 This	 allows	 for	 investigations	 into	 both	 the	 genetic	 and	 environmental	

influences	 of	 cancer	 development	 in	 a	 manner	 that	 maximally	 recapitulates	 the	 human	

genetic	condition	without	the	burden	of	overwhelming	complexity	and	inconsistency.	

	 Recent	 investigations	 into	 the	 forces	 molding	 cancer	 genome	 development	 have	

demonstrated	 that	 carcinogens	 leave	 telltale	 signs	 of	 their	 influence9.	 By	 utilizing	 next-
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generation	sequencing	 technologies	 (NGS)	 the	 spectrum	of	mutations	present	 in	a	 tumor	

genome	can	be	rapidly	and	reliably	assayed.	When	coupled	with	a	detailed	understanding	

of	 the	 base-pair	 specificity	 of	 carcinogens	 this	 information	 can	 illuminate	what	 types	 of	

known	carcinogens	the	developing	tumor	was	exposed	to.	In	addition,	this	information	may	

also	 be	 used	 to	 identify	 novel	 carcinogens	 by	 matching	 the	 chemical	 signatures	 in	

established	 tumors	 to	 the	 known	 activity	 of	 hypothesized	 carcinogens.	 In	 spite	 of	 the	

promise	shown	by	these	recent	publications,	definitively	proving	that	a	human	cancer	was	

caused	by	exposure	to	a	given	carcinogen	remains	a	challenging	proposition.		

	 Mouse	models	are	impeccably	positioned	to	bridge	the	gap	between	informatically	

derived	carcinogen	signatures	and	the	conclusive	demonstration	of	the	effect	a	carcinogen	

has	 on	 the	 tumor	 genome.	 By	 exposing	 inbred	mouse	 strains	 to	 known	 carcinogens	 and	

evaluating	the	spectrum	of	mutations	found	in	the	resulting	tumors,	a	concrete	relationship	

between	 the	 chemical	 specificity	 of	 a	 carcinogen	 and	 the	 resulting	 lesions	 can	 be	

developed.	Additionally,	mouse	models	could	be	used	to	map	the	effect	of	carcinogens	with	

unknown	mechanism	on	tumor	development.	By	using	mice	with	a	known	susceptibility	to	

the	carcinogen	and	carefully	analyzing	the	resulting	tumors,	a	clear	picture	of	the	effect	the	

uncharacterized	carcinogen	has	on	tumor	development	can	be	resolved.		

Finally,	 by	 comparing	 tumors	 of	 differing	 stages	 (such	 as	 benign,	 malignant,	 and	

metastatic	 lesions)	the	influence	of	the	environment	on	each	stage	of	tumor	development	

can	 be	 assessed.	 This	 is	 of	 particular	 interest,	 because	 the	 majority	 of	 cancer	 deaths	 in	

human	 patients	 are	 attributable	 to	 metastatic	 lesions,	 rather	 than	 the	 primary	 lesion.	

Analysis	 of	 the	 factors	 influencing	 development	 of	 metastatic	 lesions	 is	 complicated	 in	

human	 patients,	 however,	 by	 both	 practical	 and	 ethical	 considerations	 associated	 with	
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harvesting	and	analyzing	samples	from	a	patient	with	metastatic	disease.	In	summary,	by	

utilizing	mouse	models	 to	 study	 influence	of	 carcinogens	on	 cancer	development	we	 can	

gain	significant	and	otherwise	unattainable	insight	into	how	the	environment	drives	tumor	

formation	in	humans.		

In	addition	to	providing	a	strategy	to	evaluate	the	influence	of	carcinogens	on	tumor	

development,	mouse	models	can	also	be	used	to	expand	our	understanding	of	the	genetics	

influencing	 human	 tumor	 development.	 By	 exposing	 genetically	 heterogeneous	 mice	 to	

carcinogenesis	and	 tracking	 tumor	development,	 the	genetics	of	cancer	susceptibility	can	

be	studied	 in	a	more	controlled	 fashion	 than	can	be	achieved	 in	human	data.	This	 is	due	

both	to	the	reduction	in	genetic	heterogeneity,	as	well	as	the	elimination	of	environmental	

heterogeneity.	 Further,	 the	use	 of	GHMMs	 in	 cancer	 research	permits	 investigations	 into	

phenotypes	 that	 are	 not	 readily	 accessible	 in	 human	 patients,	 such	 as	 metastasis	 and	

recurrence.		

	These	 models	 have	 been	 successfully	 used	 in	 the	 past	 to	 identify	 cancer	

susceptibility	 loci,	 some	 of	 which	 have	 been	 translated	 to	 human	 cancer17–20.	 Future	

investigations,	 involving	 larger	 cohorts	 and	 more	 sophisticated	 analytical	 techniques	

capitalizing	 on	 the	 recent	 developments	 in	 NGS	 and	 gene	 expression	 network	 analysis,	

have	the	potential	to	identify	not	only	individual	loci	influencing	cancer	development,	but	

also	to	unravel	the	intricate	network	of	interactions	that	has	remained	thus	far	recalcitrant	

to	analysis	in	human	data.		
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Conclusion	

Our	understanding	of	human	cancer	has	evolved	dramatically	in	the	past	200	years.	

From	the	first	identification	of	carcinogens,	to	the	establishment	of	molecular	mechanisms	

of	cancer	formation,	until	 finally	the	identification	of	oncogenes	as	the	primary	drivers	of	

tumor	development,	we	have	been	steadily	unraveling	the	tangled	and	insidious	nature	of	

cancer.	 The	 fruit	 of	 this	 monumental	 leap	 in	 our	 understanding	 of	 cancer	 has	 been	 the	

development	 of	 safer,	 more	 effective	 treatments	 alongside	 better-informed	 preventative	

strategies.		

Despite	these	advances,	cancer	remains	a	major	health	burden.	In	the	United	States	

it	 is	 estimated	 that	 1.6	million	 new	 cases	 of	 cancer	 are	 diagnosed	 annually	 and	 589,430	

patients	die	from	their	disease21.	While	it	is	clear	that	more	effective	drugs	will	continue	to	

positively	impact	these	statistics,	it	is	also	equally	clear	that	a	more	detailed	understanding	

of	the	underlying	forces	driving	cancer	development	is	also	desperately	needed.		

It	 is	 to	 this	 objective	 that	 I	 have	dedicated	 the	majority	 of	my	 time	 as	 a	 graduate	

student.	I	have	employed	inbred	mouse	models	in	a	variety	of	different	fashions	in	an	effort	

to	gain	additional	insight	into	the	influence	of	the	environment	on	cancer	development.	In	

parallel,	 I	 have	 utilized	 GHMMs	 to	 better	 characterize	 the	 complex	 genetics	 motivating	

cancer	 development	 and	 progression.	 The	 result	 of	 this	 work	 has	 been	 a	 significant	

advancement	in	our	understanding	of	how	carcinogens	sculpt	the	tumor	genome,	as	well	as	

a	 detailed	 depiction	 of	 how	 germline	 polymorphisms	 can	 influence	 tumor	 development	

through	 a	 variety	 of	 different	mechanisms.	My	hope	 is	 that	 these	 results	 are	 placed	 into	

context	 by	 the	 research	 community,	 and	 are	 able	 to	 contribute	 to	 the	 gradual	 march	
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towards	a	sufficiently	detailed	understanding	of	cancer	that	we	can	prevent	or	effectively	

treat	the	majority	of	cases.		
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 Chapter	2:	The	mutational	landscapes	of	genetic	and	

chemical	models	of	Kras-driven	lung	cancer.	

Introduction	

	 Sequencing	 studies	 of	 human	 cancers	 have	 identified	 a	 number	 of	 mutation	

“signatures”,	suggesting	that	tumors	carry	an	imprint	of	the	environmental	agents	to	which	

patients	were	exposed1–3.	However,	proving	that	the	observed	signatures	are	related	to	the	

carcinogenic	 forces	 driving	 tumor	 development	 is	 a	 complicated	 undertaking.	 In	 human	

patients,	 the	 causal	 carcinogen	 is	 not	 frequently	 known,	 and	 even	 in	 cases	 in	which	 it	 is	

known	the	variety	and	magnitude	of	additional	influences	is	not.	This	leads	to	a	scenario	in	

which	we	 can	 only	 assume	 the	 influence	 of	 specific	 carcinogens,	 rather	 than	 definitively	

assigning	 causality.	 Further,	 without	 a	 clear	 picture	 of	 the	 additional	 carcinogenic	

exposures	we	cannot	rule	out	the	possibility	that	the	observed	effect	on	the	cancer	genome	

is	 a	 composite	 of	 the	 various	 disparate	 influences.	 This	 inability	 to	 clearly	 analyze	 the	

influence	 of	 carcinogens	 on	 the	 developing	 cancer	 genome	 hamstrings	 our	 efforts	 to	

understand	the	environmental	factors	driving	cancer	development.		

In	order	to	gain	insight	on	the	role	carcinogens	play	during	tumor	development,	we	

performed	exome	sequencing	of	carcinogen	and	genetically	 induced	tumors.	We	chose	 to	

incorporate	 genetically	 induced	 tumors	 in	 order	 to	 facilitate	 a	 head-to-head	 comparison	

between	 tumors	 that	 developed	 under	 carcinogen	 rich	 environments	 with	 a	 surfeit	 of	

single	 nucleotide	 variants	 (SNVs)	 with	 unambiguous	 origins,	 to	 tumors	 that	 developed	

under	carcinogen-depleted	conditions	with	only	tumor-intrinsic	carcinogens	driving	tumor	
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genome	 evolution.	 This	 represents,	 to	 our	 knowledge,	 the	 first	 investigation	 into	 the	

presence	of	carcinogen	signatures	in	mouse	tumors.		

To	accomplish	this,	we	induced	the	formation	of	non-small	cell	lung	cancer	(NSCLC)	

like	tumors	in	the	mouse	lung	using	either	chemical	or	genetic	means.	Genetically	induced	

tumors	developed	as	a	result	of	spontaneous	oncogenic	activation	of	Kras	(KrasLA2)4,	while	

chemically	 induced	 tumors	 developed	 after	 exposure	 to	 urethane	 or	 MNU5.	 Both	

carcinogens	initiate	lung	tumorigenesis	by	oncogenic	mutation	of	Kras,	which	is	frequently	

mutated	in	human	NSCLC6.	We	then	performed	whole	exome	sequencing	(WES)	was	on	82	

FVB/N	 lung	 adenomas,	 44	 of	 which	were	 induced	 by	 urethane	 and	 26	 by	MNU,	 and	 12	

genetically	induced	tumors	driven	by	the	oncogenic	KrasLA2	allele.	As	an	additional	aim	we	

investigated	 the	 role	 of	WT	Kras	on	 tumor	 development.	Kras	 is	 known	 to	 play	 a	 tumor	

suppressive	role,	although	the	mechanistic	details	are	not	clearly	elucidated.	To	study	the	

tumor	suppressive	role	of	WT	Kras,	we	included	mice	with	one	functionally	null	Kras	allele,	

Kras+/LSL-G12D	 (see	 methods)7,	 hereafter	 referred	 to	 as	 Kras+/-.	 Importantly,	 these	 mice	

develop	larger	and	more	tumors	than	WT	littermates	following	carcinogen	treatment8,9.	
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Results	

Carcinogen	induced	tumors	have	well	defined	mutation	spectrums	

Carcinogen-induced	tumors	had	 far	more	SNVs	than	KrasLA2	 tumors	(Fig.	1a),	with	

an	average	of	728	and	185	in	MNU-	and	urethane-induced	tumors,	respectively,	and	47	in	

KrasLA2	 tumors.	 This	 is	 similar	 to	 findings	 in	 humans	 where	 lung	 tumors	 from	 smokers	

contained	 orders	 of	 magnitude	 more	 SNVs	 than	 tumors	 from	 non-smokers10.	 We	

performed	 hierarchical	 clustering	 on	 the	 96	 possible	 SNVs,	 classified	 by	 trinucleotide	

context	 and	 substitution2,	 and	 tumors	 cluster	 perfectly	 by	 treatment	 (Fig.	 1b),	

underscoring	distinct	mutational	spectra.	Highly	consistent	signatures	are	apparent	across	

all	tumors	of	each	carcinogen	group	(Fig.	1c),	in	agreement	with	the	known	A>T,	A>G,	and	

G>A	 substitutions	 induced	 by	 urethane11,	 and	 G>A	 transitions	 induced	 by	 MNU12.	 The	

elevated	 SNV	 burden	 and	 clear	 carcinogen	 imprint	 show	 that	 most	 SNVs	 were	 induced	

during	 the	 period	 of	 carcinogen	 activity	 following	 administration.	 In	 contrast,	 KrasLA2	

tumors	showed	no	notable	signatures.		

	 A	highly	 significant	5’-flanking	purine	bias	 and	3’-flanking	 thymidine	bias	 for	G>A	

transitions	was	identified	in	the	MNU-induced	tumors.	Indeed,	GGT>A	is	the	most	frequent	

SNV	 in	 this	 group.	 In	 urethane-induced	 tumors,	 a	 slight	 bias	 for	 3’-cytidine	 in	 A>G	

transitions	 and	 3’-guanosine	 in	 A>T	 transversions	was	 seen,	while	 G>A	 transitions	were	

also	common.	The	most	frequent	SNVs	in	KrasLA2	tumors	were	CGN>A	(or	the	complement,	

NCG>T).	 Importantly,	 CGN>A	 is	 a	 signature	 of	 genomic	 instability	 in	 cancer	 and	 normal	

cells2,13,14.	

	

Kras	heterozygous	mice	develop	distinct	oncogenic	Kras	alleles	
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	 	In	concordance	with	MNU’s	propensity	 to	 induce	GGT>A	transitions,	25/26	MNU-

induced	 lung	 tumors	 carried	 this	 transition	 in	 codon	 12	 of	 Kras,	 resulting	 in	 a	 G12D	

mutation,	while	all	44	urethane-induced	tumors	harbored	Kras	Q61	mutations.	Histological	

evaluation	 revealed	 that	 the	 tumors	 were	 representative	 of	 the	 expected	 types	 for	 this	

model;	papillary,	solid,	and	mixed	(Fig.	2a).	Solid	tumors	were	significantly	enriched	in	the	

MNU	and	KrasLA2	groups,	which	share	the	Kras	G12D	mutation	(Fig.	2b).	It	is	possible	that	

Kras	G12D	 initiates	 a	 pathway	 to	 solid	NSCLC	 that	 is	 distinct	 from	 that	 initiated	 by	Q61	

mutants.	 Alternatively,	 urethane	may	 induce	Kras	mutations	 in	 a	 different	 population	 of	

tumor-initiating	 cells.	 Remarkably,	 urethane-induced	 tumors	 from	WT	 mice	 had	 almost	

exclusively	Kras	 Q61R	mutations,	while	 tumors	 from	Kras+/-	mice	had	 almost	 exclusively	

Q61L	 mutations	 (Fig	 3a.).	 This	 switch	 is	 not	 likely	 due	 to	 differences	 in	 carcinogen	

metabolism	 or	 DNA	 repair,	 as	 neither	 the	 overall	 mutation	 spectra	 nor	 the	 exome-wide	

rates	 of	 the	 causative	Q61R	 and	Q61L	 substitutions	 differed	 between	 tumors	 of	 the	 two	

genotypes	 (Fig	3c).	This	 suggests	 that	Kras	Q61R	and	Q61L	are	 functionally	distinct,	 and	

selection	of	 cells	harboring	 these	oncoproteins	 is	modulated	by	WT	Kras.	 Intriguingly,	 in	

the	single	instance	of	a	Kras	Q61L	mutant	tumor	from	a	WT	mouse,	a	Kras	loss-of-function	

mutation	(T35A)15,16	was	also	found,	potentially	inactivating	the	WT	allele.	Although	KRAS	

Q61	mutations	are	 relatively	 rare	 in	human	 lung	cancer,	 further	 investigation	of	 the	Q61	

switch	may	 yield	 valuable	 insights	 into	RAS	mutation	 selection,	 and	 the	 interplay	 of	RAS	

oncogenes	 and	 their	 proto-oncogenes.	 While	 further	 studies	 are	 needed	 to	 identify	 the	

mechanism	 of	 this	 selection,	 we	 conclude	 that	 Kras	 mutations	 are	 not	 only	 carcinogen-

dependent,	but	are	influenced	by	germline	differences	that	alter	the	expression	of	WT	Kras.		
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Carcinogen	induced	tumors	develop	potentially	oncogenic	mutations	in	known	drivers,	while	

genetically	induced	tumors	develop	CNAs	

	 We	 focused	our	 search	 for	additional	driver	mutations	on	genes	known	 to	harbor	

bona	 fide	 driver	mutations	 in	 human	 cancers17,18	 (see	Methods).	 Sixty-five	 consequential	

SNVs	in	49	of	these	genes	were	validated,	most	involving	amino	acids	conserved	between	

mouse	and	human.	SNVs	in	Akt1,	Atm,	Rnf43,	Notch1,	Ret,	and	Rb1,	in	particular,	occurred	at	

positions	homologous	to	mutations	in	human	cancers	(Table	1).		

	 The	observation	that	KrasLA2	tumors	have	on	average	15-fold	fewer	SNVs	than	MNU-

induced	 tumors	 (Fig.	 1b),	 despite	 sharing	 similar	 histology	 and	 the	 same	Kras	mutation,	

suggested	there	are	additional	factors	influencing	tumorigenesis	in	these	samples.	Indeed,	

we	found	that	copy	number	aberrations	(CNAs)	are	widespread	in	KrasLA2	tumors	(average	

=	 3.25)	 but	 infrequent	 in	 carcinogen-induced	 tumors	 (average	 =	 0.07),	 and	 hierarchical	

clustering	by	 copy-number	profile	 clearly	 segregated	 the	 carcinogen-induced	and	KrasLA2	

tumors	into	different	groups	(Fig.	4).	Most	KrasLA2	tumors	(9/12)	showed	amplification	of	

Kras,	mainly	 via	 gain	 of	 one	 copy	 of	 chromosome	6.	 These	 tumors	 also	 carried	 common	

gains	on	chromosomes	2,	10,	12,	15,	and	17,	and	deletions	on	chromosomes	4,	9,	11,	and	17	

(Fig.	 5),	 consistent	 with	 previously	 published	 aCGH	 results	 from	 the	KrasLA2	 model19.	 In	

contrast,	carcinogen-induced	tumors	had	very	few	CNAs	and	aneuploidies.		

A	summary	of	SNVs	and	CNAs	involving	driver	genes	reveals	that	all	SNVs	occurred	

in	carcinogen-induced	tumors	and	overwhelmingly	showed	the	signature	of	 the	 initiating	

carcinogen	(Fig.	5).	This	suggests	that	carcinogen	models	produce	tumors	with	a	diversity	

of	 potential	 secondary	 driver	 SNVs,	 recapitulating	 in	 part	 the	 mutational	 heterogeneity	

seen	 in	 human	 cancer.	 One	 MNU-induced	 tumor	 harbored	 an	 E40K	 mutation	 in	 Akt1,	
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generating	 a	 constitutively	 active	 oncoprotein20,	 and	 an	 early	 nonsense	 mutation	 in	 the	

tumor	 suppressor	 gene	Pax5.	 Together	with	Kras	 G12D,	 this	 tumor	 had	 three	 functional	

mutations	 in	 cancer	drivers,	 all	MNU	signature	mutations	 likely	 induced	 in	 the	 same	cell	

following	MNU	treatment.	Although	the	KrasLA2	 tumors	had	no	SNVs	in	established	driver	

genes,	 some	 exhibited	 CNAs	 involving	 driver	 genes	 mutated	 in	 the	 carcinogen-induced	

tumors	 (Fig.	 5).	 Further	 evidence	 for	 the	 role	 of	 CNAs	 in	 genetically	 engineered	 mouse	

models	of	cancer	is	provided	by	a	recent	report	showing	that	mouse	small-cell	lung	cancers	

induced	 by	 inactivation	 of	 Trp53	 and	 Rb1	 exhibit	 many	 CNAs,	 but	 a	 paucity	 of	 SNVs21.	

Similarly,	 mouse	 lung	 tumors	 induced	 by	 Cre-activation	 of	KrasLSL-G12D	 exhibit	 extremely	

few	exome-wide	SNVs	(personal	communication,	Tyler	Jacks).	We	conclude	that	carcinogen	

and	genetic	models	show	fundamental	differences	in	patterns	of	genomic	alterations,	and	

that	 the	 requirement	 for	 CNAs	 may	 be	 abrogated	 by	 the	 high	 frequency	 of	 carcinogen-

induced	SNVs—a	reciprocal	relationship	also	seen	in	a	recent	analysis	of	TCGA	sequencing	

of	several	thousand	human	tumors22.		

	

Adenocarcinomas	 induced	 with	 urethane	 recapitulate	 the	 observed	 mutational	

signature	and	display	signs	of	genomic	instability	

To	 understand	 the	 processes	 operative	 in	 progression	 to	 adenocarcinoma,	 we	

performed	WES	on	9	FVB/N	and	13	A/J	strain	urethane-induced,	histologically	confirmed	

lung	 adenocarcinomas.	 The	 observed	 urethane-signature	 A>G	 and	 A>T	 substitutions	

recapitulate	 the	 rates	 and	 patterns	 seen	 in	 the	 adenomas	 with	 remarkable	 fidelity,	

validating	 the	utility	of	mouse	carcinogen	models	 to	 resolve	 complex	mutational	 spectra.	

Further	 analysis	 revealed	 a	 significant	 increase	 of	 the	 CGN>A	 signature	 of	 genomic	
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instability	 in	 both	 FVB/N	 and	 A/J	 adenocarcinomas	 (Fig.	 6).	 This	 elevation	 cannot	 be	

attributed	 solely	 to	 tumor	 age,	 as	 the	 FVB/N	 adenocarcinomas	 and	 adenomas	 were	

harvested	following	the	same	20-week	protocol.	

Most	 adenocarcinomas	 harbored	 Q61R	 mutations	 in	 Kras.	 Although	 urethane	 is	

known	 to	 induce	 Kras	 Q61L	 lung	 adenomas	 in	 A/J	 mice,	 adenocarcinomas	 from	 these	

animals	 harbor	 predominantly	Kras	 Q61R	mutations23.	 Eleven	 additional	 SNVs	 in	 driver	

genes	were	identified,	as	well	as	3	SNVs	in	the	reported	mouse	lung	adenoma	suppressor	

gene	 Fat424.	 Compared	 to	 the	 urethane-induced	 adenomas,	 the	 adenocarcinomas	 are	

enriched	for	tumors	with	SNVs	in	high-likelihood	driver	genes	other	than	Kras	(Fisher	p	=	

0.046),	as	well	as	 tumors	harboring	CGN>A	transitions	 in	 these	genes	(Fisher	p	=	0.034).	

These	data	suggest	that	CGN>A	transitions	may	play	a	role	in	progression	of	adenomas	to	

adenocarcinomas.		

	

Human	 lung	 tumors	 develop	 oncogenic	 lesions	 similar	 to	 those	 observed	 in	

carcinogen-induced	mouse	tumors	

A	 comparison	 of	 all	 validated	 carcinogen-induced	 mouse	 mutations	 with	WES	 of	

human	lung	adenocarcinoma	(TCGA	LUAD,	n	=	230)	revealed	substantial	overlap	in	driver	

genes	harboring	consequential	mutations,	both	overall	and	in	KRAS-mutant	tumors	(Table	

2).	Some	of	the	most	frequently	mutated	genes	in	the	mouse	tumors	(Arid1b,	Atm,	Crebbp,	

Mll2,	 Rb1)	 were	 also	 frequently	 mutated	 in	 the	 human	 tumors.	 Many	 of	 the	 mouse	

mutations	 occurred	 near	 mutations	 identified	 in	 TCGA	 LUAD,	 including	 functional	

mutations	in	Akt1,	Atm,	and	Cbl.	In	addition,	the	driver	genes	ALK,	APC,	JAK2,	MET,	and	NF1,	

commonly	mutated	in	human	NSCLC10,	were	mutated	in	the	mouse	tumors.		
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Discussion	

Understanding	 the	 environmental	 factors	 influencing	 tumor	 development	 is	

paramount	 both	 to	 developing	 a	 more	 detailed	 picture	 of	 cancer	 biology,	 as	 well	 as	 to	

optimizing	cancer	prevention	strategies.	Current	research	in	human	tumors	has	suggested	

that	 carcinogen	 exposure	 can	 be	 inferred	 from	 the	 spectrum	of	mutations	 observed	 in	 a	

mature	 cancer25.	 If	 validated,	 this	 strategy	 of	 cancer	 analysis	 has	 the	 potential	 to	 shed	

invaluable	light	on	what	kinds	of	environmental	factors	drive	tumor	development,	and	also	

on	the	mechanistic	effect	these	factors	have	on	the	evolving	tumor	genome.		

In	this	work	we	have	demonstrated	unequivocally	that	carcinogen	exposure	leaves	

telltale	signatures	that	can	be	detected	in	the	variants	observed	in	the	tumor	genome.	Using	

two	different	carcinogens	we	have	successfully	recapitulated	the	chemical	specificity	of	the	

inducing	agent	 from	the	spectrum	of	observed	SNVs.	Further,	we	have	shown	that	 tumor	

evolution	 is	driven	by	 the	carcinogenic	context,	with	chemically	 induced	tumors	showing	

high	SNV	burdens,	and	genetically	induced	tumors	showing	low	SNV	burdens	and	high	CNA	

burdens.	 This	 dichotomy	 is	 supported	 in	 human	 data,	 with	 recent	 publication	 from	 the	

cancer	genome	atlas	(TCGA)	showing	a	similar	distribution22	.	

We	have	also	discovered	a	relationship	between	wild	type	Kras	and	oncogenic	Kras	

allele	 specificity.	 In	 the	 presence	 of	 an	 intact	 copy	 of	 Kras,	 urethane-induced	 tumors	

developed	Kras	Q61R	lesions,	whereas	mice	lacking	WT	Kras	developed	Q61L	lesions.	This	

finding	may	 reveal	 an	 interaction	 between	 the	 normal	 physiological	 function	 of	 the	Kras	

gene	and	 the	aberrant	 function	of	 the	mutant	allele.	 	Future	work	aimed	at	clarifying	 the	

functional	 differences	 between	 the	 Q61L	 and	 Q61R	 lesions,	 and	 what	 effect	 this	 has	 on	

tumor	development,	will	be	illuminating.		
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Comparing	 early	 lesions	 to	 later,	more	 aggressive,	 adenocarcinomas	 revealed	 that	

the	 mutation	 spectrum	 observed	 in	 urethane-induced	 tumors	 was	 preserved,	 while	 an	

additional	signature	of	genomic	 instability	was	also	prevalent.	This	reflects	known	tumor	

biology,	with	cancers	 typically	possessing	high	 levels	of	 intrinsic	genomic	 instability.	 It	 is	

particularly	interesting	to	note	that	the	observed	spectrum	of	mutations	found	in	excess	in	

the	 adenocarcinomas	 relative	 to	 the	 earlier	 lesions	 was	 similar	 to	 that	 observed	 in	 the	

genetically	 induced	 tumors.	 This	 suggests	 that	 the	 acquired	 influence	 on	 tumor	 genome	

development	 in	more	aggressive	 lesions	 is	similar	to	those	present	(at	a	 low	level)	 in	the	

genetically	induced	tumors.	

As	sequencing	studies	of	human	cancer	continue	to	proliferate	our	understanding	of	

the	 types	 and	 frequencies	 of	 genetic	 lesions	 present	 in	 human	 tumors	 will	 expand	

enormously.	 In	 this	 study	 we	 have	 shown	 that	 it	 is	 possible	 to	 definitively	 identify	 the	

causal	carcinogen	from	the	spectrum	of	lesions	present	in	a	tumor.	We	have	further	shown	

that	 genetic	 and	 chemical	 influences	 exert	 differential	 effects	 on	 the	 developing	 tumor	

genome.	Incorporating	these	insights	into	future	investigations	into	human	data	will	allow	

us	to	more	confidently	identify	the	causal	influences	driving	the	development	of	individual	

tumors,	 and	 subsequently	 better	 understand	 the	 role	 of	 the	 environment	 in	 tumor	

development.	
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Figures	and	tables	

	
Figure	2-1:	Differences	in	mutation	burden	and	spectra	between	carcinogen	and	genetic	models.	

Figure	 2-1:	 Differences	 in	 mutation	 burden	 and	 spectra	 between	 carcinogen	 and	

genetic	 models.	 a),	 Total	 SNVs	 per	 tumor.	 Light	 shades	 denote	 Kras+/-	 genotype.	 All	

comparisons	of	SNVs	between	 treatment	groups	were	 significant	 (p	≤	1.0x10-6,	Wilcoxon	

rank-sum	test,	Holm’s	 correction).	No	significant	differences	were	observed	between	WT	

and	 Kras+/-	 tumors.	 b),	 Unsupervised,	 hierarchical	 clustering	 of	 tumors	 by	 trinucleotide	

context	 substitutions.	 c,	 Stacked	 heatmaps	 of	 mutation	 spectra	 for	 five	 representative	

MNU-induced	 and	 urethane-induced	 tumors	 (see	 Extended	 Data	 Fig.	 1	 for	 all	 tumors).	
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Substitutions	are	shown	below	each	heatmap,	with	5’	and	3’	flanking	base	displayed	on	top	

and	right,	respectively.	
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Figure	2-2:	Observed	histologies	and	distribution	by	initiating	oncogene.	

Figure	 2-2:	 Observed	 histologies	 and	 distribution	 by	 initiating	 oncogene.	 a),	

Representative	 slides	of	 the	 three	observed	histologies.	b),	 Proportions	of	 each	histology	

grouped	by	initiating	oncogene.		
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Figure	2-3:	Kras	allele	specificity	by	Kras	genotype.	

Figure	 2-3:	Kras	allele	 specificity	 by	Kras	genotype.	 a),	Observed	Kras	mutations	are	

plotted	 for	all	urethane-treated	 samples.	 Samples	are	 colored	by	germline	Kras	genotype	

(at	left)	and	the	mutant	allele	observed	for	each	sample	is	indicated	by	color	code	at	right.	
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b),	 The	data	plotted	 in	a	 are	displayed	as	 a	barplot.	 The	difference	 in	 the	distribution	 is	

significant	(Fisher’s	Exact	test).	c,	Mutation	rates	for	the	casual	lesions	which	result	in	the	

Q61L	and	Q61R	oncogenic	Kras	isoforms	are	plotted	for	Kras	WT	and	heterozygous	mice.		 	
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Figure	2-4:	Distinct	copy	number	profiles	of	genetically-	and	chemically-induced	tumors.	

Figure	 2-4:	 Distinct	 copy	 number	 profiles	 of	 genetically	 and	 chemically	 induced	

tumors.	 Unsupervised,	 hierarchical	 clustering	 of	 log2	 transformed	 read	 count	 ratios.	

KrasLA2	 tumors	 showed	 a	 significantly	 higher	 number	 of	 CNAs	 compared	 to	 carcinogen-

induced	tumors	(p	=	4.3-10,	Wilcoxon	rank-sum	test).	Chromosomes	are	aligned	head	to	tail	

on	 the	 X	 axis,	 starting	 at	 the	 left.	 Samples	 are	 labeled	 by	 treatment	 and	 genotype,	 with	

Kras+/-	samples	appearing	as	light	blue	and	light	red.	Sample	SNV	burden	is	displayed	along	

the	Y-axis	in	greyscale.		
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Figure	 2-5:	 Consequential	 SNVs	 in	 high-likelihood	 driver	 genes	 only	 occur	 in	 carcinogen-induced	

tumors.	

Figure	 2-5:	 Consequential	 SNVs	 in	 high-likelihood	 driver	 genes	 only	 occur	 in	

carcinogen-induced	 tumors.	 All	 missense	 and	 nonsense	 SNVs,	 amplifications,	 and	

deletions	 in	 genes	 listed	 in	 Extended	Data	Table	 2	 are	 displayed.	KrasLA2,	 urethane-,	 and	
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MNU-induced	tumors	are	denoted	above	in	green,	blue,	and	red,	respectively,	with	lighter	

shading	 denoting	Kras+/-	 genotype.	 SNVs	 with	 unequivocal	 evidence	 of	 consequence	 are	

bordered	in	black.	All	SNVs,	excepting	those	marked	with	an	asterisk,	are	concordant	with	

the	signature	mutations	of	the	inducing	carcinogen.	The	bottom	panel	shows	total	SNVs	per	

tumor	(NS	=	nonsynonymous,	S	=	synonymous).		
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Figure	2-6:	Adenocarcinomas	show	enrichment	for	a	signature	of	genomic	instability.	

Figure	2-6:	Adenocarcinomas	show	enrichment	for	a	signature	of	genomic	instability.	

Breakdown	 of	 G>A	 transitions	 in	 A/J	 and	 FVB/N	 adenocarcinomas	 reveals	 significant	

increases	 in	 CGN>A	 (NCG>T)	 transition	 rates	 over	 FVB/N	 adenomas	 (p	 =	 0.00047	 and	

0.0143,	respectively,	Wilcoxon	rank-sum),	despite	similar	rates	and	patterns	of	other	G>A	

transitions.	 Mutation	 counts	 per	 tumor	 were	 normalized	 to	 total	 length	 of	 sequenced	

trinucleotide	contexts	in	each	tumor	and	averaged.	Error	bars	represent	SEM.	
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Table	2-1:	Observed	SNVs	and	comparison	results	to	human	cancer.	

Mouse	 lung	

adenoma	 cancer	

driver	 gene	 SNVs	

compared	against	

COSMIC	 database	

of	human	cancers	

	 	 	 	 	 	
GENE	

BP_CHA

NGE	

AA_CHA

NGE	
query	

no_muts

_total	

no_muts

_lung	

query_p

osition	

n_mut_p

osition	

n_mut_s

ame	

closest_

mut	

n_mut_1

0aa_win	

mm_

hs_id

_aa	

Atm	 C1100T	 S367F	 ATM	 883	 80	 367	 1	 1	 0	 2	 yes	

Akt1	 G118A	 E40K	 AKT1	 230	 17	 40	 1	 1	 0	 12	 yes	

Rnf43	 G1112A	 R371K	 RNF43	 114	 8	 371	 2	 0	 0	 2	 yes	

Notch1	 G1040A	 G347D	

NOTCH

1	 1384	 61	 347	 1	 0	 0	 8	 yes	

Ret	 G2909A	 R970K	 RET	 680	 32	 969	 1	 0	 0	 2	 yes	

Rb1	 C2231T	 S744F	 RB1	 539	 111	 751	 1	 0	 0	 15	 yes	

Cbl	 C1202T	 S401F	 CBL	 297	 27	 403	 0	 0	 1	 54	 yes	

Men1	 G505A	 G169R	 MEN1	 382	 22	 163	 0	 0	 1	 21	 yes	

Met	 A3586C	 K1196Q	 MET	 310	 59	 1216	 0	 0	 2	 10	 yes	

Dnmt3a	 G1054A	 A352T	

DNMT3

A	 1317	 27	 575	 0	 0	 2	 9	 yes	

Kit	 C2183T	 P728L	 KIT	 5971	 34	 726	 0	 0	 2	 8	 yes	

Ptch1	 A2744G	 N915S	 PTCH1	 568	 26	 929	 0	 0	 3	 8	 yes	

Arid1a	 C1559T	 S520F	 ARID1A	 743	 56	 519	 0	 0	 2	 7	 yes	

Pdgfra	 G2629A	 D877N	 PDGFRA	 1079	 62	 877	 0	 0	 4	 6	 yes	

Crebbp	 C4057T	 P1353S	 CREBBP	 422	 61	 1352	 0	 0	 2	 5	 yes	

Arid1a	 A3860G	 D1287G	 ARID1A	 743	 56	 1286	 0	 0	 1	 4	 yes	

Notch2	 C1276T	 P426S	

NOTCH

2	 260	 49	 426	 0	 0	 4	 3	 yes	

Pdgfra	 A2132T	 N711I	 PDGFRA	 1079	 62	 711	 0	 0	 3	 3	 yes	

Brca2	 G8461A	 D2821N	 BRCA2	 357	 40	 2900	 0	 0	 4	 3	 yes	

Gata2	 A1127G	 Y376C	 GATA2	 98	 6	 376	 0	 0	 3	 3	 yes	

Ncor1	 G4321A	 E1441K	 NCOR1	 175	 26	 1431	 0	 0	 4	 3	 yes	
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Brca1	 C73T	 P25S	 BRCA1	 190	 31	 25	 0	 0	 4	 3	 yes	

Map3k9	 C2333T	 T778I	

MAP3K

9	 67	 25	 822	 0	 0	 2	 3	 yes	

Map3k1	 G2065A	 D689N	

MAP3K

1	 157	 9	 530	 0	 0	 3	 3	 yes	

Rb1	 C2297T	 S766F	 RB1	 539	 111	 773	 0	 0	 1	 3	 yes	

Crebbp	 C5668T	 P1890S	 CREBBP	 422	 61	 1889	 0	 0	 2	 3	 yes	

Arid1b	 C4688T	 S1563F	 ARID1B	 139	 34	 1550	 0	 0	 2	 3	 yes	

Med12	 A5953G	 T1985A	 MED12	 652	 40	 1980	 0	 0	 4	 3	 yes	

Sf3b1	 C608T	 T203I	 SF3B1	 882	 24	 203	 0	 0	 3	 2	 yes	

Asxl1	 G886A	 G296R	 ASXL1	 870	 24	 296	 0	 0	 6	 2	 yes	

Fgfr3	 G1615A	 A539T	 FGFR3	 3143	 11	 544	 0	 0	 4	 2	 yes	

Card11	 G2566C	 E856Q	 CARD11	 257	 35	 856	 0	 0	 4	 2	 yes	

Flt3	 G2365A	 E789K	 FLT3	 997	 30	 786	 0	 0	 2	 2	 yes	

Cic	 G1442A	 G481E	 CIC	 129	 23	 481	 0	 0	 4	 2	 yes	

Ep300	 G2920A	 E974K	 EP300	 267	 29	 975	 0	 0	 1	 2	 yes	

Arid1b	 C1691T	 P564L	 ARID1B	 139	 34	 554	 0	 0	 7	 2	 yes	

Axin1	 G2179A	 A727T	 AXIN1	 236	 7	 721	 0	 0	 3	 2	 yes	

Pax5	 G336A	 W112X	 PAX5	 113	 14	 112	 0	 0	 1	 2	 yes	

Idh1	 G929A	 G310D	 IDH1	 5453	 8	 310	 0	 0	 1	 1	 yes	

Gata3	 G586A	 E196K	 GATA3	 144	 15	 197	 0	 0	 2	 1	 yes	

Hnf1a	 C1459T	 P487S	 HNF1A	 237	 13	 488	 0	 0	 7	 1	 yes	

Cic	 G871A	 G291R	 CIC	 129	 23	 291	 0	 0	 4	 1	 yes	

Cic	 A4294T	 I1432F	 CIC	 129	 23	 1436	 0	 0	 4	 1	 yes	

Dnmt1	 G2518A	 A840T	 DNMT1	 104	 11	 838	 0	 0	 2	 1	 yes	

Atm	 G6599A	 R2200K	 ATM	 883	 80	 2191	 0	 0	 4	 1	 yes	

Atm	 G1942A	 E648K	 ATM	 883	 80	 649	 0	 0	 7	 1	 yes	

Fgfr4	 C878T	 A293V	 FGFR4	 62	 18	 296	 0	 0	 5	 1	 yes	

Crebbp	 C2798T	 T933I	 CREBBP	 422	 61	 932	 0	 0	 5	 1	 yes	

Ppp2r1

a	 C1568T	 P523L	

PPP2R1

A	 158	 20	 523	 0	 0	 8	 1	 yes	

Alk	 G397A	 G133R	 ALK	 412	 55	 129	 0	 0	 3	 1	 yes	

Apc	 C6247T	 Q2083X	 APC	 3790	 52	 2084	 0	 0	 6	 1	 yes	

Jak2	 G3028A	 V1010I	 JAK2	 35177	 34	 1010	 0	 0	 4	 1	 yes	
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Fgfr3	 G1444A	 V482I	 FGFR3	 3143	 11	 487	 0	 0	 13	 0	 yes	

Map2k1	 G1051A	 D351N	

MAP2K

1	 98	 23	 351	 0	 0	 15	 0	 yes	

Tnfaip3	 C125T	 T42I	

TNFAIP

3	 242	 13	 42	 0	 0	 11	 0	 yes	

Map3k9	 G686A	 R229K	

MAP3K

9	 67	 25	 236	 0	 0	 10	 0	 yes	

Map3k9	 G256A	 G86S	

MAP3K

9	 67	 25	 93	 0	 0	 10	 0	 yes	

Arid1b	 C4820T	 S1607F	 ARID1B	 139	 34	 1594	 0	 0	 16	 0	 yes	

Kdm5c	 A2705T	 Q902L	 KDM5C	 128	 18	 902	 0	 0	 10	 0	 yes	

Asxl1	 C1288T	 P430S	 ASXL1	 870	 24	 430	 0	 0	 11	 0	 no	

Klf4	 A247G	 S83G	 KLF4	 67	 6	 85	 0	 0	 4	 1	 no	

Nf1	 G1472A	 C491Y	 NF1	 715	 95	 491	 0	 0	 2	 4	 no	

Daxx	 G1786A	 D596N	 DAXX	 88	 13	 595	 0	 0	 7	 2	 no	

Atrx	 G2599A	 G867R	 ATRX	 290	 55	 885	 0	 0	 8	 1	 no	

Kdm5c	 A3535G	 T1179A	 KDM5C	 128	 18	 1179	 0	 0	 9	 2	 no	

Gnas	 G2410A	 V804I	

Homolog	

can't	 be	

found	 NA	 NA	 NA	 NA	 NA	 NA	 NA	 NA	

Fgfr2	 T1201C	 C401R	

Homolog	

can't	 be	

found	 NA	 NA	 NA	 NA	 NA	 NA	 NA	 NA	

Mll2	 C7705T	 P2569S	

Not	

present	

in	

COSMIC	 NA	 NA	 NA	 NA	 NA	 NA	 NA	 NA	

Mll2	 G4054A	 A1352T	

Not	

present	

in	

COSMIC	 NA	 NA	 NA	 NA	 NA	 NA	 NA	 NA	

Fam123

b	 G250A	 V84I	

Not	

present	

in	

COSMIC	 NA	 NA	 NA	 NA	 NA	 NA	 NA	 NA	
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Table	2-2:	Comparison	of	mutations	involving	driver	genes	in	all	carcinogen-induced	mouse	lung	

tumors	and	human	lung	adenocarcinoma.	

Gene	 LUAD	obs	

LUAD	

%	

KRAS	 LUAD	

obs	

KRAS	 LUAD	

%	

Mouse	

obs	

Mouse	

%	

AKT1	 2	 0.9	 1	 1.5	 1	 1.1	

ALK	 19	 8.3	 5	 7.4	 1	 1.1	

APC	 9	 3.9	 2	 2.9	 1	 1.1	

ARID1A	 17	 7.4	 5	 7.4	 2	 2.2	

ARID1B	 10	 4.3	 5	 7.4	 3	 3.3	

ASXL1	 4	 1.7	 0	 0	 2	 2.2	

ATM	 25	 10.9	 13	 19.1	 3	 3.3	

ATRX	 15	 6.5	 3	 4.4	 1	 1.1	

AXIN1	 2	 0.9	 1	 1.5	 1	 1.1	

B2M	 1	 0.4	 0	 0	 1	 1.1	

BRCA1	 7	 3	 2	 2.9	 1	 1.1	

BRCA2	 11	 4.8	 4	 5.9	 1	 1.1	

CARD11	 14	 6.1	 4	 5.9	 1	 1.1	

CBL	 4	 1.7	 1	 1.5	 1	 1.1	

CIC	 3	 1.3	 1	 1.5	 2	 2.2	

CREBBP	 10	 4.3	 4	 5.9	 3	 3.3	

DAXX	 2	 0.9	 1	 1.5	 1	 1.1	

DNMT3A	 6	 2.6	 3	 4.4	 2	 2.2	
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EP300	 2	 0.9	 1	 1.5	 1	 1.1	

EZH2	 4	 1.7	 1	 1.5	 1	 1.1	

FAM123B	 14	 6.1	 6	 8.8	 1	 1.1	

FBXW7	 4	 1.7	 3	 4.4	 1	 1.1	

FGFR2	 5	 2.2	 1	 1.5	 1	 1.1	

FGFR3	 1	 0.4	 1	 1.5	 2	 2.2	

FGFR4	 3	 1.3	 0	 0	 1	 1.1	

FLT3	 11	 4.8	 1	 1.5	 1	 1.1	

GATA2	 1	 0.4	 1	 1.5	 1	 1.1	

GATA3	 6	 2.6	 1	 1.5	 1	 1.1	

GNA11	 0	 0	 0	 0	 1	 1.1	

HNF1A	 0	 0	 0	 0	 1	 1.1	

IDH1	 3	 1.3	 2	 2.9	 1	 1.1	

JAK2	 9	 3.9	 6	 8.8	 1	 1.1	

KDM5C	 5	 2.2	 2	 2.9	 2	 2.2	

KIT	 5	 2.2	 3	 4.4	 1	 1.1	

KLF4	 3	 1.3	 0	 0	 1	 1.1	

MAP3K1	 4	 1.7	 2	 2.9	 2	 2.2	

MAP3K9	 6	 2.6	 2	 2.9	 3	 3.3	

MED12	 16	 7	 6	 8.8	 1	 1.1	

MEN1	 1	 0.4	 1	 1.5	 2	 2.2	

MET	 17	 7.4	 3	 4.4	 1	 1.1	
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MLL2	 19	 8.3	 8	 11.8	 3	 3.3	

MTUS1	 4	 1.7	 0	 0	 4	 4.3	

NCOR1	 11	 4.8	 3	 4.4	 1	 1.1	

NF1	 30	 13	 1	 1.5	 1	 1.1	

NF2	 1	 0.4	 0	 0	 1	 1.1	

NOTCH2	 7	 3	 2	 2.9	 1	 1.1	

PAX5	 1	 0.4	 0	 0	 1	 1.1	

PDGFRA	 15	 6.5	 6	 8.8	 2	 2.2	

PPP2R1A	 4	 1.7	 0	 0	 2	 2.2	

PTCH1	 11	 4.8	 4	 5.9	 1	 1.1	

RB1	 10	 4.3	 2	 2.9	 6	 6.5	

RET	 9	 3.9	 3	 4.4	 1	 1.1	

RNF43	 3	 1.3	 0	 0	 1	 1.1	

SETD2	 20	 8.7	 4	 5.9	 1	 1.1	

SF3B1	 5	 2.2	 0	 0	 1	 1.1	

TNFAIP3	 2	 0.9	 1	 1.5	 1	 1.1	

VHL	 0	 0	 0	 0	 1	 1.1	

Table	2-2:	Comparison	of	mutations	involving	driver	genes	in	all	carcinogen-induced	

mouse	 lung	 tumors	 and	 human	 lung	 adenocarcinoma.	 LUAD	 refers	 to	 lung	

adenocarcinoma,	KRAS	LUAD	refers	to	human	cancer	cases	that	possess	an	oncogenic	KRAS	

mutation.			
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Methods	

Mouse	strains	and	tumor	induction	

	 KrasLA2	and	KrasLSL-G12D	alleles,	originally	on	a	C57BL6/129/SvJae	background,	were	

backcrossed	onto	the	FVB/N	genetic	background	for	more	than	20	generations.	Mice	were	

treated	with	 urethane	 (1	 g/kg)	 or	MNU	 (50	mg/kg)	 dissolved	 in	 PBS	 by	 intraperitoneal	

injection	 at	 ~7-12	weeks	 of	 age.	 Lung	 tumors	 from	mice	 induced	with	 carcinogen	were	

harvested	 at	 ~20	 weeks	 after	 injection,	 or	 ~32	 weeks	 in	 the	 A/J	 animals,	 while	

spontaneous	 lung	 tumors	were	 collected	 from	KrasLA2	mice	at	~9	months	of	 age.	For	 the	

urethane-induced	adenomas,	18	tumors	from	7	WT	animals	and	26	tumors	from	9	KrasLSL-

G12D	animals	were	 collected.	 For	 the	MNU	 treatment	 group,	5	 tumors	 from	4	WT	animals	

and	 21	 tumors	 from	 3	 KrasLSL-G12D	 animals	 were	 collected.	 	 A	 total	 of	 12	 tumors	 were	

collected	 from	 4	 KrasLA2	 animals.	 8	 histologically	 confirmed	 adenocarcinomas	 were	

collected	 from	4	FVB/N	KrasLSL-G12D	animals,	 and	1	 from	a	WT	FVB/N	animal.	13	 tumors,	

including	 10	 histologically	 confirmed	 adenocarcinomas,	 were	 collected	 from	 7	 WT	 A/J	

animals.	 KrasLSL-G12D	 is	 a	 latent	 G12D	 allele	 that	 is	 inactive	 in	 the	 absence	 of	 Cre-

recombinase.	 Importantly,	 lungs	from	KrasLSL-G12D	heterozygous	mice	were	shown	to	have	

an	approximately	2-fold	reduction	of	Kras	mRNA	transcript	and	protein	compared	to	WT	

littermates26.	 Furthermore,	 these	 mice	 had	 more	 and	 larger	 lung	 tumors	 than	WT	mice	

following	carcinogen	treatment26,	similar	to	results	seen	for	animals	heterozygous	for	the	

original	Kras	null	allele27.		

No	animals	or	tumors	were	excluded	from	the	analysis.	Tumors	were	collected	from	

male	and	female	mice,	and	no	sex	differences	were	observed.	No	formal	randomization	was	

performed,	and	all	analyses	were	performed	against	the	entire	set	of	data	 in	an	unbiased	
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manner.	 The	 University	 of	 California	 San	 Francisco	 Laboratory	 Animal	 Resource	 Center	

approved	all	animal	experiments.	

	

DNA	Isolation	and	sequencing	

	 Formalin-fixed	 or	 flash-frozen	 tumors	 free	 of	 visible	 normal	 tissue	were	 digested	

overnight	in	proteinase	K	(Bioline),	phenol,	and	chloroform	purified	using	5	PRIME	Phase	

Lock	 Gel	 Heavy	 Tubes	 (Fisher	 Scientific).	 Integrity	 of	 genomic	 DNA	 was	 assessed	 by	

electrophoresis	 on	 1%	 agarose	 gels,	 and	 concentration	 was	 determined	 by	 nanodrop	

spectrophotometry	 and	 PicoGreen	 (Invitrogen).	 Exome	 enrichment	 and	 sequencing	

genomic	libraries	were	prepared	using	the	Illumina	Paired	End	Sample	Prep	Kit	following	

manufacturer	instructions.	Enrichment	was	performed	as	described	previously28	using	the	

Agilent	SureSelect	Mouse	All	Exon	kit	following	the	manufacturer’s	recommended	protocol.	

Each	 exome	 was	 sequenced	 using	 a	 76bp	 paired-end	 protocol	 on	 the	 Illumina	 platform	

(GAII	or	HiSeq2000).		

	

Sequence	alignment,	processing	and	quality	control	

	 Tumor	 .bam	files	were	aligned	to	the	GRCm38/mm10	version	of	the	Mus	musculus	

genome	using	BWA	 (version	0.5.9)29.	 After	 alignment,	 duplicates	were	marked	 and	mate	

information	was	fixed	using	Picard	(version	1.80;	http://picard.sourceforge.net/).	We	then	

recalibrated	base	quality	score	and	realigned	reads	around	indels	using	GATK	(version	2.2-

15)30.	Finally,	alignment	and	coverage	metrics	were	collected	using	Picard.	We	sequenced	

an	average	of	75	million	unique	on-target	reads	per	tumor.	Targeted	bases	were	sequenced	

to	 a	mean	 depth	 of	 72,	 and	 greater	 than	 88%	 of	 targeted	 bases	were	 sequenced	 to	 20X	
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coverage	 or	 greater.	 There	 were	 no	 significant	 differences	 in	 depth	 of	 coverage	 or	

proportion	of	regions	covered	to	20X	between	tumor	induction	groups.		

	

Identification	of	SNVs	and	annotation	

	 SNVs	were	identified	using	the	somatic	variant	detection	program,	MuTect	(version	

1.1.4)31.	Tumors	were	called	against	DNA	taken	from	normal	tail	skin	isolated	from	two	WT	

FVB/N	control	samples.	GRCm38/mm10	served	as	the	reference	during	analysis.	Each	set	

of	 variants	 was	 then	 subset	 to	 those	 variants	 that	 passed	 MuTect	 filters	 and	 had	 a	

minimum	read	depth	of	12.	The	 intersection	of	both	callsets	was	 then	 filtered	 for	known	

variants	from	the	database	of	mouse	variation	available	at	ftp-mouse.sanger.ac.uk	(release	

1303,	 mgp.v3).	 Variants	 found	 only	 in	 Mus	 spretus,	 Mus	 castaneus,	 or	 Mus	 musculus	

musculus	were	not	used	for	filtration.	All	samples	were	also	filtered	for	variants	observed	

in	a	panel	of	 six	 controls.	These	 comprised	 the	 two	WT	samples	used	 for	variant	 calling,	

two	KrasLA2	mice,	and	two	KrasLSL-G12D	heterozygous	mice.	These	mice	were	then	analyzed	

for	 germline	 polymorphisms	 using	 FreeBayes	 (version	 0.9.8;	

http://arxivorg/abs/1207.3907),	 UnifiedGenotyper	 (version	 2.2-15)30	 and	 mpileup	

(version	0.1.18)32.	 Variants	 detected	by	 each	program	were	 then	 filtered	 for	 sites	with	 a	

minimum	quality	 of	 50	 and	minimum	depth	of	 10.	Variants	 called	by	 a	minimum	of	 two	

callers	 were	 used	 to	 filter	 variants.	 Surviving	 variants	 were	 annotated	 using	 Annovar	

(downloaded	 on	 5/9/2013)33.	 A	 final	 level	 of	 filtration	 was	 performed	 on	 variants	 that	

showed	 clear	 clustering	by	mouse,	which	were	 called	 SNPs	 and	discarded.	 In	KrasLSL-G12D	

mice,	MNU-induced	G12D	mutation	of	the	WT	allele	was	clearly	distinguished	from	latent	
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G12D	on	 the	KrasLSL-G12D	 allele	by	observation	of	 a	nearby	SNP,	 unique	 to	 the	KrasLSL-G12D	

allele,	in	the	exome-sequencing	reads	as	well	as	Sanger	sequencing.	

	

Mutation	spectra	analysis	

	 SNVs	 in	 all	 tumors	 were	 annotated	 by	 the	 96	 possible	 trinucleotide	 context	

substitutions	(6	types	of	substitutions	x	4	possible	 flanking	5'-bases	x	4	possible	 flanking	

3'-bases)	and	summed	in	each	tumor,	creating	a	matrix	of	82	tumors	x	96	substitutions.	For	

hierarchical	 clustering,	 these	 counts	 were	 converted	 to	 per	 tumor	 proportions	 and	

clustered	 by	 Euclidean	 distance	 and	 similarity	 computed	 by	 nearest	 neighbor	 in	 R.	

Mutation	 spectra	 bar	 plots	were	 created	 by	 dividing	 each	 totaled	 type	 of	 substitution	 in	

each	 tumor	 by	 the	 total	 number	 of	 successfully	 sequenced	 contexts	 (defined	 as	 ≥	 10X	

coverage)	in	that	tumor	corresponding	to	each	substitution,	retrieved	from	mpileup	of	the	

.bams	 in	samtools.	The	resulting	per-tumor	substitution	rates	were	 then	averaged	across	

all	tumors	in	the	respective	treatment	groups.	

	

Prioritization	of	high-likelihood	driver	genes	

	 We	 explored	 a	 recently	 published	 gene	 prioritization	 approach	 that	 specifically	

addresses	the	phenomenon	of	spurious	enrichment	of	 longer	genes	by	adjusting	 for	gene	

expression	and	replication	timing3.	However,	given	the	scarcity	of	recurrent	variants	in	our	

dataset	limiting	the	utility	of	this	approach,	we	decided	to	prioritize	variants	that	occurred	

in	 genes	 described	 by	 Vogelstein	 et	 al.	 (2013)	 as	 known	 to	 harbor	 bona	 fide	 driver	

mutations	 in	 cancer18,	 as	 well	 as	 the	 recently	 identified	 lung	 cancer	 driver	 genes	 Fgfr4,	

Map3k9,	and	Pak517.	In	particular,	Vogelstein	et	al.	described	a	stringent	list	of	125	driver	
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genes	harboring	subtle	mutations	based	on	the	criteria	 that	>20%	recorded	mutations	 in	

oncogenes	 must	 be	 recurrent	 and	 missense,	 and	 >20%	 recorded	 mutations	 in	 tumor	

suppressors	 must	 be	 inactivating.	 Variants	 were	 compared	 to	 known	 human	 somatic	

mutations	as	available	via	the	COSMIC	database34.	Briefly,	the	mouse	and	human	sequences	

for	 homologous	 proteins	 were	 pairwise	 aligned	 using	 Clustal	 Omega35	 and	 the	 human	

protein	position	homologous	to	the	mouse	mutation	was	used	to	query	COSMIC	for	known	

missense	 and	 nonsense	 mutations	 at	 or	 surrounding	 this	 peptide	 position.	 Local	

conservation	was	determined	after	sequence	alignment	using	a	+/-	10	amino	acid	residue	

window	surrounding	the	substituted	amino	acid.	

	

Validation	of	SNVs	

	 SNVs	 were	 validated	 by	 either	 Sequenom	 MassARRAY	 or	 conventional	 Sanger	

sequencing.	SNVs	were	called	validated	if	they	were	detected	in	the	tumor	but	not	matched	

normal	DNA.	A	subset	of	SNVs	which	failed	both	methods	for	technical	reasons	was	called	

validated	 if	 individual	 inspection	 of	 the	 aligned	 reads	 in	 tumors	 and	 controls	 strongly	

supported	 validity,	 as	 performed	 in	 previous	 studies36.	 Altogether,	 validation	 was	

attempted	on	401	SNVs	from	the	adenomas.	A	total	of	11	failed	for	technical	reasons,	and	

13	 were	 inconclusive.	 A	 total	 of	 17	 variants	 were	 validated	 by	 visual	 inspection,	

representing	 4.2%	 of	 the	 401	 variants	 tested.	 SNVs	 tested	 by	 Sequenom	 were	 called	

inconclusive	if	the	SNV	was	observed	in	the	tumor	but	failed	in	the	control,	or	the	SNV	was	

observed	 in	 the	 tumor	and	not	 the	matched	normal	control,	but	was	observed	 in	control	

tissue	 from	 another	mouse.	 SNVs	 tested	 by	 visual	 inspection	were	 called	 inconclusive	 if	

inspection	suggested	somatic	origin,	but	total	variant	reads	were	less	than	10.	The	overall	
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validation	 rate	 (excluding	 inconclusive	 SNVs)	 was	 87%.	 The	 Sequenom	 validation	 rate	

alone	was	86%.	The	vast	majority	of	Kras	mutations	were	validated	by	Sanger	sequencing,	

although	a	small	subset	went	undetected	by	this	method	despite	confirmation	by	manual	

inspection	 of	 the	 alignments,	 suggesting	 a	 higher	 sensitivity	 afforded	 by	 WES.	 These	

patterns	 confirm	 previous	 results	 on	 carcinogen-specific	 mutations	 in	 Kras5,8,9.	 Sanger	

sequencing	validation	was	attempted	on	20	randomly	selected	CGN>A	transitions	as	well	

as	3	CGN>A	transitions	in	driver	genes	in	the	adenocarcinoma	samples,	15	of	which	passed.	

Alignments	were	 visually	 inspected	 for	 the	 remaining	 8,	 all	 of	 which	 supported	 somatic	

origin,	but	only	one	of	which	had	enough	variant	reads	(>=	10)	to	pass.	 Interestingly,	 the	

inconclusive	variants	and	the	majority	of	the	validated	variants	had	very	low	variant	read	

fractions,	 supporting	 a	 hypothesis	 that	 the	 CGN>A	 mutations	 were	 acquired	 during	

progression	and	are	represented	in	subclonal	tumor	fractions.	

	

Assessment	of	copy	number	from	read	depth	

	 Copy	 number	 was	 estimated	 from	 sequencing	 data	 using	 FREEC	 (version	 v6.4;	

http://bioinfo-out.curie.fr/projects/freec/).	Read	depth	was	compared	between	tumor	and	

control	samples	 to	estimate	copy	number	 in	8	kb	windows,	and	subsequently	segmented	

via	 a	 LASSO	 based	 algorithm37.	 FREEC	was	 run	 with	 the	 following	 parameters:	 window	

size,	 8	 kb;	 step	 size,	 2.5	 kb;	 contaminationAdjustment	 =	 TRUE;	 noisyData	 =	 TRUE;	 BAF	

calculation	activated.	2.5	kb	windows	were	then	aggregated	into	15	kb	bins	by	taking	the	

median	 ratio	 for	 all	 covered	 windows.	 Each	 tumor	 was	 profiled	 against	 the	 two	 WT	

controls	used	for	variant	calling.	Aggregate	profiles	were	generated	for	each	tumor	by	the	

following	 rules:	 if	 either	 ratio	 was	 approximately	 neutral,	 the	 region	 was	 considered	
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neutral;	 if	both	 ratios	were	aberrant	with	 the	 same	directionality,	 the	more	 conservative	

ratio	was	used;	 if	 both	 ratios	were	 aberrant	with	different	 directionality,	 the	 region	was	

discarded.	 Resulting	 merged	 ratios	 were	 then	 inspected	 for	 high	 missing	 rates	 and	 low	

variance,	 which	were	 then	 omitted.	 Additionally,	 several	 small	 regions	 with	 evidence	 of	

technical	artifacts	resulting	in	extremely	consistent	aberration	rates	(greater	than	50%	of	

samples)	across	all	 treatment	groups	were	manually	excluded.	Particularly,	 these	regions	

were	manually	 inspected	 for	 the	 existence	 of	 large	 gene	 families	 that	 could	 account	 for	

misalignments	 and	 result	 in	 spurious	 aneuploidies.	 Short	 spans	on	 chromosomes	1,	 4,	 6,	

and	12	were	discarded	as	artifacts.		

	

Histological	classification	

	 A	 small	 piece	 of	 each	 tumor	was	 collected	 and	 paraffin	 embedded	 for	 pathology,	

sectioned	 to	 6	 μm	 stained	 for	 hematoxylin	 and	 eosin	 (H&E)	 stained.	 Histological	

architecture	was	classified	as	either	papillary,	solid,	or	mixed	papillary	and	solid.	Solid	was	

defined	 as	 histology	 with	 marked	 lack	 of	 papillary	 structure,	 yet	 more	 structure	 than	

traditionally	solid	 lung	adenocarcinomas	 in	humans.	Adenocarcinomas	were	called	based	

on	 large	 size	 and	 the	 presence	 of	 the	 following	 cytological	 criteria:	 tumor	 cell	 crowding,	

scattered	 mitotic	 figures,	 nuclear	 atypia	 (enlargement	 and	 moderate	 pleomorphism),	

nuclear	membrane	irregularity,	and	prominent	nucleoli.	A	 lung	pathologist	blinded	to	the	

study	groups	and	conditions	scored	all	histology.	

	

Human	versus	mouse	mutation	comparison	



	
	

43	

Genes	 included	 in	 this	 comparison	 were	 limited	 to	 known	 driver	 genes	 (see	

Prioritization	 of	 high-likelihood	 driver	 genes)	 harboring	 mutations	 in	 the	 carcinogen-

induced	mouse	tumors.	The	TCGA	LUAD	WES	.vcf	was	downloaded	from	the	UCSC	Cancer	

Genomics	 Browser	 (https://genome-cancer.ucsc.edu).	 Only	 functional	 SNVs	 and	 small	

insertions	 and	 deletions	 (indels)	 were	 included.	 Validated	 functional	 SNVs	 from	

carcinogen-induced	 mouse	 adenomas	 and	 adenocarcinomas,	 and	 CNAs	 from	 the	

carcinogen-induced	adenomas,	were	used	in	the	comparison.	 Inclusion	of	mouse	CNAs	(6	

total)	made	little	difference	overall,	but	were	included	to	emphasize	recurrent	mutation	of	

Rb1	in	the	mouse	tumors,	which	had	four	deletions	and	two	missense	SNVs.		

	

Generation	of	plots	

	 All	 plots	 were	 created	 using	 the	 statistical	 computing	 language	 R	 (R	 Core	 Team	

(2013).	 R:	 A	 language	 and	 environment	 for	 statistical	 computing.	 R	 Foundation	 for	

Statistical	 Computing,	 Vienna,	 Austria.	 http://www.R-project.org/).	 Heatmaps	 were	

generated	 using	 the	 heatmap.2	 function	 in	 the	 gplots	 package	 (Gregory	R.	Warnes,	 et	 al.	

(2014).	 gplots:	 Various	 R	 programming	 tools	 for	 plotting	 data.	 http://CRAN.R-

project.org/package=gplots),	 Kaplan-Meier	 curves	 were	 generated	 using	 the	 survival	

package	 (Therneau	 T	 (2013).	 A	 Package	 for	 Survival	 Analysis	 in	 S.	 http://CRAN.R-

project.org/package=survival),	and	all	other	plots	were	made	using	the	ggplot2	package	(H.	

Wickham	(2009).	ggplot2:	elegant	graphics	for	data	analysis.	Springer,	New	York).	

	

Statistical	analyses	
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The	nonparametric	Wilcoxon	rank-sum	test	(Mann-Whitney	U	test)	was	used	when	

testing	 the	 alternative	 hypothesis	 that	 two	 populations	 of	 values	 differ	 against	 the	 null	

hypothesis	that	they	are	the	same.	This	test	was	chosen	due	to	efficiency	in	handling	both	

normal	 and	non-normal	 distributions.	 The	 Fisher	Exact	 test	was	used	 to	 compare	 tumor	

counts	between	groups,	and	was	chosen	for	its	robust	ability	to	handle	high	and	low	ranges	

of	 count	 data.	 Where	 appropriate,	 p-values	 were	 adjusted	 for	 multiple	 tests	 using	 the	

Holm’s	correction	for	multiple	comparisons.	All	data	were	visualized	in	R	using	summary	

statistics	 and	 basic	 plotting	 functions	 prior	 to	 statistical	 testing,	 and	 variance	 was	

comparable	 in	 all	 cases	where	 the	Wilcoxon	 rank-sum	 test	was	 used.	All	 assumptions	 of	

statistical	tests	were	met.	 	
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 Chapter	3:	Evolution	of	metastasis	revealed	by	mutational	

landscapes	of	chemically	induced	skin	cancers. 

Introduction	

Next	generation	sequencing	technologies	have	revolutionized	our	understanding	of	

the	genomic	 landscapes	of	human	cancers1,2,	but	we	have	only	a	poor	appreciation	of	the	

genetic	determinants	of	metastasis—the	leading	cause	of	human	cancer	death3.	Metastases	

may	 spread	 linearly,	 from	 one	 organ	 site	 to	 the	 next,	 or	 in	 parallel,	 each	 departing	

separately	 from	 the	 primary	 tumor4,	 but	 lack	 of	 appropriate	 human	 matched	 primary	

carcinomas	and	metastases	has	hindered	analysis	of	these	questions.	We	took	advantage	of	

a	mouse	 skin	 tumor	model	 that	 encompasses	 genetic	 and	environmental	 factors,	 and	 for	

which	 all	 stages	 from	 benign	 lesions	 to	 metastases	 are	 available5.	 We	 show	 here	 that	

chemically	 induced	 skin	 tumors	 display	 a	 diversity	 of	 point	mutations	 (single	 nucleotide	

variants,	SNVs)	and	gene	copy	number	variants	 (CNVs)	 that	permit	a	detailed	analysis	of	

clonal	evolution	from	the	initiating	cell	to	metastasis.	

	 To	 mimic	 the	 extreme	 germline	 and	 somatic	 genetic	 heterogeneity	 in	 human	

samples,	 we	 bred	Mus	 musculus	mice	 (FVB/N)	 with	 a	 wild-derived	 strain,	Mus	 spretus	

(SPRET/EiJ),	to	create	a	heterogeneous	backcross	population	(henceforth	FVBBX)	(Fig.	1a),	

and	 carried	 out	 standard	 7,12-dimethylbenz[a]anthracene	 (DMBA)	 and	 12-O-

tetradecanoylphorbol	 13-acetate	 (TPA)	 chemical	 carcinogenesis.	 Squamous	 carcinomas	

(SCCs)	 in	 this	 model	 almost	 always	 carry	 Hras	 mutations6,	 which	 is	 also	 a	 driver	 of	

squamous	carcinogenesis	in	human	head	and	neck7	and	skin8.	In	order	to	compare	routes	
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to	 carcinoma	development	driven	by	Hras	 or	Kras5,9,	which	are	mutated	 in	many	human	

cancers10,	we	also	bred	Hras–/–	FVBBX	mice	that	develop	aggressive	tumors	carrying	Kras	

mutations	 after	 DMBA/TPA	 treatment5.	 To	 further	 mimic	 human	 clinical	 practice,	 we	

surgically	 removed	 primary	 carcinomas,	 allowing	 continued	 survival	 and	 subsequent	

harvesting	 of	 distant	 metastases	 (Fig.	 1a)5.	 We	 selected	 103	 tumor	 samples	 from	 15	

animals	 (9	 wild-type	 and	 6	 Hras–/–	 mice),	 for	 which	 matched	 normal	 tissue,	 benign	

papillomas,	 carcinomas,	 and	 metastases	 were	 available,	 and	 carried	 out	 whole	 exome-

sequencing	and	gene	expression	microarrays	(Supplementary	Table	1).	
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Results	

Mutation	spectrum	of	early	and	late	mutations	

The	 predominant	mutation	 found	 in	 tumors	 from	wild	 type	 FVBBX	mice	was	 the	

classical	A>T	transversion	in	the	Hras	gene6,11,	leading	to	Q61L	mutations	(58	tumors	from	

9	mice).	Using	a	nested	PCR	approach12	this	mutation	can	be	detected	as	early	as	one	week	

after	DMBA	treatment,	but	the	skin	remains	morphologically	normal	for	periods	up	to	one	

year	 in	 the	absence	of	 further	 treatment	with	TPA13.	Tumors	 from	Hras–/–	mice	had	Kras	

mutations	 at	 a	 range	of	 hotspot	 sites—G12D,	G13R,	Q61L,	 and	Q61H	 (26	 tumors	 from	6	

mice)	(Supplementary	Table	1).	Both	Hras	and	Kras	mutations	showed	a	strong	preference	

for	the	FVB	allele	(84%	and	100%	specificity,	respectively)	in	mice	heterozygous	at	these	

loci	 (p	 <	 0.001,	 Supplementary	 Fig.	 1)	 consistent	 with	 previous	 work	 indicating	 allelic	

preference	for	Ras	mutations	in	mouse	models14,15.	A	single	mouse	carried	no	Hras	or	Kras	

mutations,	 but	 had	 several	 tumors	with	 a	Pik3ca	mutation	 at	 the	most	 common	 hotspot	

(H1047L)	found	in	human	cancers16.	

Tumors	 carried	 an	 average	 of	 237	 single	 nucleotide	 variants	 (SNVs)	 (5.2	

mutations/megabase	(Mb)),	similar	to	the	mutational	burden	of	human	adenocarcinomas	

and	 squamous	 carcinomas	 of	 the	 lung17.	 Papillomas	 harbored	 fewer	mutations	 than	 did	

age-matched	primary	carcinomas	(172	vs.	284	mutations	on	average,	respectively,	p	=	0.01;	

Supplementary	Table	2),	but	whether	this	is	due	to	differences	in	DNA	repair,	proliferation,	

or	increased	genomic	instability	during	progression	is	presently	unclear.	The	genome-wide	

mutation	 spectrum	 across	 all	 103	 tumors	 showed	 an	 enrichment	 in	 DMBA	 signature	
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transversion	mutations	(A>T	or	T>A,	hereafter	A>T;	45%	of	all	mutations),	predominantly	

at	2	of	the	96	possible	trinucleotide	contexts	(Fig.	1b)18.	

	 Mutations	 in	metastases	 that	were	shared	with	a	matched	primary	 tumor	showed	

an	enrichment	of	A>T	DMBA	signature	mutations	(63%	of	all	mutations).	Later	nonshared	

mutations	 were	 predominantly	 C>A/G>T	 mutations	 (hereafter	 G>T;	 50%,	 compared	 to	

14%	of	 shared	mutations,	 Fig.	 1c).Subclonal	mutations	 in	 tumors	 of	 all	 stages	were	 also	

much	more	 likely	 to	 be	 G>T	 than	 A>T	 substitutions	 (Fig.	 1c).	 The	 average	mutant	 allele	

fraction	of	A>T	mutations	was	 significantly	higher	 than	 that	of	G>T	mutations	 (0.265	vs.	

0.190,	 p	 =	 2.2	 x	 10–16),	 consistent	 with	 A>T	mutations	 being	 early	 and	 clonal,	 and	 G>T	

mutations	 occurring	 later	 and	more	 frequently	 being	 subclonal.	 These	 data	 suggest	 that	

most	G>T	mutations	are	not	directly	induced	by	DMBA	but	arise	during	subsequent	tumor	

growth	due	to	increased	genomic	instability	or	oxidative	stress.		

	

Evolutionary	trees	reveal	patterns	of	metastatic	dissemination	

	 We	constructed	phylogenetic	 trees19	demonstrating	 the	evolutionary	 relationships	

among	 papillomas,	 carcinomas,	 and	 metastases	 from	 each	 mouse	 (Fig.	 2	 and	

Supplementary	Fig.	2).	In	7	of	8	cases	in	which	multiple	metastases	originated	from	a	single	

primary	 carcinoma,	 the	 number	 and	 identity	 of	 mutations	 shared	 with	 the	 primary	

carcinoma	were	 almost	 identical	 between	metastases,	 suggesting	 that	 dissemination	 had	

occurred	 synchronously	 and	 in	 parallel.	 However,	 both	 primary	 tumor	 and	 metastases	

continued	 to	 evolve,	 and	 each	 tumor	 accumulated	 many	 private	 mutations	 following	

divergence.		
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Tumor	 cells	 can	 disseminate	 at	 an	 early	 stage,	 before	 the	 evolution	 of	 overt	

carcinomas4,	 but	 the	 relationship	 between	 these	 early	 circulating	 cells	 and	 outgrowth	 of	

metastasis	is	still	unclear.	In	the	skin	model,	metastasis	occurred	at	different	points	during	

tumor	 evolution,	 in	 some	 cases	 diverging	 after	many	mutations	 had	 accumulated	 and	 in	

others	after	 relatively	 few.	 In	mouse	1664	 (Fig.	2a),	46%	of	 total	 SNVs,	 and	only	17%	of	

G>T	substitutions,	were	shared	between	Carcinoma	A	and	its	four	metastases.	By	contrast,	

in	mouse	1383	(Fig.	2b)	nearly	88%	of	SNVs,	and	66%	of	G>T	substitutions,	were	shared	

between	 Carcinoma	 A	 and	 its	 four	 metastases.	 Other	 mice	 had	 more	 intermediate	

distributions	 (Fig.	2c–f	and	Supplementary	Fig.	2).	We	conclude	 that	while	dissemination	

may	 be	 able	 to	 occur	 at	 an	 early	 stage,	 additional	 factors	 determine	 whether	 these	

circulating	 cells	 can	 lead	 to	 seeding	 and	 growth	 of	 metastases.	 Moreover,	 the	 timing	 of	

dissemination	seems	to	be	unrelated	to	the	total	mutational	burden	of	the	primary	tumor.	

These	 data	 also	 provide	 information	 on	 possible	 routes	 of	 dissemination.	 If	

metastasis	 occurs	 first	 to	 a	 regional	 lymph	 node	 and	 subsequently	 to	 distant	 sites,	 as	

proposed	 in	 the	 “linear	 evolution”	 model4,	 the	 metastases	 should	 be	 more	 genetically	

related	to	each	other	than	to	the	primary	carcinoma.	This	is	in	fact	seen	in	only	one	animal	

(Case	1949,	Fig.	2f).	 In	most	 cases,	each	metastasis	was	genetically	distinct,	 supporting	a	

model	of	 independent,	parallel	spreading	from	the	primary	tumor.	Further,	metastases	to	

lymph	 nodes	 do	 not	 always	 depart	 the	 primary	 tumor	 first.	 In	 mouse	 1407,	 the	 spleen	

metastasis	departed	first	(Fig.	2c).	

In	some	cases,	carcinomas	developed	that	showed	no	signs	of	metastasis,	even	in	the	

presence	 of	 other	 metastatic	 carcinomas	 in	 the	 same	 animals	 (cases	 1664,	 1383,	 2104,	

1949,	Fig.	2,	and	case	1508	Supplementary	Fig.	2).	This	suggests	that	some	carcinomas	are	
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intrinsically	 metastatic,	 while	 others	 are	 restrained	 from	 forming	 metastases	 at	 distant	

sites,	 possibly	 by	 immune	 surveillance20,	 lack	 of	 appropriate	 “niche”	 factors,	 or	 other	

tumor-specific	mechanisms21.	Comparative	analysis	of	mutations	in	metastasizing	and	non-

metastasizing	 primary	 tumors	 did	 not	 reveal	 any	 obvious	 candidate	 metastasis	 driver	

mutations	 (see	 Methods).	 Gene	 expression	 analysis	 identified	 Pdlim7	 (also	 known	 as	

Lmp1—a	 known	 downstream	Tgfb1	 target22)	 as	more	 highly	 expressed	 in	metastasizing	

compared	 to	non-metastasizing	primary	 tumors	(p=6.4	x	10–6).	Several	other	genes	were	

suggestive	of	being	differentially	expressed	but	did	not	meet	the	threshold	for	significance,	

including	 Cd151	 (p=1.4	 x	 10–4),	 a	 cell	 surface	 glycoprotein	 involved	 in	 cell	 adhesion,	

integrin	 trafficking,	 and	 metastasis23,24.	 Expression	 levels	 of	 Pdlim7	 and	 Cd151	 are	

correlated	with	each	other	in	carcinomas	from	this	data	set	(rho=0.77,	p=6.7	x	10–6)	as	well	

as	in	an	independent	set	of	mouse	carcinomas	(rho=0.52,	p=2.2	x	10–5)25	and	in	The	Cancer	

Genome	Atlas	(TCGA)	profiles	of	human	head	and	neck	cancers	(rho	=	0.67)26,27.	

	

Mesenchymal-to-epithelial	transition	(MET)	depends	on	metastatic	site	

	 Metastases	 to	 all	 organs	 except	 the	 lung—including	 lymph	 nodes,	 kidney,	 liver,	

spleen,	and	thymus—nearly	always	matched	the	squamous	or	spindle	morphology	of	 the	

primary	tumor	(21	of	22,	95%).	Metastases	to	the	lung	were	almost	always	squamous	(7	of	

9	cases,	78%;	one	of	the	seven	cases	had	mixed	SCC	and	spindle	morphology),	even	when	

they	 arose	 from	 spindle	 primary	 tumors.	 This	 finding	 is	 consistent	 with	 previous	

observations	of	squamous	metastases	to	the	lung	in	an	inbred	FVB/N	model5,	however,	we	

were	 able	 here	 to	 sequence-match	 these	metastases	 to	 their	 respective	 primary	 tumors	

(Supplementary	Table	3)	and	demonstrate	that	squamous	lung	metastases	could	arise	from	
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a	 primary	 spindle	 tumor,	 even	when	 all	 other	metastases	 from	 that	 tumor	were	 spindle	

(Fig.	 3	 and	 Supplementary	 Table	 3).	 These	 data	 suggest	 that	 the	 requirement	 for	

mesenchymal-to-epithelial	 transition	 (MET)	 for	 the	 outgrowth	 of	 metastases	 at	 distant	

sites28,	 which	 predicts	 epithelial-like	 squamous	 metastases,	 may	 in	 fact	 depend	 on	 the	

specific	 organ	 site:	 MET	 may	 be	 favored	 in	 the	 lung,	 but	 not	 in	 soft	 tissue	 sites	 where	

spindle	metastases	were	frequently	found.	

	

Mutations	shared	with	human	SCCs	

	 This	analysis	identified	a	large	number	of	recurrently	mutated	genes,	in	addition	to	

Hras	and	Kras,	many	of	which	are	reported	to	be	mutated	in	human	SCCs	of	the	head	and	

neck,	 skin,	 and	 lung7,8,29	 (Fig.	 4	 and	 Supplementary	 Table	 4).	 These	 included	 recurrent	

mutations	in	Trp53,	Fat1,	and	the	Notch	signaling	pathway,	including	Notch1,	Notch3,	and	

Trp63	 (Fig.	 4).	 Dysregulation	 of	 Notch	 signaling,	 which	 is	 involved	 in	 epithelial	

differentiation,	has	been	 implicated	 in	a	variety	of	human	SCCs,7,8,29.	The	 three	mutations	

we	 observed	 in	Notch1	 and	Notch3	 were	 all	 in	 the	 N-terminal	 EGF-like	 repeat	 domains	

responsible	for	Ca2+	ligand	binding,	making	them	likely	to	be	inactivating,	as	expected	for	

SCCs,	rather	than	activating	mutations	as	seen	in	human	leukemias7,8.	

	 Recurrent	mutations	were	also	 seen	 in	Ep300,	Apc,	Ncor1,	Syne1,	Syne2,	Ros1,	 and	

Dnmt1,	 all	 of	 which	 are	 mutated	 in	 human	 tumors.	 Single	 mutations	 were	 also	 seen	 in	

Pik3ca	and	Casp8,	consistent	with	those	seen	in	HNSCC;	Bbs9,	Dclk1,	and	Kmt2c,	consistent	

with	 those	 seen	 in	 cutaneous	 SCCs;	 and	Keap1,	 consistent	with	 those	 seen	 in	 lung	 SCCs.	

Among	these,	stopgains	(mutations	that	create	stop	codons)	were	seen	in	Apc,	Ncor1,	and	

Dclk1.	
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Dependence	of	CNVs	on	initiation	by	Hras	or	Kras	mutations	

	 We	used	the	whole-exome	sequencing	data	to	construct	copy	number	profiles	for	all	

tumors.	Gains	of	chromosome	7	(on	which	Hras	is	located)	were	seen	in	tumors	from	wild-

type	 mice,	 but	 not	 Hras–/–	 mice,	 pointing	 to	 Hras	 as	 the	 driving	 force	 behind	 whole	

chromosome	7	gains.	Undifferentiated	spindle	tumors	did	not	have	chromosome	7	gains,	in	

line	with	our	observation	that	spindle	carcinomas	have	reduced	Hras	expression5.	Gains	of	

chromosome	6,	previously	noted	by	karyotype	analysis30,	were	seen	in	tumors	from	both	

wild-type	and	Hras–/–	animals	(Fig.	5a).	Kras,	Braf,	Craf	and	Met	all	reside	on	chromosome	6	

and	present	candidate	drivers	of	chromosome	6	gains.	Additionally,	we	observed	that	SCCs	

from	 wild-type	 mice	 (i.e.,	 Hras-driven	 carcinomas)	 have	 copy	 number	 gains	 on	

chromosome	 1,	 and	 these	 are	 not	 seen	 in	 any	 other	 tumor	 class.	 The	 absence	 of	

chromosome	 1	 gains	 in	 papillomas	 and	 spindle	 tumors	 suggests	 that	 the	 gain	 of	

chromosome	1	is	specifically	linked	to	the	squamous	papilloma-carcinoma	conversion.		

To	understand	what	might	be	driving	 the	gain	of	 chromosome	1,	we	 searched	 for	

genes	 on	 chromosome	 1	 that	 were	 expressed	 at	 significantly	 higher	 levels	 in	 squamous	

tumors	that	had	chromosome	1	gains	compared	to	those	that	did	not	(Fig.	5a).	The	AMPK-

related	kinase	Nuak2	showed	the	most	significant	change	in	expression,	and	Itpkb	and	Cflar	

were	 also	 significant	 (Supplementary	 Table	 5).	 Nuak2	 expression	 levels	 were	 strongly	

correlated	with	Hras	expression	levels	in	tumors	from	wild-type	mice	in	this	study	(rho	=	

0.63,	p	=	1.9	x	10–9),	as	well	as	in	an	independently	derived	data	set25	(rho	=	0.58,	p	=	1.3	x	

10–6	respectively).	Nuak2	has	been	implicated	in	human	cancer	development,	in	particular	

by	copy	number	gains	in	human	melanoma31,	in	breast	and	liver	carcinomas26,27,	and,	to	a	
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lesser	 extent,	 in	 HNSCC	 and	 lung	 SCC,7,8	 and	 is	 therefore	 a	 possible	 therapeutic	 target.	

However,	 other	 genes	 including	 those	 shown	 in	 Supplementary	 Table	 5,	 may	 also	 play	

some	role	in	promoting	development	of	Hras-driven	squamous	carcinomas.	

	 Among	 the	most	 frequent	 copy	number	 changes	 in	 aggressive	 human	 cancers	 are	

deletions	at	the	CDKN2A	locus	on	chromosome	9p,	and	amplification	or	copy	number	gains	

of	MET29,32,	both	of	which	we	also	observed	in	our	cohort.	Cdkn2a	was	deleted	in	52	tumors	

(50%),	 including	 nearly	 all	 spindle	 tumors	 (27	 of	 29	 tumors,	 93%)	 (Fig.	 5b,c)5,33.	Met	

showed	copy	number	gains	in	47	tumors	(46%),	as	the	result	of	both	focal	amplifications	(6	

tumors)	 and	 of	whole	 gains	 of	 chromosome	6	 (41	 tumors).	 Both	 the	 occurrence	 and	 co-

occurrence	of	these	lesions	increased	dramatically	with	tumor	stage:	both	events	were	rare	

in	papillomas,	but	in	SCCs,	63%	of	tumors	had	either	a	Cdkn2a	 loss	or	Met	gain,	and	25%	

had	both.	In	spindle	tumors,	nearly	all	tumors	had	a	Cdkn2a	 loss	or	Met	gain,	and	59%	of	

tumors	had	both	(Fig.	5c).	

	

Acquisition	of	SNVs	precedes	CNVs	during	progression	

To	 verify	 the	 timing	 of	 SNV	 and	 CNV	 acquisition	 during	 tumor	 progression	 we	

sequenced	a	set	of	18	early,	 small	 (2–4mm	diameter)	FVB/N	papillomas	at	12–14	weeks	

post-initiation	(9	from	WT	mice,	9	from	Hras–/–	mice).	The	overall	mutation	spectrum	was	

highly	 similar	 to	 that	 in	 the	 set	 of	 tumors	 described	 above	 (Supplementary	 Fig.	 3).	

Interestingly,	 these	 early	 papillomas	 had	 already	 acquired	 a	 similar	 proportion	 of	 G>T	

mutations	to	that	observed	in	late	papillomas	from	FVBBX	mice,	suggesting	that	most	G>T	

mutations	 are	 acquired	 relatively	 early	 in	 the	 life	 of	 the	 tumor,	 during	 the	 phase	 of	

proliferation	 and	 chronic	 inflammation	 induced	 by	 the	 tumor	 promoter	TPA.	 Analysis	 of	



	 58	

CNVs	 in	 early	 papillomas	 identified	 gain	 of	 chromosome	 7,	 containing	 the	 mutant	Hras	

gene,	exclusively	 in	papillomas	 from	WT	mice,	as	 the	only	recurrent	and	significant	early	

event	 (Supplementary	 Fig.	 4).	 The	 striking	 absence	 of	 additional	 copy	 number	 events	 in	

these	early	tumors	suggests	that	acquisition	of	CNVs	seen	 in	the	original	cohort	 is	a	 later	

event	associated	with	tumor	progression.		
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Discussion	

We	 have	 exploited	 a	 classical	 skin	 tumor	 model	 in	 a	 genetically	 heterogeneous	

mouse	population	 to	 investigate	 the	evolutionary	history	of	metastatic	 tumors	by	whole-

exome	sequencing	of	multiple	lesions	from	the	same	animals.	The	ability	to	distinguish	the	

parental	alleles	in	each	mouse	shows	that	both	Hras	and	Kras	mutations	are	highly	allele-

specific,	 demonstrating	 the	 important	 role	 of	 germline	 polymorphisms	 in	 determining	

mutation	selection.	Furthermore,	the	nature	of	the	initiating	event	(Hras	or	Kras	mutation)	

influences	 the	subsequent	genomic	changes	 that	 take	place,	making	 this	model	useful	 for	

identifying	potential	drug	candidates	such	as	Nuak2	that	may	be	activated	in	tumors	with	

Hras	mutations.	

The	use	of	specific	initiating	mutagens	combined	with	clonal	analysis	has	enabled	us	

to	distinguish	early	from	late	mutations.	While	the	initiating	agent	DMBA	causes	primarily	

A>T	mutations	genome-wide,	tumors	accumulate	G>T	transversions	during	the	early	phase	

of	 TPA	 treatment,	 presumably	 due	 to	 induction	 of	 oxidative	 stress	 pathways	 linked	 to	

inflammation	or	to	Ras	signaling34,35.	The	high	frequency	of	point	mutations	in	these	skin	

tumors,	 which	 contrasts	 with	 the	 paucity	 of	 informative	 mutations	 in	 GEM	 models36,37,	

provides	the	opportunity	to	map,	 in	great	detail,	 the	sequential	mutations	that	take	place	

during	tumor	evolution.		

	 Our	data	support	the	“parallel	evolution”	model	as	the	major	route	to	metastasis,	by	

which	 each	metastasis	 is	 seeded	directly	 by	 the	 primary	 tumor,	 rather	 than	 via	 a	 lymph	

node4,21,38.	Only	one	mouse	 (Mouse	1949,	 Fig.	 2f)	 showed	evidence	 in	 favor	of	 the	 linear	

model	 (Fig.	 2	 and	 Supplementary	 Fig.	 2).	 Interestingly,	 the	 number	 of	 shared	mutations	
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between	primary	and	metastatic	carcinomas	in	these	mice	was	highly	variable,	suggesting	

that	the	seeding	could	occur	either	early	or	late	in	primary	tumor	evolution.	Dissemination	

from	the	primary	 tumor	can,	 therefore,	occur	very	early	and	probably	continuously4,	but	

the	capacity	of	disseminated	tumor	cells	 to	grow	out	 into	 full	metastases	 is	controlled	by	

separate,	 presently	 unknown	 factors,	 possibly	 secreted	 “niche	 factors”39,40,	 which	 allow	

progressive	growth	at	distant	sites.	However,	the	presence	of	multiple	primary	carcinomas	

in	some	animals,	only	one	of	which	showed	clear	signs	of	metastasis,	suggests	that	seeding	

is	also	controlled	by	tumor-intrinsic	factors,	which	may	include	the	repression	or	absence	

of	neo-antigens	that	would	stimulate	recognition	by	the	immune	system41.		

Our	study	design	also	allowed	us	to	compare	primary	carcinomas	that	metastasized	

and	other	carcinomas	from	the	same	animals	that	had	not.	The	availability	of	these	unique	

matched	samples	allowed	us	to	carry	out	gene	expression	analysis	to	identify	a	network	of	

genes	 more	 highly	 expressed	 in	 metastasizing	 carcinomas,	 including	 Pdlim7	 and	 Cd151,	

which	 have	 been	 previously	 linked	 to	 integrin	 signaling	 and	 tumor	 invasion23,24.	 Further	

functional	 studies	 of	 these	 candidates	 in	 this	 model	 will	 be	 the	 subject	 of	 future	

investigations.	

	 Another	recent	study	of	evolution	of	metastasis	by	next	generation	sequencing	of	a	

mouse	model	of	small	cell	lung	cancer	reached	the	conclusion	that	lymph	nodes	may	be	the	

gateway	 to	distant	metastases37,	 in	 agreement	with	 the	 linear	model.	However,	 evidence	

for	linear	seeding	was	based	primarily	on	a	single	mouse	with	a	primary	lung	cancer	and	

two	metastases,	one	in	the	lymph	node	and	one	in	the	liver.	The	reasons	for	the	different	

conclusions	from	this	study	are	unclear,	but	may	be	due	to	the	relative	numbers	of	samples	

analyzed,	 or	 to	 the	 use	 of	 a	 GEM	model	with	 very	 few	nonsynonymous	 point	mutations.	
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During	 the	 revision	 stage	 of	 this	 manuscript,	 another	 study	 was	 published	 that	 utilized	

sequencing	to	identify	relationships	between	primary	skin	tumors	and	their	metastases42.	

The	 conclusions	 regarding	 tumor	 spread	 from	 this	 paper	 were	 again	 based	 on	 one	

informative	mouse	with	two	metastases,	and	no	clear	conclusions	can	be	drawn	regarding	

the	predominance	of	the	different	models	of	metastasis.		

	 The	 parallel	 evolution	 of	metastases	 seen	 in	 the	 present	 study	 is	 supported	 by	 a	

substantial	 body	 of	 clinical	 data	 showing	 that	 lymph	 node	 removal	 has	 no	 impact	 on	

patient	 survival43–45.	 The	 observation	 that	 primary	 and	metastatic	 tumors	 in	 some	mice	

share	a	very	low	number	of	mutations	supports	prior	observations	that	early	stage	tumors	

can	disseminate	even	before	reaching	overt	malignancy4,38.	Our	data	indicate	that	not	only	

must	 these	 tumors	 have	 begun	dissemination	 early,	 but	 they	 also	 acquired	 the	 ability	 to	

seed	metastases	probably	before	the	primary	tumor	advanced	to	a	clinically	recognizable	

carcinoma	 stage.	 Clearly,	 efforts	 to	 prevent	 dissemination	 or	metastatic	 seeding	 in	 such	

cases	would	be	futile,	and	other	approaches	would	be	required.	The	availability	of	realistic	

mouse	 models	 of	 metastasis	 such	 as	 that	 described	 in	 this	 report	 will	 provide	 the	

opportunity	to	address	these	questions	in	more	detail	in	a	pre-clinical	setting.		
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Figures	and	tables	

 

	
Figure	3-1:	Chemically	induced	tumors	carry	a	mutation	signature	of	the	carcinogen	DMBA. 

Figure	3-1.	Chemically	induced	tumors	carry	a	mutation	signature	of	the	carcinogen	

DMBA.	(a)	Genetically	unique	backcross	mice	(FVBBX)	were	generated	by	crossing	FVB/N	

Hras–/–mice	to	SPRET/EiJ	mice,	and	then	crossing	again	to	inbred	wild-type	(WT)	or	Hras–/–	

FVB/N	 mice.	 Tumors	 were	 induced	 in	 FVBBX	 mice,	 carcinomas	 were	 resected	 upon	
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reaching	 >	 1	 cm	 in	 longest	 diameter,	 and	 mice	 were	 allowed	 to	 progress	 to	 metastatic	

disease.	(b)	Frequency	of	mutation	observed	in	each	of	96	possible	trinucleotide	mutation	

contexts	 for	 all	 mutations	 across	 all	 tumors.	 Trinucleotide	 contexts	 are	 arranged	 on	

horizontal	 axis	 grouped	by	base	pair	 change	of	 the	mutation.	 Peaks	 are	 observed	 at	 two	

specific	 contexts,	 CTG>CAG	 and	 GTG>GAG.	 The	 same	 pattern	 is	 observed	 when	 only	

nonsynonymous	mutations	 are	 considered	 (not	 shown).	 (c)	Mutations	were	 classified	 as	

“early	mutations”	(left	panels)	or	“late	mutations”	(right	panels)	by	two	strategies.	 In	 the	

upper	panels,	mutations	in	metastases	are	classified	by	whether	they	are	shared	with	the	

ancestral	primary	tumor	(early,	upper	left	panel)	or	not	shared	(late,	upper	right	panel).	In	

the	lower	panels,	mutations	in	tumors	of	all	stages	were	classified	based	on	whether	they	

were	 fully	clonal	 (i.e.,	present	 in	all	 tumor	cells;	early,	 lower	 left	panel)	or	subclonal	 (i.e.,	

present	only	in	a	fraction	of	tumor	cells;	late,	lower	right	panel).	Early	mutations	show	an	

enrichment	of	T>A	mutations.	Later	mutations	show	a	higher	proportion	of	G>T	mutations. 
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Figure	3-2:	Phylogenetic	trees	reveal	evolutionary	relationship	between	tumors. 

Figure	3-2.	Phylogenetic	trees	reveal	evolutionary	relationship	between	tumors.	(a)	

In	mouse	1664,	Carcinoma	A	had	4	metastases	that	diverged	early,	sharing	an	average	of	

46%	 of	 mutations	 (83	 mutations),	 whereas	 carcinoma	 B	 did	 not	 form	 any	 detectable	

metastases.	 Distant	 metastases	 to	 the	 lung	 and	 thymus	 do	 not	 show	 evidence	 of	

disseminating	 from	 a	 lymph	 node,	 but	 rather	 appear	 to	 diverge	 from	 the	 primary	
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carcinoma	at	approximately	the	same	time	as	the	 lymph	node	metastases.	An	asterisk	(*)	

denotes	normal	tissue	(root	of	tree).	(b)	In	mouse	1383,	Carcinoma	A	had	4	metastases	that	

diverged	 relatively	 late	 and	 approximately	 synchronously,	 sharing	 an	 average	 of	 88%	of	

mutations	 (822	mutations)	 with	 the	 primary	 carcinoma.	 (c)	 In	mouse	 1407,	 two	 lymph	

node	metastases	depart	synchronously	from	Carcinoma	A,	and	a	spleen	metastasis	diverges	

slightly	 earlier.	 Tumors	 share	 an	 average	 of	 69%	 of	 mutations	 (153	 mutations).	 (d)	 In	

mouse	 1984,	 a	 lymph	 node	 metastasis	 and	 lung	 metastasis	 diverge	 from	 Carcinoma	 B	

synchronously,	 sharing	 an	 average	 of	 58%	 of	 mutations	 (160	 mutations).	 (e)	 In	 mouse	

2104,	 a	 lymph	 node	 metastasis	 and	 dorsal	 metastasis	 diverge	 from	 Carcinoma	 B	

synchronously,	 sharing	 an	 average	 of	 61%	 of	 mutations	 (118	 mutations).	 (f)	 In	 mouse	

1949,	 two	 lymph	 node	 metastases	 and	 a	 lung	 metastasis	 share	 an	 average	 of	 52%	 of	

mutations	 (167	mutations)	with	 Carcinoma	 A,	 and	 an	 additional	 90	mutations	with	 one	

another	 suggesting	one	of	 the	metastases	may	have	 given	 rise	 to	 the	others.	This	mouse	

provides	the	only	counterexample	we	observed	to	parallel	evolution.	
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Figure	3-3:	Histology	of	primary	tumors	and	metastases.	

Figure	 3-3.	 Histology	 of	 primary	 tumors	 and	 metastases.	 Histology	 of	 primary	 and	

metastatic	 tumors	 from	mouse	1984.	(a)	Primary	carcinoma	B	shows	spindle	tumor	cells	

arranged	 in	 fascicles	 (H&E,	 200X).	 (b)	 Lung	 metastasis	 arising	 from	 carcinoma	 B	 is	 of	

squamous	histology	(H&E,	200X).	(c)	Lymph	node	metastasis	arising	from	carcinoma	B	is	

of	spindle	histology	(H&E,	200X).	
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Figure	3-4:	Mutated	genes	in	carcinogen-induced	tumors.	

Figure	 3-4.	 Mutated	 genes	 in	 carcinogen-induced	 tumors.	 Nonsynonymous	 and	

stopgain	 mutations	 in	 genes	 observed	 to	 be	 mutated	 in	 human	 cancer.	 Green	 squares	

indicate	 nonsynonymous	 mutations,	 and	 black	 squares	 indicate	 stopgains.	 Tumors	 are	

arranged	 on	 the	 horizontal	 axis	 by	 mouse	 genotype	 (WT	 or	 Hras–/–).	 Independent	

mutations	 are	 defined	 as	 mutations	 in	 tumors	 that	 show	 no	 phylogenetic	 relationship	

(based	on	shared	mutations).	 	Number	of	mutations	observed	 in	early	papillomas	 is	also	

shown.	
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Figure	3-5:	Gene	copy	number	variations	in	mouse	skin	tumors. 
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Figure	3-5.	Gene	copy	number	variations	 in	mouse	skin	 tumors.	(a)	CNVs	are	shown	

on	each	chromosome	(X-axis)	with	Ras	genotype	and	tumor	morphology	shown	on	the	Y-

axis	 (M=mixed	 squamous	 cell	 carcinoma	 (SCC)	 and	 spindle	 morphology).	 Chromosome	

numbers	are	on	horizontal	axis,	and	chromosomes	are	arranged	with	proximal	end	on	the	

left	 on	 distal	 ends	 on	 the	 right.	 (b)	 Focal	 Cdkn2a	 deletions	 are	 visible	 in	 many	 tumors,	

frequently	 less	 than	 a	megabase	 in	 size.	 Dashed	 lines	 indicate	 boundaries	 of	 the	Cdkn2a	

gene.	 (c)	Cdkn2a	 losses	 and	Met	 amplifications	 in	 samples	 displayed	 by	 tumor	 type.	 Co-

occurrence	 of	 these	 events	 increases	 substantially	 with	 tumor	 progression,	 from	

papillomas	(7%	co-occurrence)	to	SCCs	(25%	co-occurrence)	to	spindle	tumors	(59%	co-

occurrence).	
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Supplementary	figure	3-1:	Allele	specificity	of	Hras	and	Kras	mutations.	

Supplementary	 figure	 3-1.	 Allele	 specificity	 of	 Hras	 and	 Kras	 mutations.	 In	

FVB/SPRET	 heterozygotes	 at	 Hras,	 an	 oncogenic	 Hras	 mutation	 Q61L	 occurs	 in	 37	

instances	on	the	FVB/N	allele	and	in	7	instances	on	the	SPRET/EiJ	allele.	In	Hras	-/-	mice	

that	are	FVB/SPRET	heterozygotes	at	Kras,	oncogenic	Kras	mutations	occur	in	17	instances	
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on	the	FVB/N	allele,	and	in	zero	instances	on	the	SPRET/Ei	allele.	P-values	calculated	with	

chi-squared	test.		
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Supplementary	figure	3-2:	Additional	phylogenetic	trees.	

Supplementary	 Figure	 3-2.	 Additional	 phylogenetic	 trees.	 (a)	 In	 mouse	 1815,	 two	

lymph	node	metastases	and	a	kidney	metastasis	diverge	synchronously	from	Carcinoma	A.	

Interestingly,	 papillomas	 2	 and	 3	 also	 shared	 mutations	 with	 Carcinoma	 A,	 raising	 the	

possibility	 that	 they	were	either	 invaded	by	Carcinoma	A	(which	was	 located	nearby),	or	

that	 they	 are	 skin	 metastases	 rather	 than	 genuine	 papillomas.	 An	 asterisk	 (*)	 denotes	

normal	tissue	(root	of	tree).	(b)	In	mouse	1706,	a	lung	and	lymph	node	metastases	diverge	
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from	 Carcinoma	 A.	 (c)	 In	 mouse	 1508,	 two	 of	 the	 three	 carcinomas	 gave	 rise	 to	 a	

metastasis,	 with	 Carcinoma	 A	 giving	 rise	 to	 a	 lymph	 node	 metastasis	 and	 Carcinoma	 C	

giving	 rise	 to	 a	 lung	metastasis.	 Carcinoma	 B	 did	 not	 give	 rise	 to	 any	metastases.	 (d–f)	

Additional	phylogenies	for	which	the	primary	tumor	gave	rise	to	only	a	single	metastasis.	
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Supplementary	figure	3-3:	Trinucleotide	context	of	mutations	in	12-14	week	papillomas.	

Supplementary	 figure	 3-3.	 Trinucleotide	 context	 of	 mutations	 in	 12-14	 week	

papillomas.	Frequency	of	mutation	observed	in	each	of	96	possible	trinucleotide	contexts	

for	all	mutations	in	18	early	papillomas.	Trinucleotide	contexts	are	arranged	on	horizontal	

axis	grouped	by	base	pair	change	of	the	mutation.	DMBA	signature	of	T>A	mutations	(49%	

of	all	mutations),	with	peaks	at	CTG>CAG	and	GTG>GAG,	is	observed,	as	are	G>T	mutations	

(25%	of	all	mutations).		

	 	



	 75	

	
Supplementary	figure	3-4:	Copy	number	profiles	of	12-14	week	papillomas.	

Supplementary	figure	3-4.	Copy	number	profiles	of	12-14	week	papillomas.	CNVs	are	

shown	on	each	chromosome	(X-axis)	with	Hras	genotype	shown	on	the	Y-axis.	Two	thirds	

(6	of	9)	of	early	papillomas	from	WT	mice	show	a	chromosome	7	gain.	These	tumors	also	

have	 an	Hras	 mutation.	 None	 of	 the	 9	 papillomas	 from	Hras	 -/-	 mice,	 which	 carry	Kras	

mutations,	show	any	copy	number	gains	or	losses.		
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Supplementary	 tables	 are	 available	 at	

http://www.nature.com/nm/journal/v21/n12/full/nm.3979.html#supplementary-

information.	  
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Methods	

 

Mouse	backcross	and	carcinogenesis		

WT	male	 SPRET/EiJ	Mus	 spretus	mice	 were	 crossed	 to	 female	Hras–/–	 FVB/N	Mus	

musculus	 mice	 to	 generate	Hras	 heterozygous	 F1s.	 Female	 F1s	 were	 crossed	 with	 male	

Hras–/–	or	Hras	heterozygous	FVB/N	Mus	musculus	mice	 to	generate	FVBBX	mice.	Fifteen	

FVBBX	mice	were	used	in	this	experiment,	13	males	and	two	females,	chosen	based	on	the	

availability	of	papilloma,	primary	carcinoma,	and	metastasis	samples	for	sequencing.	Early	

papillomas	were	 harvested	 from	 four	 female	 and	 three	male	 FVB/N	Mus	musculus	mice,	

either	 WT	 or	 Hras–/–,	 at	 12–14	 weeks	 after	 initiation	 with	 DMBA,	 at	 a	 size	 of	 2–4mm	

diameter.	

Mice	were	 shaved	and	 treated	with	25mg	DMBA	dissolved	 in	200mL	acetone	at	8	

weeks,	 and	 subsequently	 received	 TPA	 (200mL	 of	 a	 10–4	M	 solution	 in	 acetone)	 twice	 a	

week	 for	 20	weeks,	 following	 established	 chemical	 carcinogenesis	 protocol5.	 Carcinomas	

were	surgically	resected	when	they	reached	a	size	of	>1	cm	in	longest	diameter.	Mice	were	

sacrificed	when	disease	progressed,	per	animal	care	requirements.	At	sacrifice,	papillomas	

and	carcinomas	were	removed	from	skin,	and	all	 internal	tumors	were	resected.	Matched	

normal	 skin	 was	 also	 taken.	 A	 section	 of	 each	 primary	 carcinoma	 and	 metastasis	 was	

embedded	in	paraffin	at	time	of	removal	for	histological	evaluation.	Remaining	tumor	was	

flash	 frozen	 and	 stored	 at	 –80	C,	 as	was	normal	 skin.	No	 randomization	or	blinding	was	

used	in	these	experiments,	as	all	mice	underwent	identical	an	identical	treatment	protocol.	

The	University	of	California	San	Francisco	Laboratory	Animal	Resource	Center	approved	all	
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animal	 experiments.	 Assessment	 of	 mouse	 tumor	 burden	 and	 size	 was	 carried	 out	

according	to	the	UCSF	IACUC	guidelines.			

	

Histological	classification		

Formalin-fixed	paraffin-embedded	 tumor	was	sectioned	 to	6	mm	and	hematoxylin	

and	eosin	(H&E)	stained	for	histologic	assessment.	

	

Nucleic	acid	extraction		

DNA	was	 extracted	 from	 flash	 frozen	 tumor	 and	 skin	 samples.	 Frozen	 tissue	was	

ground	 and	 digested	 in	 3mg	 proteinase	 K	 (Bioline)	 overnight.	 DNA	 was	 separated	 by	

addition	of	phenol	and	chloroform	and	use	of	5	PRIME	Phase	Lock	Gel	Heavy	Tubes	(Fisher	

Scientific),	precipitated	with	isopropanol,	washed	with	70%	ethanol,	and	re-suspended	in	

nuclease-free	 water.	 Concentration	 and	 quality	 of	 DNA	 were	 determined	 by	 Nanodrop	

spectrophotometry	and	by	PicoGreen	(Invitrogen).	

	 RNA	was	extracted	from	flash	frozen	tumor	and	skin	samples	using	TriZol	reagent	

(Invitrogen),	following	the	manufacturers’	instructions,	and	cleaned	with	a	Qiagen	RNeasy	

kit	 following,	 following	 manufacturer	 instructions.	 Concentration	 was	 determined	 by	

Nanodrop	 spectrophotometry	 and	 RNA	 integrity	 number	 (RIN)	 determined	 by	 using	 a	

Agilent	 2100	 bioanalyser.	 All	 samples	 used	 for	microarray	 analysis	 had	 a	minimum	RIN	

score	of	6.5.	

	

Exome	sequencing,	alignment,	and	quality	control		
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Exome	 enrichment	 and	 sequencing	 genomic	 libraries	 were	 prepared	 using	 the	

Illumina	Paired	End	Sample	Prep	Kit	following	the	manufacturer’s	instructions.	Enrichment	

was	performed	as	described	previously46	using	the	Agilent	SureSelect	Mouse	All	Exon	kit	

following	the	manufacturer’s	recommended	protocol.	Each	exome	was	sequenced	using	a	

76	bp	paired-end	protocol	on	the	Illumina	platform	(GAII	or	HiSeq2000).	

	 Tumor	 .bam	files	were	aligned	to	the	GRCm38/mm10	version	of	the	Mus	musculus	

genome	using	BWA	(version	0.5.10)47.	After	alignment,	duplicates	were	marked	and	mate	

information	was	fixed	using	Picard	(version	1.72;	http://picard.sourceforge.net/).	We	then	

recalibrated	base	quality	score	and	realigned	reads	around	indels	using	GATK	(version	1.5-

9).48	Finally,	alignment	and	coverage	metrics	were	collected	using	Picard.	We	sequenced	an	

average	of	66	million	unique	on-target	reads	per	tumor.	Targeted	bases	were	sequenced	to	

a	mean	depth	of	50,	and	78%	of	targeted	bases	were	sequenced	to	20X	coverage	or	greater.	

There	were	no	significant	differences	in	depth	of	coverage	or	proportion	of	regions	covered	

to	20X	between	tumor	types.	

	

Variant	calling		

SNVs	were	called	using	somatic	variant	detection	program	MuTect	(version	1.1.4)49.	

Each	tumor	was	compared	with	against	its	matched	normal	tissue,	and	variants	calls	were	

filtered	against	 a	database	of	known	Mus	musculus	 FVB	and	Mus	spretus	 SPRET	germline	

SNPs	available	at	ftp-mouse.sanger.ac.uk	(release	1303,	mgp.v3),	as	well	as	against	a	panel	

of	 normal	 skins	 from	 this	 experiment.	 MuTect	 was	 run	 with	 the	

required_maximum_alt_allele_mapping_quality_score	 parameter	 set	 to	 60,	 as	 the	 mixed	

genetic	background	of	our	FVBBX	cross	resulted	in	a	number	of	poorly	mapping	reads	we	
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wished	to	exclude.	Results	were	further	filtered	to	calls	with	a	minimum	read	depth	of	10,	

and	with	a	minimum	mutant	allele	fraction	of	10%.	Variants	were	annotated	using	Annovar	

(downloaded	on	2/13/2014)50,	and	these	annotations	were	used	as	the	basis	for	assessing	

exonic	 variants	 as	 synonymous,	 nonsynonymous,	 nonsense,	 or	 stoploss.	 Mutations	were	

compared	to	mutations	observed	in	human	cancers	by	using	the	COSMIC	database	(version	

68,	 http://cancer.sanger.ac.uk/cancergenome/projects/cosmic/download).51	 Genes	 were	

selected	for	display	(Fig.	4)	based	on	genes	commonly	mutated	in	HNSCC	or	cutaneous	skin	

SCC,	and	genes	on	a	previous	published	list	of	cancer	driver	genes52.	

	

Copy	number	analysis	

Copy	number	calling	was	done	with	CNVkit53,	and	tumors	copy	number	status	was	

called	against	 a	panel	of	normal	 skins	 from	 this	 experiment.	Raw	copy	number	gain	was	

adjusted	 to	 remove	 dilution	 from	 contaminating	 normal	 cells,	 with	 contamination	

determined	by	PyClone	estimate	(see	below).	Whole	chromosome	gains	considered	to	be	

those	 in	 which	 over	 90%	 of	 the	 chromosome	 was	 gained	 and	 the	 weighted	 mean	

amplification	log2	was	greater	than	0.4,	implying	trisomy	in	at	least	30%	of	cells.	Focal	copy	

number	events	were	determined	as	those	for	which	the	average	copy	number	change	for	all	

exons	of	the	gene	had	a	log2	increase	of	0.6	or	log2	decrease	of	–1	(corresponding	50%	gain	

or	loss	of	alleles).	

	

Mutation	Validation		

To	validate	our	mutation	calls,	we	sequenced	205	SNVs	to	a	median	depth	of	7,080	

reads	using	MiSeq.	We	obtained	an	86%	validation	rate.		
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PCR	and	Sequencing		

Primers	 for	 each	 candidate	 SNP	were	designed	as	nested	pairs	using	Primer3.54,55	

External	amplicons	were	fixed	at	400–800	bp,	internal	amplicons	were	fixed	at	250-300	bp.	

Internal	 primer	 pairs	 had	 partial	 Illumina	 adaptor	 sequences	 added	 to	 allow	 the	

construction	 of	 barcoded	 Illumina	 libraries.	 Tail	 sequences	 are:	 left	 adaptor	 5’	

ACACTCTTTCCCTACACGACGCTCTTCCGATCT	 3’,	 right	 adaptor	 5’	

TCGGCATTCCTGCTGAACCGCTCTTCCGATCT	 3’.	 PCR	 was	 performed	 using	 KOD	 hot	 start	

DNA	polymerase	following	the	manufacturers	instructions.	PCR1	(external	primers)	used	a	

touchdown	PCR	approach	 for	 increased	specificity.	PCR1	was	diluted	100x	and	used	as	a	

template	for	PCR2,	which	added	the	partial	Illumina	adaptor	tails.	Candidate	SNP	PCRs	for	

the	same	tumor	were	then	pooled	and	each	tumor	was	barcoded	with	a	different	full	length	

Illumina	adaptor	barcode	in	a	short	PCR3	(15	cycles)	so	each	tumor	could	be	decoded	after	

sequencing.	Resulting	 tumor	 specific	PCRs	were	pooled,	 cleaned	up	with	0.8x	AmpureXP	

beads,	 quantified	 and	 run	 on	 an	 Illumina	Miseq	 150bp	 PE	 run.	Data	 Analysis:	 Illumina	

adaptor	sequence	and	low-quality	bases	(<20)	were	trimmed	from	reads	using	cutadapt56	

(https://code.google.com/p/cutadapt/).	 	Reads	were	mapped	to	the	GRCm38	build	of	the	

mouse	genome	using	BWA	mem47	(http://bio-bwa.sourceforge.net/).	Duplicate	reads	were	

not	 marked	 due	 to	 it	 being	 amplicon	 sequencing.	 Samtools	 mpileup	 and	 bcftools	 call57	

(http://www.htslib.org/)	 were	 used	 to	 output	 reference/alternate	 base	 calls	 and	 allele	

depths	 for	 the	 candidate	positions.	 Samples	were	analyzed	as	groups	of	matched	normal	

skin	and	tumor	samples.	SNVs	were	considered	validated	if	they	contained	at	least	70	reads	

supporting	the	expected	mutation.	
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Mutation	context		

For	mutation	 spectrum	 analysis,	 SNVs	 in	 all	 tumors	were	 annotated	with	 1	 of	 96	

possible	trinucleotide	context	substitutions	(6	types	of	substitutions	x	4	possible	flanking	

5'-bases	x	4	possible	flanking	3'-bases),	and	counts	of	each	mutation	context	were	summed.	

	

Clonality		

Clonality	 analysis	 was	 performed	 with	 PyClone	 (version	 0.12.7)58.	 For	 inputs	 to	

PyClone,	 reference	 and	 variant	 read	 depths	 were	 taken	 from	 MuTect	 output,	 and	 copy	

number	 at	 each	 locus	 determined	 from	 CNVkit	 output.	 Clonal	 and	 subclonal	 mutation	

clusters	were	determined	from	PyClone	results	table,	and	compared	with	PyClone	cellular	

frequency	plots	 for	 confirmation.	Clonal	mutations	were	 those	present	 in	all	 tumor	cells;	

subclonal	mutations	were	those	present	in	only	a	fraction	of	tumor	cells.	

	

Phylogenies		

To	 build	 phylogenetic	 trees,	 absolute	 distance	matrices	were	 calculated	 based	 on	

the	presence	of	mutations	in	the	sample,	based	on	filtered	MuTect	calls.	Rooted	trees	were	

built	with	 use	 of	 the	 APE	 package	 and	manhattan	 calculation	method	 implemented	 in	 R	

version	 2.15.	 Metastases	 were	 matched	 to	 primary	 tumors	 on	 the	 basis	 of	 shared	

mutations.			

	

Identification	of	Early	and	Late	Mutations		
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Early	 and	 late	 mutations	 were	 identified	 with	 two	 methods.	 In	 the	 first	 method,	

mutations	from	26	metastases	with	matched	primaries	were	divided	into	those	that	were	

shared	with	the	primary	(early)	and	those	that	were	not	shared	(later).	Tumors	used	in	this	

method	 included	 a	 representation	 of	 SCCs	 and	 spindle	 tumors,	 and	 of	 Hras-driven	 and	

Kras-driven	tumors.	In	the	second	method,	mutations	in	12	tumors	where	multiple	clones	

were	identified	with	PyClone	were	divided	into	fully	clonal	mutations	(i.e.,	those	present	in	

all	 tumor	 cells)	 (early)	 and	 subclonal	mutations	 (i.e.,	 those	 present	 in	 only	 a	 fraction	 of	

tumor	 cells)	 (late).	Tumors	used	 in	 this	method	 included	a	 representation	of	papillomas,	

SCCs,	and	spindle	tumors;	of	Hras-driven	and	Kras-driven	tumors;	and	of	primary	tumors	

and	metastases.	

	

Evaluation	of	Candidate	“Metastasis	Genes.”	

	To	assess	whether	we	had	any	candidate	“metastasis	genes”	that	might	explain	why	

certain	 primary	 tumors	metastasized	while	 others	 did	 not,	we	 first	 examined	 genes	 that	

were	 recurrently	 mutated	 in	 metastasizing	 carcinomas.	 We	 found	 22	 genes	 that	 were	

mutated	more	 than	 once	 in	 a	 metastasizing	 carcinoma;	 however,	 19	 of	 these	 were	 also	

mutated	 in	 non-metastasizing	 carcinomas	 at	 a	 similar	 frequency.	 The	 remaining	 three,	

which	were	Foxn4,	Scn9a,	and	Sspo,	were	found	mutated	in	one	or	more	papillomas,	and	so	

also	did	not	present	good	candidates.	We	found	Pdlim7,	Tecpr2,	and	Cd151	were	expressed	

at	higher	levels	in	metastasizing	carcinomas,	although	of	these	Pdlim7	was	significant	after	

multiple	test	correction	(p	=	6.4	x	10–6).	None	of	these	genes	carried	any	mutations	in	any	

primary	or	metastatic	carcinomas.	No	genes	were	expressed	at	significantly	lower	levels	in	

metastasizing	carcinomas.	
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Allele	specificity	analysis.		

To	 determine	 the	 allele	 specificity	 of	Hras	 and	 Kras	 mutations,	 75	 bp	 reads	 that	

contained	 both	 the	 mutation	 and	 nearby	 SNPs	 were	 extracted	 from	 .bam	 file	 using	

mpileup56,	and	genotype	of	mutated	allele	was	determined.	For	Hras	codon	61	mutations,	

SNPs	 used	 to	 determine	 genotype	 were	 chr7:141192537,	 A	 (FVB)/G	 (SPRET)	 and	

chr7:141192567,	 G	 (FVB)/A	 (SPRET).	 For	 Kras	 codon	 61	 mutations,	 SNPs	 used	 were	

chr6:145234318,	 	T	(FVB)/C	(SPRET)	and	chr6:145234388	G	(FVB)/A	(SPRET).	For	Kras	

codon	 12	 and	 13	 mutations	 SNPs	 used	 were	 chr6:145246755,	 G	 (FVB)/A	 (SPRET)	 and	

chr6:145246782	C	(FVB)/T	(SPRET).	Significance	was	evaluated	using	a	chi-squared	test.	

	

Expression	microarrays,	normalization,	and	differential	expression.	

Gene	expression	was	quantified	using	Affymetrix	MoGene	ST	1.1	arrays	hybridized	

on	an	Affymetrix	GeneTitan	instrument.	Affymetrix	MoGene	arrays	were	normalized	using	

the	oligo	package59	 and	a	probe	database	prepared	 for	FVBBX	mice	 to	avoid	probes	 that	

intersect	 known	 FVB/N	 or	 SPRET/EiJ	 SNPs	 (http://davidquigley.com/equalizer.html.	

Differential	expression	for	genes	on	chromosome	1	and	for	comparison	of	metastasizing	vs.	

non-metastasizing	 carcinomas	 was	 done	 using	 the	 siggenes	 package	 in	 R,	 with	 a	 false	

discovery	 rate	 threshold	 of	 0.01.	 Microarray	 data	 are	 available	 under	 GEO	 accession	

number	GSE63967,	and	sequence	data	under	ENA	Study	Accession	Number	ERP004081.		

	

Data	deposition	
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Microarray	 data	 are	 available	 under	 GEO	 accession	 number	GSE63967,	 and	

sequence	data	under	ENA	Study	Accession	Number	ERP004081.	
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 Chapter	4:	Panx3	links	body	mass	index	(BMI)	and	

tumorigenesis	in	a	genetically	heterogeneous	mouse	model	

of	carcinogen-induced	cancer	

Introduction	

Elevated	 body-mass	 index	 (BMI)	 has	 recently	 been	 highlighted	 as	 playing	 a	

profound	role	in	the	development	of	a	diverse	array	of	cancers.	For	some	cancers,	such	as	

esophageal,	endometrial,	and	uterine,	BMI	has	been	demonstrated	to	be	associated	with	up	

to	 40%	of	 all	 cases1,2.	 In	 the	US,	 it	 is	 estimated	 that	 elevated	BMI	 and	obesity	 led	 to	 the	

development	 of	 84,500	 avoidable	 cancer	 cases,	 and	 as	 many	 as	 90,000	 cancer	 deaths	

annually1,3.			

A	variety	of	hypotheses	have	been	put	 forth	 to	explain	 the	 increase	 in	 cancer	 risk	

associated	with	elevated	BMI,	 including	systemic	 inflammation	concomitant	with	obesity,	

altered	growth	factor	signaling	and	production,	and	altered	gender	hormone	signaling	and	

production.	4–6.	The	specific	mechanism	is	likely	to	be	dependent	on	the	cancer	type,	and	it	

is	 probable	 that	 multiple	 factors	 cooperate	 to	 enhance	 cancer	 risk.	 Unfortunately,	

examining	 in	 detail	 the	 relationship	 between	 these	 two	 complex	 traits	 has	 been	

confounded	 by	 a	 combination	 of	 genetic	 complexity	 and	 the	 diverse	 environmental	

influences	that	must	be	taken	into	account.	In	order	to	address	this	paucity	of	data,	we	have	

analyzed	 the	 relationship	 between	 BMI	 and	 cancer	 incidence	 in	 a	 genetically	

heterogeneous	mouse	population.	By	crossing	tumor	susceptible	Mus	musculus	(FVB)	mice	

with	tumor	resistant	Mus	spretus	(SPRET)	mice	we	developed	a	genetically	heterogeneous	
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cohort	 of	 F1	 backcross	 mice	 which	 varies	 significantly	 in	 both	 tumor	 susceptibility	 and	

BMI.	 Critically,	 this	 cohort	 was	 generated	 without	 using	 engineered	 susceptibilities	 to	

either	 obesity	 or	 tumorigenesis.	 This	 allows	 us	 to	 more	 accurately	 model	 the	 human	

condition	 of	 genetic	 heterogeneity	 and	 environmental	 (rather	 than	 genetic)	 tumor	

induction.			

Using	 this	 cohort,	 we	 induced	 skin	 tumors	 using	 the	 chemical	 carcinogen	 7,12-

Dimethylbenz(a)anthracene	 (DMBA)	 and	 the	 tumor	 promoting	 agent	 TPA	 12-O-

Tetradecanoylphorbol-13-acetate	(TPA)7.	This	protocol	initially	results	in	the	formation	of	

benign	 papillomas,	 a	 small	 fraction	 of	 which	 will	 progress	 into	 carcinomas.	 Previous	

studies	 have	 demonstrated	 that	 the	 tumors	 produced	 by	 this	 protocol	 are	 profoundly	

influenced	by	inherited	susceptibility	loci8–12.		

Comparing	BMI	and	 tumor	burden	 in	 this	cohort	 revealed	a	strong	and	consistent	

positive	 association	 in	 male,	 but	 not	 female,	 mice.	 Using	 a	 systems	 approach	 involving	

quantitative	 trait	 loci	 (QTL)	 mapping,	 gene	 expression	 analysis,	 and	 gene	 expression	

correlation	 network	 analysis,	 we	 have	 been	 able	 to	 identify	 several	 candidate	 regions	

associated	with	both	BMI	and	cancer.	Further	analysis	of	these	regions	identified	the	gene	

Pannexin	3	(Panx3)	as	a	strong	candidate.	Panx3	expression	levels	are	strongly	associated	

with	BMI,	and	the	gene	is	situated	in	a	well-conserved	lipid	metabolism	network.	Panx3	is	

also	associated	with	tumor	development,	and	we	demonstrate	that	inhibition	of	Pannexin	

function	 causes	 alterations	 in	TPA-induced	 inflammatory	 signaling,	 providing	 a	 plausible	

mechanism	for	the	relationship	between	Panx3	and	tumorigenesis.		
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Results	

Increased	weight	and	BMI	are	associated	with	increased	papilloma	burden	

In	 order	 to	 evaluate	 the	 relationship	 between	 pre-treatment	 physiological	

parameters	 and	 carcinogenesis,	 we	 compared	 pretreatment	 BMI,	 weight,	 and	 length	 to	

papilloma	burden	 in	 two	 independent	 skin	 carcinogenesis	 datasets.	 These	 datasets	were	

generated	 from	 a	 population	 of	 interspecific	Mus	 spretus	 (SPRET/Ei)	 and	Mus	musculus	

(FVB/N)	backcrossed	mice.	F1	progeny	were	generated	by	crossing	male	SPRET	mice	with	

female	 FVB	 animals,	 and	 the	 backcross	 population	was	 generated	 by	 crossing	 female	 F1	

mice	with	male	 FVB.	 The	 resulting	 population	 (FVBBX	mice)	was	 then	 phenotyped	 (see	

Methods)	and	subjected	to	two-stage	chemical	carcinogenesis	(Figure	1A).	

		 The	first	cohort	(hereafter	Cohort	1)	consisted	of	141	mice,	139	of	which	had	whole-

genome	genotyping	data	available.	The	second	cohort	of	mice	(Cohort	2)	consisted	of	237	

mice,	 235	 of	which	 had	 genotyping	 data	 available	 (Table	 1).	 In	 both	 cohorts	 there	were	

approximately	 as	 many	 female	 as	 male	 mice	 (Table	 1).	 There	 were	 no	 significant	

differences	 in	 papilloma	 burden,	 BMI,	 or	 carcinoma	 risk	 between	 the	 two	 datasets.	

Additionally,	 there	 was	 no	 difference	 in	 papilloma	 burden	 or	 the	 risk	 of	 developing	 a	

carcinoma	between	males	and	females.		

In	 these	 datasets,	 BMI	 and	 weight,	 but	 not	 length,	 show	 significant	 positive	

correlations	with	tumor	burden	(Figure	1B).	Considering	both	datasets	combined,	BMI	was	

positively	correlated	to	papilloma	burden	(p	<	1e-5,	rho	=	0.25).	This	relationship	appears	

to	be	driven	primarily	by	male	mice,	which	show	a	correlation	p	value	<	1	e-7	and	a	rho	of	

0.38	 (Figure	 1B).	 BMI	 was	 not	 significantly	 correlated	 with	 papilloma	 burden	 in	 female	

mice.	 Similar	 results	 were	 observed	 for	 weight,	 which	 showed	 a	 significant	 positive	
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correlation	with	papilloma	burden	in	male	mice	(rho	=	0.33;	p	<	1e-5),	and	no	correlation	

in	 female	 mice.	 Separating	 the	 two	 datasets	 showed	 a	 consistent	 level	 of	 correlation	

between	BMI	and	papilloma	burden	for	male	mice	in	both	cohorts:	p	<	1e-3	and	rho	=	0.4	

for	Cohort	1	male	mice,	and	p	<	1e-3	with	rho	=	0.34	for	Cohort	2	males.			

Next	 we	 compared	 papilloma	 burden	 between	 mice	 with	 extreme	 BMI	 values,	

defined	 as	 mice	 with	 BMIs	 in	 the	 top	 or	 bottom	 quartile	 of	 values	 for	 each	 gender.	

Comparing	papilloma	burden	between	mice	with	high	and	low	BMI	uncovered	a	significant	

increase	in	burden	for	male	mice	with	high	BMI	(p	<	1e-4),	and	no	difference	in	female	mice	

(Figure	1C).	This	increase	was	consistent	between	the	two	datasets	(p	<	1e-4	and	p	=	0.015	

for	cohort	1	and	2,	respectively).		Male	mice	with	weights	in	the	highest	quartile	of	values	

also	showed	a	similar	 increase	 in	papilloma	burden	(p	<	1e-4	and	p	<	0.001	 for	cohort	1	

and	2).		

This	may	suggest	that	the	effect	of	increased	weight	and	BMI	on	papilloma	burden	is	

attenuated,	if	not	absent	altogether,	in	female	mice.	In	support	of	this,	modeling	papilloma	

burden	 by	 either	 BMI	 or	weight	 and	 gender	 demonstrated	 the	 existence	 of	 a	 significant	

interaction	between	the	two	terms	(p	=	0.019	for	the	interaction	between	BMI	and	gender;	

p	=	0.027	for	weight	and	gender).		

	

Increased	BMI	is	associated	with	carcinoma	development	

In	 addition	 to	 the	 influence	of	BMI	on	papilloma	burden,	we	also	 investigated	 the	

relationship	 between	 BMI	 and	 carcinoma	 formation.	 For	 this	 investigation	 both	 cohorts	

were	merged	and	treated	as	a	single	dataset	in	order	to	maximize	statistical	power.		
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Using	this	set	of	378	mice,	of	which	262	developed	a	carcinoma,	we	found	that	BMI	

was	significantly	associated	with	increased	risk	of	carcinoma	development	in	male	mice	(p	

<	1e-3),	but	not	in	female	mice.	Male	mice	with	high	BMIs	(as	defined	as	the	top	25%	of	BMI	

values)	were	at	approximately	2.36	fold-increased	risk	of	developing	a	carcinoma	relative	

to	mice	with	 the	25%	 lowest	 (p	=	0.0013;	95%	CI	 for	 risk	 ratio;	1.40	–	4.00;	Figure	1D).	

Weight	 values	were	 also	 associated	with	 carcinoma-free	 survival,	 albeit	 at	 a	 significantly	

attenuated	level.	In	male	mice	weight	predicted	carcinoma-free	survival	with	p	=	0.026.	In	

female	 mice	 there	 was	 no	 significant	 association	 between	 weight	 and	 carcinoma-free	

survival.	As	expected,	length	was	not	a	significant	predictor	for	either	gender.		

	

Multiple	overlapping	genomic	loci	influence	weight	and	BMI		

To	 identify	 the	 genetic	 factors	 influencing	 BMI,	weight,	 and	 length	we	 performed	

QTL	 mapping	 using	 mice	 from	 both	 cohorts	 (see	 Methods).	 We	 were	 able	 to	 identify	

multiple	 significant	 loci	 for	 each	 phenotype	 (figure	 2).	 For	 BMI,	 eight	 total	 loci	 were	

identified	(on	chromosomes	3,	4,	6,	9,	10,	11,	12,	and	X).	For	both	weight	and	length,	four	

loci	were	identified	(for	weight:	chromosomes	4,	10,	11,	X;	for	length	chromosomes	7,	10,	

11,	and	X).			

Using	 these	 loci	as	starting	points,	we	attempted	to	refine	QTL	 locations	using	 the	

refineqtl	 function	 in	 the	 qtl	 package	 in	 R	 (see	 Methods).	 This	 approach	 allowed	 us	 to	

improve	our	 location	 estimates	 for	 the	majority	of	 the	QTL	peaks,	 and	also	 establish	 the	

existence	 of	 two	 independent	QTL	 in	 individual	 linkage	peaks	 in	 several	 cases.	We	were	

able	 to	determine	 that	 the	weight	QTL	on	chromosome	10	was	composed	of	 two	distinct	

and	 opposite	 in	 orientation	 QTL,	 one	 distal	 and	 one	 proximal.	 For	 both	 the	 weight	 and	
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length	QTL	on	chromosome	X	we	determined	that	the	QTL	was	comprised	of	two	distinct,	

but	 congruent	 in	 orientation,	 QTL.	 The	 final	 locations,	 LOD	 scores,	 and	 r2	 values	 for	 all	

significant	 peaks	 are	 listed	 in	 Table	 2,	 and	 the	 QTL	 regions	 are	 depicted	 graphically	 in	

Figure	 3A.	 In	 the	majority	 of	 cases	 (14	 out	 of	 19)	 the	 SPRET	 allele	 conferred	 increased	

phenotype	values,	with	the	FVB	allele	associated	with	reduced	values	(Figure	3A).		

Using	linear	models	structured	to	permit	an	interaction	between	gender	and	marker	

genotype,	 we	 were	 able	 to	 identify	 two	 QTL	 with	 significant	 interactions	 with	 gender.	

BMI_3	 and	 BMI_9,	 on	 chromosomes	 3	 and	 9	 respectively,	 both	 showed	 significant	

interactions	 between	 gender	 and	 genotype	 (BMI_3	 p	 interaction	 	 =	 0.020;	 BMI_9	 p	

interaction	 =	 0.038).	 BMI_3	 showed	 a	 striking	 increase	 in	 BMI	 for	 heterozygous	 female	

mice	 relative	 to	 homozygous	 females,	 but	 no	 difference	 in	 male	 mice	 (supplementary	

Figure	 1A).	 Conversely,	 heterozygous	males	 at	 BMI_9	 had	 approximately	 8%	higher	BMI	

than	 their	 homozygous	 counterparts.	 This	 locus	was	 not	 associated	with	BMI	 in	 females	

(supplementary	Figure	1B).	 	Two	other	 loci,	BMI_4	and	BMI_11,	were	also	suggestive	but	

non-significant	(supplementary	Table	1).			

	

BMI_3	overlaps	 a	papilloma	QTL	and	 confounds	 the	 relationship	between	BMI	 and	

tumorigenesis	in	female	mice	

In	 an	 effort	 to	 understand	 what	 differentiates	 the	 relationship	 between	 BMI	 and	

carcinogenesis	 in	male	 and	 female	mice,	we	 further	 explored	 the	 female-specific	QTL	 on	

chromosome	 3	 (BMI_3).	 This	 QTL,	 which	 extends	 from	 21	 cM	 to	 59	 cM,	 overlaps	 a	

previously	 identified	 tumor	 susceptibility	 QTL8,12.	 Congruent	 with	 this	 observation,	
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heterozygosity	at	this	locus	was	associated	with	a	significant	decrease	in	papilloma	burden	

in	both	males	and	females	(p	=	0.0012	in	females,	and	p	=	0.0014	for	males).		

Conversely,	 while	 the	 effect	 of	 this	 QTL	 on	 papilloma	 burden	 was	 not	 different	

between	the	genders,	the	effect	on	BMI	was	only	present	in	females	(p	<	2e-5	in	females,	p	

=	0.44	in	males).	 Importantly,	heterozygous	females	were	heavier	than	their	homozygous	

counterparts.	The	combined	effect	of	the	BMI_3	QTL	(increasing	BMI	in	heterozygous	mice)	

and	 the	papilloma	 susceptibility	QTL	on	 chromosome	3	 (decreasing	papilloma	burden	 in	

heterozygous	 mice)	 severely	 confounds	 the	 relationship	 between	 BMI	 and	 papilloma	

burden	for	females	in	this	dataset.		

After	 taking	genotype	at	 this	QTL	 into	account,	 there	 is	evidence	 for	a	modest	but	

significant	 positive	 correlation	 between	BMI	 and	 papilloma	 burden	 for	 female	mice	 (p	 <	

0.01;	rho	=	0.19).	There	was	no	significant	association	with	carcinoma	risk	after	adjusting	

for	BMI_3	marker	genotype,	suggesting	that	while	there	is	a	relationship	between	BMI	and	

tumorigenesis	in	females	in	this	dataset,	it	is	attenuated	relative	to	males.	

	

	

BMI	QTL	peaks	are	associated	with	tumor	burden	in	males	

We	 evaluated	 the	 relationship	 between	 the	 genetic	 elements	 associated	with	 BMI	

and	 tumor	burden.	To	accomplish	 this,	we	evaluated	 the	effect	of	genotype	on	papilloma	

burden	in	a	combined	dataset,	as	well	as	gender-specific	datasets.	Loci	that	influence	BMI	

tend	 to	 also	 influence	 papilloma	 burden	 in	males.	 Of	 the	 set	 of	 eight	 BMI	 QTL,	 six	were	

significantly	 associated	 with	 papilloma	 burden	 in	 males.	 Of	 these	 six,	 four	 were	 not	



	 97	

significantly	 associated	with	 papilloma	 burden	 in	 female	mice.	 There	were	 two	markers	

that	were	significant	in	all	datasets	(supplementary	Table	2).		

In	 order	 to	 evaluate	whether	 or	 not	 the	 relationship	 between	 these	markers	was	

congruent	with	the	expectation	of	increased	BMI	positively	influencing	carcinogenesis	risk,	

we	assessed	whether	the	high-weight	allele	was	also	the	high-papilloma	burden	allele.	This	

was	 true	 in	 all	 cases	 except	 for	 BMI_3.	 The	 strongest	 and	 most	 consistent	 relationship	

between	BMI	QTL	genotype	and	papilloma	burden	in	both	males	and	females	was	found	at	

BMI_12	in	a	region	containing	a	previously	mapped	papilloma	susceptibility	 locus	(Skts5)	

10.	Of	 the	 remaining	QTL,	 four	out	of	 six	 (BMI_4,	BMI_6,	BMI_9,	BMI_11)	were	 associated	

with	significant	differences	in	papilloma	burden	by	marker	genotype	in	male	mice.	None	of	

these	QTL	were	significantly	associated	in	female	mice.		

	

Network	analysis	implicates	Panx3	as	a	candidate	lipid	metabolism	gene	

QTL	analysis	can	identify	genomic	regions	linked	to	a	phenotype,	but	this	approach	

is	limited	by	the	low	genetic	resolution	inherent	in	mouse	backcross	or	intercross	studies.	

Gene	expression	analysis	can	contribute	substantially	 to	 identification	of	candidate	genes	

or	 pathways	 that	 influence	 individual	mouse	 phenotypes	 13–17.	 In	 an	 attempt	 to	 identify	

what	 genetic	 elements	were	 responsible	 for	 the	 observed	 linkage	 to	 BMI,	we	 performed	

gene	 expression	 correlation	 network	 analysis	 using	 a	 total	 of	 110	 pretreatment	 tail	 skin	

samples	 from	FVBBX	mice.	We	selected	genes	 inside	of	each	QTL	region,	as	well	as	 those	

with	 significant	 expression	 QTL	 (eQTL)	 linked	 to	 the	 BMI	 QTL.	 Using	 these	 genes	 as	 a	

starting	point,	we	then	identified	genes	with	pretreatment	expression	values	significantly	

correlated	with	BMI	(see	Methods).		
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Analyzing	gene	expression	values	in	this	way	allowed	us	to	nominate	a	short	list	of	

candidate	genes	associated	with	BMI	(Figure	3B;	supplementary	Table	3).	This	set	of	genes	

includes	Cul4b,	which	 has	 previously	 been	 associated	with	 syndromic	 obesity	 18,	Acsbg1,	

which	 plays	 a	 role	 in	 fatty	 acid	 synthesis	 19,	 and	 Man2c1	 which	 has	 previously	 been	

associated	with	 a	 gonadal	 fat	 pad	QTL	 in	mice	 20.	 The	 set	 as	 a	whole,	 however,	was	 not	

significantly	enriched	for	any	specific	function	as	assessed	by	gene	ontology	analysis.		

As	a	strategy	to	gain	additional	 insight	 into	potentially	novel	associations	between	

these	 candidate	genes	and	adiposity,	we	performed	gene	expression	correlation	network	

analysis	in	pre-treatment	mouse	tail	RNA.	Briefly,	each	BMI-associated	gene	was	used	as	a	

seed	to	propagate	a	gene	coexpression	network.	The	coexpression	network	consisted	of	the	

seed	gene,	genes	significantly	correlated	to	the	seed	gene	(first	degree	neighbor	genes),	and	

genes	significantly	correlated	to	first	degree	neighbors.	Coexpression	networks	were	then	

analyzed	for	enrichment	by	gene	ontology	analysis	(see	Methods).		

The	 results	 of	 this	 analysis	 revealed	 a	 strong	 association	between	 the	Pannexin	3	

(Panx3)	 gene	 and	 lipid	 metabolism.	 While	 other	 candidate	 genes	 have	 plausible	

relationships	to	BMI,	none	were	members	of	clearly	defined	BMI	related	gene	coexpression	

networks.	This	led	us	to	pursue	Panx3	as	our	primary	candidate	for	further	analysis.	Panx3	

is	a	recently	characterized	integral	membrane	protein	in	the	pannexin	family.	This	gene	has	

previously	 described	 roles	 in	 keratinocyte	 differentiation	 and	 carcinogenesis,	 bone	

morphogenesis,	 WNT	 signaling,	 and	 monocyte	 recruitment	 21–24.	 Panx3	 expression	 was	

significantly	correlated	with	BMI	 in	males	 (p	<	0.01;	 rho	=	0.34).	The	25%	heaviest	mice	

had	 approximately	 50%	 higher	 expression	 than	 the	 25%	 lightest	 (8.36	 versus	 7.99;	 p	 <	

0.01).	 In	 addition,	 the	 gene	 expression	 correlation	 network	 surrounding	 Panx3	 was	
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significantly	enriched	in	genes	associated	with	a	variety	of	lipid	phenotypes,	including	lipid	

metabolic	process	(GO:0006629;	p	<	1e-4),	long-chain	fatty	acid	transport	(GO:0015909;	p	

<	1e-4),	and	lipid	storage	(GO:0019915;	p	<	1e-3;	figure	4).	This	enrichment	was	driven	by	

numerous	 genes	 with	 established	 lipid	 metabolism	 annotations,	 including	 Pparg,	 Fa2h,	

Mgll,	and	Dgat1.		

To	 assess	 the	 reproducibility	 of	 the	Panx3	 correlation	network,	we	 analyzed	 gene	

expression	data	obtained	 from	an	 independently	derived	cohort	of	WT	FVBBX	mice.	This	

dataset	 consisted	of	RNA	data	 from	49	dorsal	 skins	 and	48	 tail	 skins	 isolated	 from	male	

mice	taken	at	between	six	and	eight	weeks.	Using	these	data,	we	were	able	to	confirm	the	

reproducibility	 of	 the	 Panx3	 neighborhood	 to	 a	 strikingly	 high	 degree.	 In	 the	 validation	

cohort	 of	 tail	 skin,	 the	 Panx3	 neighborhood	 contained	 31	 out	 of	 32	 of	 the	 originally	

associated	genes,	and	in	dorsal	skins	it	contained	27	out	of	32.	In	both	cases	the	validation	

neighborhood	was	significantly	enriched	for	the	same	type	of	lipid	metabolism	phenotypes	

as	previously	observed	(lipid	metabolic	process	GO:0006629;	dorsal	p	<	1e-10,	tail	p	<	1e-

6:	lipid	storage	GO:0019915;	dorsal	p	<	1e-4,	tail	p	<	1e-5).		

Panx3	 possesses	 three	 nonsynonymous	 SNPs	 between	 FVB	 and	 SPRET	 (table	 3).	

Sequence	analysis	determined	that	these	single	nucleotide	polymorphisms	(SNPs)	were	not	

predicted	 to	 be	 deleterious	 to	 protein	 function	 (as	 assessed	 by	 PROVEAN;	

http://provean.jcvi.org),	but	are	in	close	proximity	to	predicted	phosphorylation	sites25.	In	

the	case	of	the	G500C/S167T	polymorphism,	the	SNP	occurs	at	the	exact	site	of	predicted	

phosphorylation.		

	

Panx3	expression	is	positively	associated	with	tumor	risk.	
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We	 assessed	 whether	 pretreatment	 levels	 of	 Panx3	 were	 associated	 with	 tumor	

development	or	progression	in	male	mice.	Panx3	expression	in	pretreatment	tail	skin	was	

positively	correlated	with	 papilloma	 burden	 (p	 =	 0.03;	 rho	 =	 0.28),	 as	well	 as	 positively	

associated	with	carcinoma	risk	in	males	(p	=	0.012),	 indicating	that	elevated	Panx3	 levels	

are	associated	with	both	early	and	late	stages	of	tumor	development.			

Panx3	expression	has	previously	been	reported	to	undergo	downregulation	during	

carcinogenesis	in	human	tumors	22.	Using	a	previously	generated	cohort	of	mouse	tail	skin,	

benign	papillomas,	and	malignant	carcinomas,	we	assessed	the	expression	levels	of	Panx3	

17.	Congruent	with	human	data,	Panx3	 expression	was	markedly	reduced	 in	 tumors,	with	

carcinomas	showing	no	expression	of	Panx3	(Figure	5A).	Expression	 levels	 in	papillomas	

were	reduced,	but	less	consistently	than	carcinomas	(Figure	5A).	The	positive	association	

between	 tumor	 risk	 and	 Panx3	 levels	 in	 normal	 skin,	 but	 reduced	 Panx3	 expression	 in	

papillomas	and	carcinomas,	supports	the	interpretation	that	primary	role	of	Panx3	during	

tumor	development	is	in	influencing	tumor	susceptibility	rather	than	tumor	maintenance.		

	

Panx	inhibition	increases	inflammation	following	TPA	treatment	

Among	 the	 functions	 attributed	 to	 members	 of	 the	 Pannexin	 family,	 particularly	

Panx1	and	Panx3,	are	roles	in	innate	immune	cell	recruitment	and	inflammation26–28.	Since	

inflammation	is	also	known	to	play	a	critical,	 if	complex,	role	 in	skin	tumor	development,	

we	 speculated	 that	 that	 inhibition	 of	 Pannexin	 function	 may	 perturb	 inflammatory	

processes	and	thus	influence	development	of	skin	tumors.		

In	order	to	test	this	hypothesis,	we	assessed	the	effect	of	small	molecule	inhibitors	

of	Panx	 function	 (both	Panx1	 and	Panx3)	on	 inflammatory	 cytokine	expression	 following	
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TPA	treatment	of	mouse	skin.	To	accomplish	this	we	used	the	Panx	inhibitor	carbenoxolone	

(CBX),	which	 acts	 as	 an	 inhibitor	 of	 Pannexin	 channels,	 although	 it	 can	 also	 affect	 some	

other	targets	29–31.		Mice	were	pre-treated	with	intraperitoneal	injection	of	CBX	prior	to	the	

induction	 of	 inflammation	 with	 TPA.	 In	 mice	 treated	 with	 both	 CBX	 and	 TPA,	 the	

expression	levels	of	the	inflammatory	interleukins	Il6	and	Il1b	were	dramatically	elevated	

(Figure	5B)	compared	to	control	animals	treated	with	either	CBX	alone	or	TPA	alone.	While	

there	was	no	 change	 in	 either	 Il6	 or	 Il1b	 expression	 following	CBX	 treatment	 alone	 (p	>	

0.05	 for	 both	 markers)	 treatment	 with	 TPA,	 as	 expected,	 significantly	 elevated	 the	

expression	levels	of	both	markers	(p	<	1e-5	for	Il6;	p	=	0.0232	for	Il1b),	but	not	to	the	same	

extent	as	the	combined	treatment	(p	=	0.0232	for	Il6;	p	=	0.00288	for	Il1b).	In	agreement	

with	 these	 results,	 histological	 examination	 of	 the	 skin	 morphology	 in	 treated	 samples	

supported	these	claims,	with	CBX	and	TPA	treated	samples	scoring	significantly	higher	for	

markers	of	inflammation	(infiltration	of	neutrophils	into	the	upper	dermis	and	epidermis)	

than	TPA	alone	 (p	=	0.005;	Figure	5C).	There	was	no	difference	between	 saline	and	CBX	

treated	 samples	 in	 the	 absence	 of	 TPA	 (p	 =	 0.47).	 These	 results	 demonstrated	 that	

inhibition	of	Pannexin	 function	can	exacerbate	 the	 innate	 immune	response	 to	 treatment	

with	 the	 promoter	 TPA,	 and	 could	 explain	 the	 observed	 genetic	 linkage	 between	 Panx3	

levels	and	tumor	burden.		
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Discussion	

Genetic	relationships	between	BMI	and	cancer		

The	relationship	between	obesity	and	cancer	has	been	a	topic	of	intense	scrutiny	in	

the	 scientific	 community	 for	well	 over	 a	decade.	 In	 the	 intervening	period	 since	 the	 first	

large-scale	 prospective	 investigation	 of	 this	 association	 and	 today,	 a	 myriad	 hypotheses	

have	been	proposed	to	account	for	this	strong	positive	correlation	4–6.	However,	due	to	the	

complexities	 intrinsic	 to	 both	 phenotypes,	 directly	 testing	 these	 hypotheses	 has	 proven	

challenging.	Even	in	model	organisms	such	as	the	mouse,	there	are,	to	our	knowledge,	no	

prior	 genetic	 studies	 in	 genetically	 heterogeneous	 mouse	 populations	 that	 link	 BMI	 to	

cancer	susceptibility.			

In	this	work	we	have	employed	a	model	that	is	dependent	on	exposure	to	exogenous	

carcinogens	 and	 tumor	 promoters	 to	 mimic	 the	 environmental	 influence	 on	 cancer	

development.	 In	addition,	our	protocol	 involves	 crosses	between	highly	divergent	mouse	

species	to	replicate	the	genetic	heterogeneity	in	human	populations32.	The	combination	of	

these	 two	 factors	 (genetic	 heterogeneity	 and	 carcinogen	 induction	 in	 the	 absence	 of	

engineered	 tumor	 induction)	 offered	 us	 a	 unique	 opportunity	 to	 study	 the	 interplay	

between	 BMI	 and	 cancer	 development	 in	 a	 system	 that	 closely	 recapitulates	 the	 human	

condition.	

Our	 results	 have	 confirmed	 the	 location	 of	 several	 previously	 described	 BMI	 and	

adiposity	 QTL,	 as	 well	 as	 described	 the	 existence	 of	 two	 novel	 loci.	 Our	 loci	 on	

chromosomes	3,	4,	9,	10,	11,	and	X	appear	to	overlap	previously	described	loci	33–44.	In	the	

case	 of	 the	 QTL	 on	 chromosome	 6	 and	 chromosome	 12,	 there	 did	 not	 appear	 to	 be	 an	

overlapping	previously	described	BMI-associated	QTL,	suggesting	these	sites	may	be	novel.		
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Panx3	plays	is	in	a	lipid	metabolism	network	and	influences	BMI		

In	 this	 work	we	 have	 also	 identified	 a	 potential	 role	 for	 Panx3,	 a	member	 of	 the	

recently	described	Pannexin	gene	family,	in	both	BMI	and	cancer	susceptibility.	This	gene	

family	consists	of	three	members	(Panx1-3)	 in	both	rodents	and	humans	45.	The	pannexin	

genes	have	been	associated	with	a	variety	functions,	including;	keratinocyte	differentiation,	

wound	 healing,	 carcinogenesis,	 apoptosis,	 monocyte	 recruitment,	 inflammation	 and	

osteoblast	 differentiation	 22–24,46–48.	 Panx3	and	 Panx1	are	 known	 to	 work	 in	 conjunction	

with	one	another,	both	by	directly	interacting	at	the	protein	level	as	well	as	by	coordinated	

gene	expression	regulation	28,47.		

Currently,	there	are	no	published	functional	 links	between	Panx3	activity	and	lipid	

metabolism.	However,	several	key	observations	support	the	existence	of	this	relationship.	

Previous	work	 from	this	 laboratory	has	 tied	Panx3	 expression	 to	adipocyte	signaling	and	

adiposity	(Sjölund	et	al.,	2014).	In	this	study	we	used	gene	expression	network	analysis	of	

normal	skin	from	a	separate	population	of	F1	backcross	mice	to	predict,	and	subsequently	

verify,	 a	 relationship	 between	 the	 protein	 kinase	 Hipk2	 and	 adipocyte	 signaling	 and	

differentiation	 49.	 The	 expression	 network	 identified	 in	 this	 work	 also	 contained	 Panx3,	

suggesting	that	this	gene	may	also	contribute	to	these	phenotypes.	While	network	analysis	

is	a	relatively	new	technique,	and	can	yield	complex	and	challenging	data,	it	has	previously	

been	 expertly	 applied	 to	 the	 identification	 of	 candidate	 genes	 involved	 in	 BMI	 50,51,	

demonstrating	 that	 this	 technique	 is	 well-suited	 to	 exploring	 the	 relationship	 between	

Panx3	and	BMI.	
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Further	 evidence	 for	 a	 role	 for	 Pannexins	 in	 lipid	 metabolism	 came	 from	 recent	

analysis	 of	 a	 Panx1	 knockout	mouse,	 which	 acquired	 significantly	 increased	 amounts	 of	

subcutaneous	 adipose	 tissue,	 accompanied	 by	 a	 dramatic	 elevation	 of	Panx3	expression.	

These	data,	together	with	the	observation	of	increased	Panx3	expression	in	mice	fed	a	high-

fat	diet	23	strongly	support	the	hypothesis	that	Panx3	signaling	is	associated	with	increased	

adiposity	 47	and	consequently	BMI.	Additional	observations	have	 implicated	Panx3	 in	 the	

persistent	disseminated	inflammation	and	metabolic	syndrome	associated	with	obesity	23.		

Finally,	 in	 humans	 the	 genomic	 region	 containing	PANX3	 has	 been	previously	 associated	

with	the	development	of	obesity,	as	well	as	diabetes	and	serum	adiponectin	concentrations	

52–55.		

	 Although	it	is	possible	that	Panx3	influences	adiposity	through	direct	expression	in	

skin	 adipocytes,	 an	 alternative	 explanation	 is	 that	 Panx3	 is	 primarily	 expressed	 in	

keratinocytes,	 possibly	 facilitating	 the	 important	 role	 played	 by	 lipid	 synthesis	 in	

maintenance	 of	 skin	 barrier	 function	 56.	 Indeed,	 previous	 studies	 have	 detected	 Panx3	

expression	 in	 suprabasal	 keratinocytes,	 and	 analysis	 of	 subcutaneous	 adipocytes	 from	

mouse	skin	showed	that	Panx3,	 in	contrast	 to	Hipk2	 (Sjolund	et	al.,	2014)	 is	expressed	at	

very	low	levels	in	this	tissue	(data	not	shown).		

Understanding	 how	 lipid	 metabolism	 in	 the	 skin	 influences	 total	 BMI	 may	 be	

informed	 by	 recent	 publications	 detailing	 the	 influence	 of	 skin-specific	 knockouts	 of	

stearoyl-Coenzyme	A	desaturase	1(Scd1)	on	global	metabolism57.	These	publications	have	

demonstrated	that	skin-specific	ablation	of	Scd1,	a	gene	involved	in	lipid	metabolism	in	the	

skin	 and	 liver,	 has	 dramatic	 whole-body	 effects	 on	 energy	 expenditure	 and	 lipid	

metabolism.	Skin-specific	Scd1	knockout	mice	are	profoundly	resistant	to	obesity	induced	
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by	 high-fat	 diet,	 and	 have	 globally	 increased	 energy	 expenditure.	 It	 is	 unclear	 from	 the	

available	data	what	mechanism	links	skin-specific	expression	of	Scd1	to	whole-body	energy	

expenditure.	However,	these	findings	have	demonstrated	a	strong	relationship	between	the	

skin-specific	 function	 of	 a	 lipid	 metabolism	 gene	 and	 the	 overall	 metabolic	 state	 of	 the	

mouse.	 Interestingly,	 the	 expression	 profile	 of	 Panx3	 is	 similar	 to	 Scd1,	 with	 strong	

expression	in	the	sebocytes	and	liver	in	adult	mice.	Further,	Panx3	expression	is	central	to	

a	lipid	metabolism	network	in	adult	skin.	This	raises	the	possibility	that	skin-specific	Panx3	

expression,	much	like	Scd1	expression,	may	influence	whole-body	energy	expenditure	and	

metabolism.	 Indeed,	 in	 favor	 of	 this	 interpretation,	 Panx3	 and	 Scd1	 show	 a	 significant	

correlation	in	levels	in	normal	FVBBX	tail	skins	(p	<	2e-6;	rho	=	0.45).	

	

Pannexins,	inflammation	and	tumor	susceptibility	

One	intriguing	possibility	for	how	Panx3	could	be	influencing	tumor	development	is	

through	its	relationship	with	Panx1.	Panx1	is	known	to	play	a	major	role	in	inflammation	26,	

an	essential	component	of	tumor	formation	using	the	DMBA/TPA	carcinogenesis	model	58.	

Panx3	 may	 therefore	 influence	 susceptibility	 to	 tumorigenesis	 through	 modulating	 the	

response	 to	 inflammation,	 either	alone	or	 in	 concert	with	Panx1.	 In	 support	of	 a	 role	 for	

Pannexins	 in	 TPA-mediated	 inflammation	 in	 the	 skin,	 treatment	 with	 the	 Pannexin	

inhibitor	CBX	resulted	in	a	dramatic	increase	in	morphological	indications	of	inflammation,	

as	well	as	elevation	of	 Il6	and	 Il1b	expression	 levels.	These	results	suggest	 that	Pannexin	

signaling	 normally	 attenuates	 acute	 inflammatory	 responses	 in	 the	 skin	 following	 TPA	

treatment.	This	conclusion	may	appear	to	contradict	prior	work	demonstrating	a	positive	
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relationship	between	Pannexins	and	inflammation	59–62,	as	well	as	inflammation	and	tumor	

susceptibility	63.	

		 Interpretation	of	 the	data	 is	complicated	by	 the	diverse	roles	of	acute	and	chronic	

inflammatory	responses	in	promoting	or	inhibiting	skin	cancer	development.	Mice	that	had	

undergone	 selective	 breeding	 for	 high	 acute	 inflammatory	 responses	 in	 the	 skin	 were	

shown	 to	 be	 resistant	 to	 skin	 carcinogenesis64.	 Similarly,	 over-expression	 of	 Il1a	 in	 skin	

using	 a	 K14-Il1a	 transgene	 conferred	 complete	 resistance	 to	 the	 two	 stage	 DMBA/TPA	

protocol	 for	tumor	development	by	a	mechanism	that	was	proposed	to	 involve	 increased	

neutrophil	 infiltration,	 the	 phenotype	 also	 induced	 by	 Pannexin	 inhibition	 65.	 While	 the	

details	 of	 interactions	 between	Panx1,	Panx3	and	 inflammation	 remain	 to	 be	 elucidated,	

these	 data	 provide	 support	 for	 the	 proposal	 that	 alterations	 in	 Panx3	 levels	 and/or	

signaling	 contribute	 to	 skin	 tumor	 susceptibility	 through	 effects	 on	 acute	 inflammatory	

responses.			

	

Effects	of	Gender	on	BMI	and	tumor	burden	

		 In	our	study	we	have	observed	a	profound	dichotomy	between	the	genders.	In	male	

mice,	elevated	BMI	is	strongly	and	positively	associated	with	increased	tumor	burden	and	

carcinoma	 risk.	 However,	 in	 females,	 there	 was	 no	 such	 relationship.	 A	 significant	

complication	of	this	finding	is	the	relationship	between	BMI_3	and	papilloma	burden.	This	

BMI	 QTL	 overlaps	 with	 a	 previously	 described	 papilloma	 QTL,	 which	 happens	 to	 have	

opposite	orientation	to	the	BMI	QTL.	This	BMI	QTL	 is	also	a	 female-specific	QTL.	The	net	

effect	 of	 this	 is	 to	heavily	 confound	 the	 relationship	between	BMI	 and	 tumor	burden	 for	
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female	mice	 in	 this	 cohort.	After	 accounting	 for	 this	 relationship,	 there	 appears	 to	 be	 an	

attenuated	but	significant,	relationship	between	BMI	and	carcinogenesis	in	female	mice.		

This	 intriguing	finding	mirrors	the	state	 in	human	cancer,	where	a	wide	variety	of	

cancers	show	an	increased	influence	of	BMI	on	risk	in	males	relative	to	females.	In	a	recent	

study	involving	over	five	million	patients	in	the	UK,	Bhaskaran	et	al.	assessed	the	influence	

of	a	variety	of	covariates	on	cancer	risk2.	The	authors	found	that	for	17	of	the	22	cancers	

studied,	 BMI	 played	 a	 significant	 role	 in	 the	 risk	 of	 development.	 When	 the	 authors	

considered	 risk	 independently	 between	 males	 and	 females,	 they	 found	 that	 for	 all	

situations	in	which	there	was	a	significant	difference	in	the	influence	of	BMI	on	cancer	risk	

by	 gender	 males	 were	 at	 elevated	 risk.	 These	 results	 suggest,	 in	 line	 with	 our	 own	

observations,	that	there	may	exist	a	global	difference	in	the	relationship	between	BMI	and	

cancer	by	gender.	

Future	 studies	of	 this	 cohort	of	genetically	heterogeneous	mice	employing	a	more	

extensive	expression	dataset	may	help	 in	 the	 identification	of	 additional	 candidate	genes	

that	will	 aid	our	understanding	of	 the	 complex	 interactions	between	gender,	obesity	and	

tumorigenesis.		
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Figures	and	tables	

 

Figure	4-1:	BMI	and	carcinogenesis	are	strongly	associated	in	male	mice.	
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Figure	 4-1:	 BMI	 and	 carcinogenesis	 are	 strongly	 associated	 in	 male	 mice.	 A)	

Schematic	 of	 cross	 generation	 and	 tumor	 induction.	 B)	 Correlation	 heatmap	 between	

pretreatment	phenotype	values	and	tumor	burden	measured	at	multiple	tumor	timepoints.	

Negative	 log10	 of	 the	 P	 value	 for	 Spearman’s	 rank-order	 correlation	 is	 plotted	 for	male	

mice,	female	mice,	and	the	combined	dataset.	C)	Tumor	burden	is	higher	in	male	mice	with	

higher	BMI	and	weight	values.	Papilloma	burden	at	20	weeks	was	compared	between	mice	

in	the	highest	and	lowest	quartile	for	each	phenotype.	Bars	represent	the	95%	C.I.	for	the	

mean	for	mice	in	the	highest	quartile	(blue)	and	lowest	(orange)	for	each	gender.	Female	

and	 male	 mice	 are	 plotted	 separately	 on	 the	 right	 and	 left	 halves,	 respectively.	 All	

differences	 between	 phenotype	 groups	 in	 males	 are	 significant,	 and	 no	 differences	 in	

females	are	significant.	D)	Survival	curve	for	mice	with	high	BMI	and	low	BMI	values	split	

by	 gender.	 Kaplan-Meier	 plots	 for	 carcinoma-free	 survival	mice	with	 the	 highest	 25%	of	

BMI	 values	 (orange)	 and	 lowest	 25%	 (blue).	 BMI	 group	 is	 a	 significant	 predictor	 of	

carcinoma	 risk	 in	 male	 mice	 with	 p	 =	 0.0013	 by	 log-rank	 test.	 There	 is	 no	 significant	

difference	in	females.	
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Figure	4-2:	Genome-wide	linkage	plots	for	pretreatment	phenotypes	by	gender.	

Figure	 4-2:	 Genome-wide	 linkage	 plots	 for	 pretreatment	 phenotypes	 by	 gender.	

Chromosomes	are	arranged	head-to-tail	on	the	X-axis,	LOD	scores	are	plotted	on	the	Y-axis.	

LOD	scores	were	computed	in	all	samples,	as	well	as	in	males	only	(blue)	and	females	only	

(red).	Significance	thresholds	for	the	combined	data	are	indicated	by	the	dashed	horizontal	

red	line.	The	X	chromosomes	were	omitted	for	this	plot.		
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Figure	4-3:	QTL	for	pretreatment	phenotypes	and	candidate	BMI	genes.	

Figure	 4-3:	 QTL	 for	 pretreatment	 phenotypes	 and	 candidate	 BMI	 genes.	 A)	 QTL	

regions	by	phenotype.	Shaded	bounds	depict	 the	QTL	regions	 identified	as	significant	 for	
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each	 phenotype,	 with	 the	 colored	 bar	 displaying	 the	 QTL	 region	 maximum.	 Marker	

locations	are	indicated	as	grey	bars	across	the	chromosome.	The	level	of	shading	indicates	

QTL	 directionality,	with	 lightly	 shaded	 regions	 corresponding	 to	 QTL	with	 heterozygous	

mice	having	 lower	mean	phenotype	values,	and	heavily	 shaded	regions	corresponding	 to	

QTL	 with	 heterozygous	 mice	 having	 higher	 mean	 phenotype	 values.	 B)	 BMI	 associated	

genes.	Candidate	genes	that	were	significantly	associated	with	BMI	are	plotted,	along	with	

their	physical	location	on	the	chromosome.	QTL	regions	are	plotted	in	green,	with	the	QTL	

peak	as	a	thick	dark	line.	Shading	is	assigned	as	in	panel	A.		
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Figure	4-4:	The	Panx3	gene	expression	correlation	neighborhood.	

Figure	 4-4:	 The	 Panx3	 gene	 expression	 correlation	 neighborhood.	 The	 Panx3	gene	

expression	 correlation	 neighborhood	 is	 plotted.	 Genes	 are	 represented	 as	 nodes,	 and	

significant	 correlations	 are	plotted	 as	 edges.	Nodes	with	 existing	GO	annotations	 to	 lipid	

metabolic	process	(GO:0006629)	are	shown	in	dark	blue,	and	genes	with	other	connections	

to	adiposity	are	shown	in	light	blue.	Panx3	is	plotted	in	orange.	All	other	genes	are	plotted	

in	white.		
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Figure	4-5:	Panx3	expression	during	tumorigenesis	and	the	effect	of	Panx	inhibitors	on	inflammatory	

interleukin	expression.	

Figure	4-5:	Panx3	expression	during	tumorigenesis	and	the	effect	of	Panx	inhibitors	

on	 inflammatory	 interleukin	 expression.	 A)	 Panx3	 expression	 is	 plotted	 by	 tissue.	
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Expression	 levels	 are	depicted	by	box-and-whiskers	plots,	with	 values	 lying	 further	 than	

1.5	times	the	interquartile	range	plotted	as	dots.	B)	 Interleukin	6	(Il6)	and	interleukin	1b	

(Il1b)	 transcript	 abundances	 relative	 to	 control	 mice	 are	 plotted	 following	 TPA	 and/or	

carbenoxolone	 (CBX)	 treatment.	 Mice	 were	 treated	 with	 IP	 saline	 or	 100	 mg/kg	 CBX,	

followed	by	200	ul	topical	acetone	or	TPA	in	acetone.	Control	mice	were	defined	as	saline	+	

acetone	treated	mice.	Tissues	were	harvested	24	hours	after	topical	treatment	with	TPA	or	

acetone	 treatment.	 Expression	 levels	 are	 shown	 as	 ddCt	 values	 transformed	 to	 relative	

transcript	abundances.	Bars	represent	the	95%	confidence	interval	around	the	mean,	with	

the	mean	 plotted	 as	 a	 square.	C)	 Tissue	 histology	 following	 TPA	 and/or	 CBX	 treatment.	

Representative	skin	samples	from	mice	treated	as	described	above	are	displayed	for	each	

treatment	group.		
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Supplementary	figure	4-1:	Effect	of	gender-specific	QTL	on	BMI.	

Supplementary	 figure	 4-1:	 Effect	 of	 gender-specific	 QTL	 on	 BMI.	 BMI	mean	 and	 the	

95%	 confidence	 interval	 are	 plotted	 for	 female,	 male,	 and	 combined	 mice	 by	 marker	

genotypes.	 BMI_3	 is	 plotted	 in	 the	 upper	 panel,	 and	BMI_9	 in	 the	 lower.	 The	 differences	

between	 genotypes	 are	 significant	 for	 females	 for	 BMI_3,	 males	 for	 BMI_9,	 and	 the	

combined	set	for	BMI_3.		
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Table	4-1:	Mouse	totals	by	cohort	and	gender.	

		 Total	mice	
Mean	 weight	

(g)	

Mean	

length	

(mm)	

Mean	 BMI	

(g/cm2)	

Mice	 with	

carcinomas	

Mice	 with	

genotype	

data	

Mice	 with	

expression	

data	

Cohort	1	total	 141	 23.79	(4.85)	 9.66	(0.58)	 0.25	(0.04)	 90	 139	 109	

Cohort	1	males	 78	 26.13	(4.56)	 9.85	(0.57)	 0.27	(0.03)	 45	 76	 59	

Cohort	1	females	 63	 20.88	(3.41)	 9.43	(0.52)	 0.23	(0.03)	 45	 63	 50	

Cohort	2	total	 237	 24.05	(5.57)	 9.60	(0.56)	 0.26	(0.04)	 172	 235	 0	

Cohort	2	males	 116	 26.53	(5.53)	 9.82	(0.53)	 0.27	(0.03)	 87	 114	 0	

Cohort	2	females	 121	 21.68	(4.48)	 9.39	(0.51)	 0.24	(0.04)	 85	 121	 0	

Table	 4-1:	 Mouse	 totals	 by	 cohort	 and	 gender.	 Values	 in	 parenthesis	 represent	 the	

standard	deviation.	
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Table	4-2:	QTL	locations	and	variance	explained.	

QTL	Name	
Chromosom

e	

Position	

(mb)	

Left	 bound	

(mb)		

Right	 bound	

(mb)	

LOD	

score	

Variance	

Explained	

BMI_3	 3	 96	 41	 116	 3.81	 0.031	

BMI_4	 4	 126	 111	 126	 5.05	 0.055	

BMI_6	 6	 80	 25	 80	 3.81	 0.024	

BMI_9	 9	 42	 25	 69	 3.88	 0.027	

BMI_10	 10	 15	 13	 25	 6	 0.059	

BMI_11	 11	 51	 36	 85	 3.89	 0.027	

BMI_12	 12	 8	 8	 40	 3.58	 0.039	

BMI_X	 X	 36	 36	 78	 6.76	 0.098	

WEI_4	 4	 112	 91	 148	 3.51	 0.044	

WEI_10_PRO

X	
10	 15	 5	 44	 4.74	 0.028	

WEI_10_DIST	 10	 107	 60	 121	 3.58	 0.052	

WEI_11	 11	 51	 4	 89	 5.31	 0.063	

WEI_X_PROX	 X	 36	 12	 60	 9.13	 0.194	

WEI_X_DIST	 X	 120	 95	 151	 4.35	 0.137	

LEN_7	 7	 66	 52	 126	 3.18	 0.033	

LEN_10	 10	 107	 91	 121	 4.18	 0.07	

LEN_11	 11	 11	 4	 95	 4.62	 0.06	

LEN_X_PROX	 X	 48	 12	 60	 5.61	 0.174	

LEN_X_DIST	 X	 120	 95	 151	 5.62	 0.151	

Table	4-2:	QTL	locations	and	variance	explained.	
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Table	4-3:	Panx3	SNPs.	

Chromosome	 Location	 Panx3	exon	 Nucleotide	change	 Amino	acid	change	

9	 37661708	 4	 G545A	 R182Q	

9	 37664065	 3	 G500C	 S167T	

9	 37668999	 1	 C57G	 D19E	

Table	4-3:	Panx3	SNPs.	
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Supplementary	table	4-1:	Gender	interactions	by	QTL.	

QTL	

Name	

Chromoso

me	

Male	

AA	

Male	

AB	

Male	

difference	

Female	

AA	

Female	

AB	

Female	

difference	

p	

value	

BMI_3	 3	 0.27	 0.27	 0	 0.23	 0.25	 -0.02	 0.02	

BMI_4	 4	 0.28	 0.27	 0.01	 0.25	 0.23	 0.02	 0.088	

BMI_6	 6	 0.27	 0.28	 -0.01	 0.23	 0.24	 -0.01	 0.576	

BMI_9	 9	 0.26	 0.28	 -0.02	 0.24	 0.24	 0	 0.038	

BMI_10	 10	 0.27	 0.28	 -0.01	 0.23	 0.25	 -0.02	 0.149	

BMI_11	 11	 0.26	 0.28	 -0.02	 0.24	 0.24	 0	 0.065	

BMI_12	 12	 0.28	 0.26	 0.02	 0.24	 0.24	 0.01	 0.232	

BMI_X	 X	 0.26	 0.28	 -0.03	 0.23	 0.25	 -0.02	 0.128	

Supplementary	 table	 4-1:	 Gender	 interactions	 by	 QTL.	 Difference	 refers	 to	 the	

difference	in	means	between	heterozygous	and	homozygous	mice.		
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Supplementary	table	4-2:	BMI	QTL	and	papilloma	burden	

QTL	Name	 Chromosome	 Combined	 Male	only	

Female	

only	 Congruent	

BMI_3	 3	 Significant	 Significant	 Significant	 FALSE	

BMI_4	 4	 Significant	 Significant	 NS	 TRUE	

BMI_6	 6	 Significant	 Significant	 NS	 TRUE	

BMI_9	 9	 NS	 Significant	 NS	 TRUE	

BMI_10	 10	 NS	 NS	 NS	 NA	

BMI_11	 11	 NS	 Significant	 NS	 TRUE	

BMI_12	 12	 Significant	 Significant	 Significant	 TRUE	

BMI_X	 X	 NS	 NS	 NS	 NA	

Supplementary	table	4-2:	BMI	QTL	and	papilloma	burden	
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Supplementary	table	4-3:	Genes	significantly	associated	with	BMI.	

Probe	ID	 Symbol	 Chrom	 QTL	source	

Candidate	

source	

Gender	

significance	

Post	

adjustment	 p	

value	

10385343	 Ttc1	 chr11	 BMI_6	 SNV	 C	 6.00E-05	

10385343	 Ttc1	 chr11	 BMI_6	 SNV	 M	 0.00057	

10537441	 Adck2	 chr6	 BMI_3	 SNV	 C	 0.00105	

10583676	 Yipf2	 chr9	 BMI_4	 eQTL	 M	 0.00656	

10591614	 Dock6	 chr9	 BMI_4	 eQTL	 M	 0.00744	

10592355	 Panx3	 chr9	 BMI_4	 SNV	 M	 0.04289	

10592856	 Rps25	 chr9	 BMI_4	 eQTL	 M	 0.01158	

10592942	 Mll1	 chr9	 BMI_4	 SNV	 M	 0.01482	

10593723	 Acsbg1	 chr9	 BMI_4	 BOTH	 M	 0.03447	

10593740	 Wdr61	 chr9	 BMI_4	 eQTL	 M	 0.04393	

10585555	 Pstpip1	 chr9	 BMI_4	 SNV	 M	 0.03534	

10585652	 Man2c1	 chr9	 BMI_4	 SNV	 M	 0.01307	

10585703	 Rpp25	 chr9	 BMI_4	 eQTL	 M	 0.00276	

10599232	 Nkap	 chrX	 BMI_8	 BOTH	 C	 0.04527	

10599321	 Zbtb33	 chrX	 BMI_8	 SNV	 C	 0.01365	

10599321	 Zbtb33	 chrX	 BMI_8	 SNV	 M	 0.01049	

10604199	 Cul4b	 chrX	 BMI_8	 eQTL	 C	 0.03413	

10604199	 Cul4b	 chrX	 BMI_8	 eQTL	 M	 0.01667	

10599498	 Utp14a	 chrX	 BMI_8	 SNV	 C	 0.02532	

10599514	 Bcorl1	 chrX	 BMI_8	 SNV	 C	 0.00396	
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10604922	 BC023829	 chrX	 BMI_8	 eQTL	 C	 0.02768	

Supplementary	table	4-3:	Genes	significantly	associated	with	BMI.	

Methods	

Mice	breeding	and	husbandry	

Male	Mus	spretus	(SPRET/Ei)	and	female	Mus	musculus	(FVB/N)	mice	obtained	from	

the	 Jackson	Laboratory	were	 crossed	 to	 generate	 F1	hybrids.	 Female	 F1	mice	were	 then	

crossed	to	male	FVB/N	mice	to	generate	backcrossed	mice,	referred	to	as	FVBBX	mice.	For	

undergoing	tumor	induction	tail	tips	were	taken	at	seven	weeks	and	snap	frozen	in	liquid	

nitrogen	for	RNA	and	DNA.	For	mice	not	undergoing	tumor	induction,	tail,	dorsal	skin,	and	

other	 tissues	 were	 harvested	 after	 sacrifice	 by	 asphyxiation	 and	 cervical	 dislocation	 at	

seven	weeks.	 The	 University	 of	 California	 at	 San	 Francisco	 Laboratory	 Animal	 Resource	

Center	approved	all	mouse	experiments.		

	

Tumor	induction	

Chemical	carcinogenesis	was	 initiated	using	the	two-stage	DMBA/TPA	protocol.	 In	

brief,	seven	week	old	mice	were	shaved	and	treated	with	25	mg	DMBA	in	acetone	over	an	

approximately	 two	 inch	 squared	 region	 on	 the	 center	 of	 the	 back.	 For	 the	 following	 20	

weeks,	200	ul	of	10-4	M	TPA	in	acetone	was	applied	twice	per	week	to	the	DMBA-treated	

area.	 Mice	 were	 shaved	 two	 days	 prior	 to	 the	 first	 TPA	 treatment	 for	 that	 week.	 TPA	

treatments	were	continued	for	20	weeks.		

	

Phenotype	measurements	
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Mice	were	weighed	at	seven	weeks	and	values	rounded	to	the	nearest	hundredth	of	

a	 gram.	 Lengths	 were	 calculated	 by	 measuring	 the	 anal-genital	 distance	 in	 centimeters	

rounded	to	the	nearest	tenth.	BMI	was	calculated	by	taking	the	weight	(in	grams)	at	seven	

weeks	and	dividing	by	nasal	to	anal	length	squared	(in	cm).		

The	 resulting	 phenotype	 values	 were	 mean	 centered	 by	 gender	 prior	 to	 use	 in	

analysis.	 All	 distributions	 were	 approximately	 normal.	 Litter	 size	 was	 not	 significantly	

correlated	with	any	phenotype,	and	so	no	adjustments	were	made	with	respect	to	it.	

	

Tumor	burden	and	carcinogenesis	risk	

Papillomas	 were	 counted	 every	 two	 weeks	 starting	 at	 the	 10th	 week	 of	 TPA	

administration	until	the	20th	week.	This	induction	protocol	also	results	in	the	development	

squamous	cell	carcinomas	(SCC)	in	a	high	fraction	of	mice.	Mice	were	continually	observed	

for	 the	 emergence	 of	 carcinomas.	 At	 carcinoma	 formation,	 date	was	 recorded.	 The	 time	

from	 DMBA/TPA	 treatment	 start	 to	 carcinoma	 emergence	 was	 then	 used	 to	 calculate	

carcinoma-free	survival.		

Carcinoma	 growth	 was	 observed	 until	 carcinoma	 diameter	 exceeded	 one	 cm,	 at	

which	point	survival	surgery	was	performed	if	 it	was	deemed	feasible.	If	survival	surgery	

was	not	feasible,	or	when	the	mouse	body	condition	score	began	to	deteriorate,	the	mouse	

was	sacrificed	by	asphyxiation	followed	by	cervical	dislocation.	At	sacrifice,	dorsal	skin,	all	

tumors,	and	other	tissues	were	harvested.	Tissues	were	immediately	split,	with	one	section	

fixed	 in	4%	paraformaldehyde	and	subsequently	embedded	 in	paraffin	 for	histology,	and	

another	section	snap	frozen	in	liquid	nitrogen	for	DNA	and	RNA	extraction.		
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Genotyping	

Genotypes	were	generated	using	pretreatment	tail	DNA	genotyped	across	a	custom	

panel	of	276	markers	tiling	the	autosomes	and	the	X	chromosome	at	approximately	10	cM	

spacing.	 Genotyping	 reactions	 were	 performed	 using	 the	 WaferGen	 system	

(www.wafergen.com).	Autosomal	genotypes	were	assigned	by	comparing	sample	values	to	

control	FVB,	SPRET,	and	F1	samples.		

For	 the	 X	 chromosome	 genotypes	 were	 inferred	 by	 splitting	 mice	 by	 gender,	

manually	identifying	outliers,	and	defining	genotype	groups	by	linear	discriminant	analysis	

using	the	lda	function	from	the	MASS	(7.3-33)	package	in	R66.		

Prior	to	analysis,	mice	with	high	missing	genotype	rates,	implausible	recombination	

rates,	 and	 duplicate	 samples	 were	 identified	 and	 excluded.	 Additionally,	 markers	 with	

either	low	heterozygous	or	homozygous	calls	were	excluded,	as	well	as	markers	with	high	

missing	rates,	as	described	in	Broman	and	Sen67.		

	

Gene	expression	

RNA	was	 generated	 from	 tail	 and	 dorsal	 skin	 samples	 taken	 at	 seven	weeks.	 Tail	

tissue	was	frozen	in	liquid	nitrogen,	ground	by	chilled	mortar	and	pestle,	and	suspended	in	

TriZol.	 TriZol	 RNA	 extraction	 was	 then	 performed,	 followed	 by	 purification	 by	 using	 a	

Qiagen	 kit.	 RIN	 values	 were	 calculated	 by	 Bioanalyzer	 and	 samples	 with	 high	 quality	

(greater	than	six)	were	used	for	analysis.	

Selected	samples	were	hybridized	to	an	Affymetrix	mouse	gene	ST	1.1	array.	Gene	

expression	 values	 were	 calculated	 in	 R	 using	 the	 oligo	 package	 (1.26.6)68.	 Expression	

values	were	normalized	at	the	transcript	level	via	the	RMA	algorithm	using	a	set	of	custom	
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set	of	probe	annotations.	This	custom	set	of	annotations	was	designed	to	account	 for	 the	

high	quantity	of	 sequence	dissimilarities	between	FVB	and	SPRET	mice	by	removing	any	

probe	with	a	known	SNP	between	these	two	strains	from	the	annotation.	This	method	has	

recently	been	published	 69.	Expression	 levels	were	 then	normalized	across	plates	via	 the	

COMBAT	method70.		

	

QTL	analysis	

QTL	 analysis	 was	 performed	 using	 the	 scanone	 function	 from	 the	 R	 package	 qtl	

(version	 1.27-10)71.	 Extended	Haley-Knott	 regression	was	 initially	 performed	 to	 identify	

single	 QTL	 for	 each	 phenotype	 in	 a	 single	 combined	 dataset	 consisting	 of	 both	 genders.	

Significance	 was	 evaluated	 by	 comparing	 observed	 values	 to	 those	 obtained	 in	 1000	

random	permutations	for	autosomes,	and	27000	for	the	X	chromosome.		

Initial	 investigations	 compared	 the	 results	 of	 assessing	 each	 phenotype	 with	 no	

covariates,	 with	 gender	 as	 an	 additive	 covariate,	 and	 again	 as	 an	 interactive	 covariate.	

Including	gender	as	an	additive	covariate	did	was	uninformative	in	all	cases,	owing	to	the	

phenotypes	being	mean-centered	by	gender.	There	was	sufficient	evidence	to	conclude	that	

gender	 interacted	 meaningfully	 with	 genotype	 in	 several	 cases	 for	 BMI,	 and	 as	 a	 result	

gender	was	included	as	an	interactive	covariate	for	the	autosomes	for	BMI.	Gender	was	not	

included	as	a	covariate	for	weight	or	 length.	LOD	peak	thresholds	were	defined	by	taking	

the	95%	Bayesian	credible	interval	for	each	peak72.		

The	existence	of	multiple	loci	and	interactions	between	single	loci	was	evaluated	by	

using	 the	 scantwo	 function	 from	 qtl	 limited	 to	 chromosomes	 previously	 identified	 as	

having	a	significant	QTL.	The	results	were	then	compared	against	permutation	thresholds	
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to	establish	the	existence	of	multiple	loci	in	individual	linkage	peaks,	as	well	as	any	cis	or	

trans	 interactions	 between	 autosomal	 QTL.	 There	 was	 no	 evidence	 of	 any	 significant	

interactions	 between	 QTL,	 although	 some	 peaks	 were	 determined	 to	 be	 comprised	 of	

several	independent	signals.			

In	order	to	further	refine	the	candidate	QTL,	we	utilized	the	refineqtl	function	from	

the	qtl	package.	This	function	attempts	to	maximize	the	LOD	score	by	shifting	the	location	

of	candidate	loci	in	a	combined	model.			

To	 assess	 the	 significance	 of	 gender:genotype	 interactions	 at	 individual	 QTL,	 we	

performed	 linear	 modeling	 incorporating	 marker	 genotype,	 gender,	 and	 the	 interaction	

term	 between	 the	 two	 phenotypes	 as	 predictors	 of	 phenotype	 values.	 Significance	 was	

evaluated	by	ANOVA	with	alpha	=	0.05.		

	

Candidate	gene	identification	

Candidate	genes	associated	with	each	QTL	were	identified	by	two	strategies;	first	by	

finding	 all	 genes	 which	 physically	 reside	 in	 the	 QTL	 peak	 and	 possess	 at	 least	 one	

nonsynonymous	 SNP	 between	 FVB	 and	 SPRET	 animals,	 and	 second,	 by	 finding	 all	 genes	

with	an	eQTL	peak	within	the	QTL	region.		

To	 identify	 genes	 with	 a	 SNP	 in	 a	 QTL,	 we	 used	 the	 markers	 closest	 to	 the	 QTL	

boundaries	to	define	the	physical	boundaries	of	the	QTL.	Using	these	regions,	we	identified	

sites	at	which	FVB	and	SPRET	were	non-equivalent	in	the	GRCm38	(REL-1303)	database	of	

SNPs	 and	 indels	 available	 from	 the	 Sanger	 Institute	 (ftp://ftp-mouse.sanger.ac.uk/).	 We	

then	annotated	these	sites	with	Annovar	and	selected	only	sites	predicted	to	have	one	an	

effect	 on	 protein	 function73.	 This	 included	 nonsynonymous	 SNPs,	 nonsense,	 frameshift	
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deletions,	frameshift	insertions,	and	variants	in	a	splice	site.	Any	gene	with	one	or	more	of	

these	types	of	polymorphisms	was	considered	to	be	a	candidate	by	sequence	analysis.	

To	 identify	genes	with	significant	cis	or	trans	eQTL	associated	with	 the	phenotype	

linked	 QTL,	 we	 performed	 differential	 expression	 analysis	 using	 the	 siggenes	 package	

(1.36.0)	 in	R.74	We	calculated	the	d	statistic	for	all	genes	relative	to	the	marker	closest	to	

the	QTL	peak.	For	markers	on	the	X	chromosome	we	treated	male	and	female	genotypes	as	

distinct	(AA/AB	for	females,	and	AY/BY	for	males).	Multiple	test	correction	was	applied	by	

controlling	the	false	discovery	rate,	with	alpha	approximately	equal	to	0.05.		

Genes	selected	by	differential	expression	analysis	were	then	subjected	to	selection	

by	 eQTL	 peak	 analysis.	 For	 all	 genes	 that	were	 significantly	 differentially	 expressed,	 we	

performed	a	scanone	using	the	qtl	package	in	R	to	identify	the	maximum	LOD	peak	for	that	

gene.	 If	 the	Bayes	95%	credible	 interval	 for	 the	 eQTL	overlapped	with	 the	95%	credible	

interval	 for	 the	associated	phenotype	QTL,	and	 if	 the	LOD	score	 for	 the	 linkage	peak	was	

greater	 than	or	equal	 to	 three,	 the	gene	was	considered	 to	be	a	 candidate	by	differential	

expression	analysis.		

	

Phenotype	and	gene	expression	analysis	

We	used	the	limma	package	(3.18.13)75	to	compare	the	expression	levels	of	genes	in	

the	 union	 of	 the	 two	 candidate	 gene	 sets	 (sequence	 and	 differential	 expression)	 to	 the	

respective	 phenotype	 values.	We	modeled	 gene	 expression	 values	 by	 phenotype	 values,	

and	 adjusted	 for	 multiple	 tests	 by	 controlling	 the	 false	 discovery	 rate,	 with	 alpha	

approximately	equal	 to	0.05.	This	was	performed	 independently	 in	males,	 females,	 and	a	

combined	dataset.		
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Genes	with	p	values	below	the	FDR	were	 then	adjusted	 for	marker	genotypes	and	

compared	 to	 phenotype	 values.	 Genes	 that	 remained	 significant	 (alpha	 =	 0.05)	 after	

adjusting	 for	 marker	 genotype	 were	 considered	 significant.	 For	 significantly	 associated	

genes	 that	 were	 selected	 by	 differential	 expression	 analysis,	 we	 also	 evaluated	 the	

congruency	 of	 the	QTL-phenotype/gene-eQTL/gene-phenotype	 relationships.	 In	 all	 cases	

except	 one,	 the	 QTL-phenotype/gene-eQTL/gene-phenotype	 was	 congruent	 with	

expectations.		

Genes	which	were	significant	after	accounting	for	marker	genotype,	and	which	were	

congruent	with	expected	directionality	(if	it	was	possible	to	evaluate	this)	were	considered	

hits	for	each	respective	phenotype/gender	combination.		

	

Gene	expression	correlation	network	analysis	

Gene	 expression	 values	 were	 correlated	 by	 Spearman’s	 method,	 and	 significance	

thresholds	 were	 estimated	 calculating	 the	 5%	 genome	 wide	 error	 rate	 (GWER)	 16,76.	

Significance	thresholds	were	calculated	in	male	and	female	samples	independently.		

The	Panx3	neighborhood	was	defined	as	 those	probes	correlated	with	Panx3	with	

rho	 values	 over	 the	 5%	 GWER,	 as	 well	 as	 all	 significant	 correlations	 of	 the	 set	 of	 first-

degree	neighbors.		

Gene	 ontology	 enrichment	 analysis	 was	 accomplished	 by	 comparing	 genes	 in	 the	

Panx3	neighborhood	with	all	annotated	probes	using	the	R	package	topGO	(2.14.0)	77.		

	

Panx	inhibition	and	qPCR	gene	expression	analysis	
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Forty	seven	week	old	female	FVB	mice	were	broken	into	four	treatment	and	groups	

consisting	of	10	animals	each.	The	mice	were	shaved	across	a	two-inch	square	area	on	the	

back	two	days	prior	to	treatment.	The	four	groups	received	intraperitoneal	(IP)	injections	

of	either	0.9%	saline	or	100	mg/kg	carbenoxolone	(CBX;	Sigma	Aldrich	C4790)	dissolved	in	

0.9%	saline.		

Thirty	minutes	after	IP	injections	mice	were	treated	with	either	200	ul	of	acetone	or	

200	ul	 of	 10-4	M	TPA	 in	 acetone	across	 the	 shaved	dorsal	 skin	 surface.	At	24	hours	post	

topical	 treatment	mice	were	 sacrificed	 and	 a	 section	of	 dorsal	 skin	 snap	 frozen	 in	 liquid	

nitrogen	and	a	section	fixed	in	formalin	for	histology.	RNA	was	then	extracted	using	Direct-

zol	RNA	MiniPreps	(Zymogen;	R2050).		

Using	 this	RNA	we	 then	probed	 for	 the	 expression	 levels	 of	 Il6	 and	 Il1b	 (selected	

based	 on	 the	 observation	 that	 these	 genes	 were	 the	 most	 differentially	 expressed	

interleukins	 in	 a	 cohort	 of	 FVB	mice	 treated	with	TPA)	using	TaqMan	probes	purchased	

from	Life	Technologies	 (Mm00446190_m1	 for	 Il6;	Mm00434228_m1	 for	 Il1b).	Beta	actin	

was	included	as	a	control	probe.		

Expression	values	were	calculated	by	comparing	the	Ct	values	observed	for	Il6	and	

Il1b	to	that	of	beta	actin	and	compared	to	delta	Ct	values	in	the	saline/acetone	treated	mice	

(via	 the	 delta-delta	 Ct	 method;	

http://www.bioconductor.org/packages/release/bioc/vignettes/ddCt/inst/doc/rtPCR.pdf

).	These	values	were	then	assessed	for	statistical	significance	by	t	test	comparing	the	delta	

delta	Ct	values	between	control	and	treatment	groups.	For	plotting	this	was	then	converted	

into	relative	starting	quantities	by	the	following	equation:	2^(-x),	where	x	is	the	delta	delta	

Ct	value.		
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Tissue	sections	were	embedded	in	paraffin	and	stained	with	hematoxylin	and	eosin.	

The	 degree	 of	 inflammation	 was	 evaluated	 by	 assessing	 the	 epidermal	 thickness	 and	

dermal	 nuclei	 abundance.	 Overall	 levels	 of	 inflammation	 were	 scored	 by	 a	 researcher	

blinded	to	sample	labels	(A.B)	on	a	0-3	scale,	with	0	corresponding	to	no	inflammation	and	

3	to	a	high	degree	of	inflammation.	Differences	between	treatment	groups	were	tested	for	

significance	by	Fisher’s	exact	test.		

	

Statistical	analysis	

All	 statistical	 analyses	 were	 performed	 in	 R	 (3.0.2).	 Correlation	 analysis	 was	

performed	using	Spearman’s	method.	Differences	between	groups	were	evaluated	by	 the	

Mann-Whitney	 U	 test.	 Linear	 regression	 significance	 was	 evaluated	 by	 ANOVA.	 The	

significance	 of	 phenotype-phenotype	 interactions	 was	 evaluated	 by	 incorporating	 both	

terms	into	a	linear	model	and	evaluating	the	significance	of	the	interaction	term.		

Survival	 analysis	 was	 performed	 using	 the	 survival	 package	 (2.37-4)78.	 Cox	

proportional	 hazards	 modeling	 was	 performed	 on	 carcinoma-free	 survival	 data.	

Significance	was	evaluated	by	log-rank	test.		
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 Chapter	5:	S100	proteins	influence	tumor	susceptibility	in	a	

mouse	model	of	inflammation	dependent	carcinogenesis	

Introduction	

	 The	relationship	between	cancer	and	inflammation	has	been	the	subject	of	intense	

scrutiny	in	recent	years.	Investigations	into	this	relationship	have	unveiled	a	complex	and	

reciprocal	relationship	between	the	tumor	microenvironment	and	sustained	inflammatory	

signaling1.	 Tumor	 formation,	metastasis,	 response	 to	 treatment,	 and	 recurrence	 have	 all	

been	 tied	 to	 inflammation2–6.	 The	 clinical	 application	 of	 therapies	 designed	 to	modulate	

inflammation	 and	 immune	 function	 has	 a	 long	 and	 heterogeneous	 history,	 with	 recent	

years	producing	several	remarkably	successful	agents4.	

In	 the	 majority	 of	 situations,	 high	 levels	 of	 sustained	 inflammatory	 signaling	 has	

been	 shown	 to	 be	 pro-tumorigeneic1.	 However,	 in	 some	 cases	 intense	 inflammatory	

signaling	has	been	shown	to	precipitate	an	 immune	cell	mediated	depletion	of	malignant	

cells,	resulting	in	extraordinary	resilience	to	tumor	development7.	In	addition,	Imiquimod	

has	been	used	in	the	treatment	for	basal	cell	carcinoma	(BCC)	and	functions	by	stimulating	

Tlr7	 and	 inflammation8.	 The	 intricacies	 determining	 whether	 inflammatory	 signaling	

fosters	tumor	development	or	suppresses	it	remain	largely	obscure.		

Developing	 a	 deeper	 understanding	 of	 how	 inflammation	 interacts	 with	

tumorigenesis	 has	 potentially	 profound	 repercussions	 not	 only	 to	 how	 we	 understand	

tumor	development	but	also	to	how	we	apply	and	target	anti	cancer	therapy.	In	pursuit	of	

this	 understanding	 we	 have	 undertaken	 a	 genome-wide	 investigation	 into	 the	 genetic	
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elements	 linked	 to	 tumor	 development	 in	 a	 genetically	 heterogeneous	 mouse	 model	 of	

inflammation-dependent	tumor	formation.			

This	 model	 utilizes	 backcrossed	mice	 generated	 by	 crossing	 tumor	 resistant	Mus	

spretus	(SPRET/EiJ)	and	tumor	susceptible	Mus	musculus	(FVB/N).	The	resulting	offspring	

were	then	backcrossed	to	FVB	mice,	and	the	progeny	from	these	pairings	were	subjected	to	

inflammation	driven	 skin	 carcinogenesis	 utilizing	 the	 two-stage	model	 of	 carcinogenesis.	

This	 model,	 which	 employs	 the	 mutagen	 DMBA	 and	 repeated	 applications	 of	 the	

inflammatory	 tumor-promoting	 agent	 TPA,	 has	 been	 previously	 shown	 to	 induce	 the	

formation	 of	 extensively	 inflammation-dependent	 lesions9.	 Treated	 mice	 were	 then	

monitored	 for	 the	 formation	 of	 tumors	 across	 a	 10-week	 timespan.	 Using	 this	 data,	 we	

performed	 linkage	 analysis	 to	 identify	 quantitative	 trait	 loci	 (QTL)	 linked	 to	 the	

development	 of	 tumors	 across	 multiple	 tumor	 formation	 timepoints.	 This	 analysis	

identified	multiple	loci	across	the	genome	that	influence	susceptibility	to	papillomas.		

To	 better	 clarify	 the	 genes	 involved	 in	 mediating	 susceptibility	 to	 inflammation	

induced	cancer,	we	employed	sequence	and	gene	coexpression	network	analysis	to	identify	

candidate	 genes.	 Through	 this,	 we	 have	 identified	 a	 number	 of	 plausible	 candidates	

associated	with	 tumor	 development	 in	 this	model.	 Prominent	 amongst	 these	 candidates	

was	 the	 S100	 gene	 family10.	 The	 S100	 family	 is	 characterized	 by	 a	 helix-loop-helix	

conformation	and	two	calcium-binding	sites,	and	is	found	in	a	multigene	complex	on	mouse	

chromosome	3	and	human	chromosome	1.	S100	proteins	have	been	shown	to	play	a	role	in	

a	 diverse	 array	 of	 functions,	 including	 inflammatory	 signaling,	 tumor	 development,	

metastasis,	and	wound	healing11,12.		
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In	 our	 study,	 we	 identified	 a	 tumor	 susceptibility	 QTL	 overlapping	 the	 region	 of	

chromosome	 3	 containing	 the	 S100	 genes.	 We	 further	 identified	 a	 consequential	

polymorphism	 influencing	 S100a8	 protein	 function	 in	 SPRET	 mice.	 Additional	 analysis	

revealed	that	several	members	of	the	S100	family,	including	S100a1,	S100a6,	S100a7a,	and	

S100a11,	 have	 potent	 expression	 quantitative	 trait	 loci	 (eQTL)	 located	within	 the	 tumor	

susceptibility	QTL.	Additionally,	we	found	that	the	pretreatment	expression	level	of	S100a6	

is	strongly	correlated	with	papilloma	formation.		

Using	 these	 data	 as	 a	 starting	 point,	 we	 performed	 gene	 coexpression	 network	

analysis	 of	 S100	 genes	 in	 normal	 tissue,	 inflamed	 normal	 tissue,	 benign	 tumors,	 and	

malignant	 tumors.	 This	 analysis	 revealed	 that	 the	 S100	 genes	 play	 significant	 roles	 in	

epithelial	 development	 and	 barrier	 function,	 as	well	 as	 innate	 immune	 function.	 Further	

analysis	revealed	that	the	S100a8/9	coexpression	network	was	strongly	overexpressed	in	

squamous	tumors,	but	less	highly	expressed	in	spindle	tumors.		

Finally,	 we	 demonstrated	 that	 the	 mouse	 S100a8/9	 coexpression	 network	 was	

exceptionally	well	conserved	in	human	head	and	neck	squamous	cell	carcinomas	(HNSCC),	

and	 further	 that	 expression	 of	 this	 network	was	 severely	 reduced	 in	 high-grade	 tumors.	

These	 results	 have	 shed	 valuable	 light	 on	 the	 genetic	 factors	 influencing	 inflammation	

dependent	 tumor	development,	 and	helped	 to	 clarify	 the	pivotal	 role	 S100	proteins	play	

during	tumor	development.		 	
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Results	

Papilloma	burden	is	influenced	by	multiple	QTL	

Understanding	the	genetic	elements	that	influence	tumor	initiation	has	the	potential	

to	 inform	 both	 our	 understanding	 of	 the	 underlying	 signaling	 pathways,	 as	 well	 as	 the	

environmental	risk	factors	contributing	to	carcinogenesis.	To	identify	these	genetic	factors,	

we	 generated	 a	 genetically	 heterogeneous	 backcross	 population	 of	 mice	 and	 subjected	

them	 to	 carcinogenesis.	 Mice	 were	 generated	 by	 first	 crossing	 tumor	 susceptible	 Mus	

musculus	(FVB/N)	to	 tumor	resistant	Mus	spretus	(SPRET/EiJ),	and	then	backcrossing	the	

F1	population	with	FVB	mice	(Figure	1a).	The	resulting	backcrossed	cohort	(referred	to	as	

FVBBX	mice)	was	then	used	for	analysis.	At	seven	weeks	we	took	tail	skin	for	genotype	and	

gene	expression	analysis,	and	then	subjected	the	mice	to	chemical	carcinogenesis	to	induce	

skin	tumor	formation.	Carcinogenesis	was	performed	using	the	mutagen	DMBA	followed	by	

twice-weekly	treatment	with	the	tumor-promoting	agent	TPA	for	20	weeks	(see	Methods).		

	 Our	 analysis	 cohort	 consisted	 of	 374	 mice,	 all	 of	 which	 had	 papilloma	 numbers	

measured	 every	 two	 weeks	 from	 week	 10	 until	 week	 20,	 and	 had	 whole	 genome	

genotyping	data	available.	One	hundred	and	ten	mice	also	had	pretreatment	tail	skin	gene	

expression	data	available.		The	cohort	was	approximately	balanced	for	male	versus	female	

(184	versus	190),	and	 the	median	percentage	of	heterozygous	genotypes	per	mouse	was	

51%	(range	24%	to	74%).	

	 Scanning	for	quantitative	trait	loci	(QTL)	that	influence	papilloma	burden	revealed	

the	existence	of	several	significant	loci	(Figure	1b;	Table	1)	on	chromosomes	1,	3,	6,	7,	12,	

and	X	(Figure	1b;	Table	1).	The	highest	peak	was	observed	on	chromosome	12	with	a	log	of	

odds	(LOD)	score	of	7.47.	This	QTL	explained	approximately	12.5%	of	the	overall	variance	
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in	 papilloma	 burden	 (Table	 1).	 For	 the	 six	 total	 unique	 QTL,	 homozygous	 mice	 had	

increased	papilloma	burden	 in	 four	cases,	and	heterozygous	mice	 in	 two	cases	 (Table	1).	

These	peaks	overlap	previously	described	susceptibility	QTL.	The	peak	on	chromosome	3	

appears	 to	 overlap	 with	 a	 suggestive	 locus	 identified	 in	 an	 FVB	 x	 PWK	 backcross	

population13.	The	peaks	on	chromosomes	6	and	7	correspond	well	to	previously	described	

susceptibility	loci	Skts1	and	Skts11/1214.	The	chromosome	1	locus	was	exceptionally	broad,	

and	 may	 correspond	 to	 Skts8,	 although	 this	 is	 difficult	 to	 verify	 owing	 to	 the	 large	

confidence	interval	for	this	locus14.	A	previously	described	locus	on	chromosome	12,	Skts5,	

is	in	proximity	to	the	chromosome	12	QTL	identified	in	this	study14.	However,	the	overlap	

between	 these	 two	 QTL	 is	minor,	 and	 they	may	 in	 fact	 represent	 two	 distinct	 QTL.	 The	

chromosome	X	QTL	does	not	appear	to	overlap	any	previously	described	QTL.	

	

The	influence	of	papilloma	burden	QTL	changes	over	time	

	 As	 it	 has	 been	 reported	 in	 the	 literature	 that	 the	 influence	 of	 QTL	 peaks	 can	 be	

dynamic15,	 we	 next	 wanted	 to	 investigate	 how	 the	 significance	 of	 individual	 QTL	 peaks	

changed	 across	 papilloma	 observation	 timepoints.	 To	 accomplish	 this,	 we	 compared	 the	

relative	influence	of	QTL	peaks	across	the	6	measured	papilloma	timepoints	(weeks	10,	12,	

14,	16,	18,	and	20).		

This	 investigation	 revealed	 that	 the	 overall	 influence	 of	 the	 identified	 QTL	 was	

attenuated	 at	 week	 10,	 with	 only	 the	 QTL	 on	 chromosomes	 3,	 6,	 and	 12	 above	 the	

significance	threshold.	At	week	14	two	QTL	peaks,	3	and	12,	achieved	their	maximum	LOD	

scores	at	4.03	and	7.47	respectively	(Figure	1c).	In	contrast	to	these	two	QTL,	the	peaks	on	

chromosomes	6,	7,	and	X	achieved	their	maximum	LOD	scores	at	week	20,	with	values	of	
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3.09,	 3.75,	 and	 2.33	 respectively.	 This	 observation	 led	 us	 to	 define	 the	 peaks	 on	

chromosomes	3	and	12	as	early	papilloma	QTL,	and	the	peaks	on	chromosomes	6	and	7	as	

late	 papilloma	 QTL.	 The	 dramatic	 difference	 in	 the	 influence	 of	 each	 QTL	 across	 the	

papilloma	timepoints	suggests	that	the	role	of	the	susceptibility	genes	underlying	the	QTL	

is	most	prominent	at	specific	stages	of	tumorigenesis.		

Modeling	 papilloma	 burden	 by	 the	 significant	 QTL	 for	 weeks	 10,	 14,	 and	 20,	

revealed	a	significant	difference	in	the	fraction	of	variance	explained	at	each	timepoint.	For	

week	 10,	 the	 combined	model	 including	 the	 three	 significant	 QTL	 explained	 17%	 of	 the	

overall	variance	(see	Methods).	For	weeks	14	and	20	we	were	able	to	explain	29%	of	the	

variance.	The	week	14	and	week	20	values	were	remarkably	similar,	despite	the	dramatic	

changes	in	the	influence	of	individual	QTL	(supplementary	Table	1).		

	

Integrated	sequence	and	gene	expression	analysis	identifies	several	candidate	genes	

associated	with	papilloma	susceptibility	QTL	

While	identifying	regions	associated	with	tumorigenesis	is	a	valuable	enterprise,	we	

wanted	 to	 achieve	 a	 more	 gene-centric	 understanding	 of	 the	 factors	 influencing	 tumor	

development.	To	this	end,	we	utilized	a	combined	approach	 involving	sequence	and	gene	

expression	analysis	to	nominate	candidate	genes	that	are	potentially	causal	(see	Methods).	

In	brief,	we	 selected	genes	within	 the	QTL	 region	with	at	 least	one	 consequential	 single-

nucleotide	polymorphism	(SNP)	between	FVB	and	SPRETUS	animals,	as	well	as	those	with	

a	 significant	 expression	QTL	 (eQTL)	within	 the	 papilloma	QTL	 region	 and	 an	 expression	

relationship	to	papilloma	burden.		
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For	 the	genes	within	 the	QTL	 region,	we	 identified	 those	with	nonsynonymous	or	

nonsense	 SNPs	 between	 the	 FVB	 and	 SPRET	 strains.	 Using	 Provean16	we	 assessed	what	

effect	 these	 polymorphisms	 have	 on	 protein	 function.	 Genes	 with	 polymorphisms	 that	

resulted	 in	 a	 deleterious	 or	 damaging	 effect	were	manually	 investigated	 and	 considered	

candidates	based	on	known	biology.		

We	added	to	this	 list	 the	genes	that	possessed	a	significant	eQTL	 for	pretreatment	

gene	expression	levels	that	overlapped	the	papilloma	QTL.	These	genes	were	considered	to	

have	 a	 plausible	 relationship	 to	 the	 papilloma	 QTL,	 regardless	 of	 their	 location	 in	 the	

genome.	 To	 identify	 potential	 candidates	 from	 this	 list	 of	 plausible	 genes,	 we	 then	

correlated	 pretreatment	 gene	 expression	 levels	 with	 papilloma	 burden.	 The	 genes	 that	

possessed	 significant	 correlations	 after	 multiple	 test	 correction	 were	 considered	 to	 be	

candidates.	The	list	of	genes	associated	with	papilloma	QTL	through	eQTL	and	correlation	

analysis	is	found	in	supplementary	Table	2.	

Using	 this	 strategy,	 we	 were	 able	 to	 identify	 candidate	 genes	 correlated	 with	

papilloma	 burden	 for	 all	 QTL,	 however	 the	 vast	 majority	 (44/49)	 were	 associated	 with	

either	 chromosome	 3	 or	 chromosome	 12.	 It	 is	 difficult	 to	 determine	 what	 drives	 some	

genes	 in	QTL	 regions	 to	possess	an	expression	 relationship	with	 the	QTL	phenotype	and	

others	to	 lack	one.	One	possible	explanation	would	be	that	 for	the	chromosome	3	and	12	

QTL	the	nature	of	the	relationship	between	tumorigenesis	and	the	underlying	susceptibility	

genes	 is	 defined	 by	 alterations	 to	 gene	 expression	 levels,	 for	 instance	 due	 to	

polymorphisms	 in	promoter	regions,	while	 for	 the	other	QTL	 the	relationship	 is	 found	at	

the	level	of	protein	sequence	and	not	detectable	at	the	level	of	gene	expression.			
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The	S100	gene	family	is	associated	with	tumorigenesis	and	the	papilloma	3	QTL	

	 After	analyzing	the	candidate	genes	identified	for	each	QTL	we	decided	to	prioritize	

the	relationship	between	the	chromosome	3	susceptibility	locus	and	the	S100	gene	family.	

This	decision	was	made	based	on	the	following	rationale:	1)	we	have	previously	published	

a	relationship	between	S100a8	and	papilloma	susceptibility17,	and	are	now	in	a	position	to	

pursue	this	 in	greater	detail,	and	2)	S100a8	possesses	a	damaging	SNP	 in	SPRETUS	mice.	

This	SNP	 is	 in	 the	second	exon,	and	changes	the	18th	amino	acid	 from	an	asparagine	to	a	

serine	 (SNP	 rsID	=	 rs262349706).	 This	 amino	 acid	 is	 in	 very	 close	 proximity	 to	 the	 zinc	

binding	 motif	 (http://www.uniprot.org/uniprot/P27005).	 3)	 The	 S100	 family	 has	 clear	

links	to	both	tumorigenesis	and	inflammation,	and	tumorigenesis	in	this	model	is	explicitly	

dependent	 on	 inflammation9.	We	 recognize	 that	 other	 genes	may	 be,	 and	 in	 fact	 almost	

certainly	 are,	 involved	 with	 defining	 papilloma	 susceptibility	 in	 this	 model,	 but	 for	 our	

investigation	we	determined	that	focusing	on	the	S100	family	was	best	way	to	expand	on	

prior	findings	and	shed	meaningful	light	on	the	factors	influencing	tumor	development.		

	 The	 S100	 family	 consists	 of	 more	 than	 20	 small	 proteins,	 with	 a	 diverse	 set	 of	

functions	 in	 a	 variety	 of	 different	 tissue	 types10–12,18,19.	 These	 functions	 include	

inflammation,	 differentiation,	 wound	 healing,	 and	 response	 to	 stress.	 S100	 proteins	 are	

characterized	 by	 two	 calcium-binding	 domains,	 and	 are	 thought	 to	 be	 activated	 by	 the	

presence	 of	 calcium.	 Typically,	 S100	 proteins	 operate	 as	 dimers,	 either	 homo-	 or	

heterodimers.		

	 The	majority	 of	 the	 S100	 genes	 exist	 as	 a	 complex	 on	mouse	 chromosome	 3	 and	

human	chromosome	110.	This	complex	is	fully	within	the	LOD	interval	for	the	chromosome	

3	papilloma	QTL.	 In	 light	of	 this,	as	well	as	 in	respect	of	 the	 fact	 that	 the	S100	genes	are	



	 147	

known	to	work	in	concert	in	one	another	(particularly	S100a8	and	S100a9),	we	decided	to	

investigate	the	function	of	the	family	as	a	whole,	rather	than	focus	exclusively	on	S100a8.	

As	 a	 first	 step	 to	 gain	 an	 understanding	 of	 the	 relationship	 between	 S100	 genes	 and	

tumorigenesis,	 we	 compared	 expression	 levels	 of	 S100	 genes	 in	 normal	 tissue	 to	

papillomas.		

We	 also	 included	 a	 cohort	 of	 107	mouse	 squamous	 cell	 carcinomas	 (SCC)	 and	 72	

mouse	spindle	cell	carcinomas	in	this	comparison.	These	tumors	developed	in	the	FVBBX	

cohort	initially	used	to	identify	papilloma	QTL.	This	was	done	in	recognition	of	the	fact	that	

tumorigenesis	 in	 this	model	does	not	stop	at	papillomas,	but	rather	continues	through	to	

the	development	of	malignant	carcinomas.	These	carcinomas	are	typically	defined	by	either	

spindle	or	squamous	pathologies,	with	some	tumors	showing	a	mixture	of	both	cell	types.	

This	 is	 particularly	 relevant	 as	 recent	 findings	have	demonstrated	 that	 SCCs	 and	 spindle	

tumors	 are	 differentially	 dependent	 on	 inflammation20,	with	 SCCs	 appearing	 to	 be	more	

reliant	 on	 inflammatory	 signaling	 than	 spindle	 tumors.	Given	 that	 the	 S100	genes	play	 a	

major	role	in	inflammatory	signaling19,	understanding	how	they	function	in	the	context	of	

tumors	with	disparate	relationships	with	inflammation	is	of	particular	interest.		

Plotting	the	mean	expression	levels	for	S100	genes	in	normal	back	skins,	papillomas,	

SCCs,	and	spindle	carcinomas	revealed	a	trend	for	some	genes	to	have	elevated	expression	

(in	particular	S100a7a,	S100a8,	and	S100a9)	in	papillomas	and	SCCs	relative	to	back	tissue,	

and	less	elevated	expression	in	spindle	tumors	(Figure	2a).	S100a8	and	S100a9	are	known	

to	 interact,	 and	 have	 well	 described	 roles	 in	 inflammation	 and	 tumorigenesis21.	 The	

observation	 that	 their	 expression	 is	 reduced	 in	 spindle	 tumors	may	 reflect	 the	 reduced	

level	of	inflammatory	signaling	present	in	these	tumors.	
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Other	 genes,	 such	 as	 S100a14	and	 S100a16,	 have	 equivalent	 expression	 in	 backs,	

papillomas,	and	SCCs,	but	dramatically	decreased	expression	in	spindle	tumors	(Figure	2a).	

These	 two	 genes	 are	 also	 known	 to	 interact22,	 and	 a	 recent	 publication	 that	 found	 that	

elevated	expression	of	S100A14	and	S100A16	were	associated	with	a	 significantly	poorer	

prognosis	in	mammary	tumors23.		

One	 particularly	 interesting	 profile	 is	 that	 of	 S100a4,	 which	 shows	 significantly	

increased	expression	in	spindle	tumors	relative	to	all	other	tissues.	This	gene	is	known	as	a	

biomarker	 of	metastatic	 potential	 in	 a	wide	 variety	 of	 tumor	 types,	 including	breast	 and	

HNSCC24–26,	 which	 agrees	 with	 a	 recent	 finding	 by	 our	 lab	 that	 spindle	 cell	 tumors	 and	

squamous	tumors	have	differing	metastatic	characteristics20.			

Finally,	S100a6	 appears	 to	have	 increased	expression	 in	SCCs	and	papillomas,	and	

further	 increased	 expression	 in	 spindle	 tumors.	 S100a6	 is	 known	 biomarker	 of	 tumor	

progression27,	and	has	been	shown	to	stimulate	proliferation	and	migration	of	cancer	cell	

lines28.		

We	characterized	the	relationship	between	S100	genes	and	papilloma	burden.	This	

entailed	 performing	 a	 correlation	 analysis	 between	 the	 S100	 gene	 family	 members	 and	

papilloma	burden	at	all	 timepoints	(Figure	2b).	The	results	of	 this	experiment	revealed	a	

clear	 and	 significant	 positive	 relationship	 between	 S100a6	 expression	 and	 papilloma	

burden	 (p	 >	 0.05	 for	week	 10,	 p	 =	 0.016	 for	week	 12,	 and	 p	 <	 0.01	 for	 all	 other	weeks;	

Pearson’s	 method),	 as	 well	 as	 suggestive	 relationships	 between	 S100a1,	 S100a7a,	 and	

S100a16.		
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S100	gene	family	member	expression	levels	are	strongly	influenced	by	TPA	induced-

inflammation	

	 The	 S100	 family	 has	 a	 well-documented	 role	 in	 inflammation10,19,21.	 With	 this	 in	

mind,	 as	 well	 as	 the	 dependence	 of	 this	 model	 on	 inflammation,	 we	 next	 sought	 to	

characterize	the	expression	levels	of	S100	family	genes	during	both	acute	and	chronic	TPA-

induced	inflammation.			

We	 performed	 this	 analysis	 by	 comparing	 expression	 levels	 from	 untreated	 FVB	

back	 skins	 to	back	 skins	 subjected	 to	either	 short-term	or	 chronic	TPA	 treatment.	 Short-

term	(or	acute)	 treatment	entailed	a	single	application	of	TPA.	Skin	 from	mice	 treated	 in	

this	 way	 was	 harvested	 after	 6	 hours,	 24	 hours,	 or	 1	 week.	 Chronic	 treatment	 entailed	

twice	weekly	treatment	with	TPA	for	6	weeks.		

The	 results	 of	 this	 investigation	 revealed	 a	 clear	 increase	 in	 expression	 level	 for	

several	 family	 members	 during	 chronic	 inflammation	 (supplementary	 Figure	 1).	

Specifically,	 S100a3,	 S100a7a,	 S100a8,	 and	 S100a9	 all	 showed	 a	 dramatic	 increase	 in	

expression	levels	in	chronically	treated	skin	(p	<	0.05	for	all	genes;	control	versus	chronic,	

Student’s	 t	 test).	 S100a14	 and	 S100a16	 showed	 a	 more	 modest	 increase,	 while	 S100a4	

expression	appeared	to	be	reduced(p	<	0.05	for	all	genes;	control	versus	chronic,	Student’s	

t	 test;	 supplementary	 Figure	 1).	 This	 appears	 to	 corroborate	 the	 relationship	 observed	

during	 tumorigenesis	 for	 S100a4,	 with	 increased	 expression	 in	 the	 less	 inflammation	

dependent	 spindle	 tumors	 relative	 to	 the	 more	 inflammation	 dependent	 SCCs	 and	

papillomas	(Figure	2a).	S100a6	did	not	appear	to	show	a	significant	change	in	expression	

levels	after	acute	or	chronic	treatment.	
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Chromosome	3	genotype	influences	S100	gene	family	member	expression	levels	

	 Sequence	 analysis	 identified	 a	 potentially	 consequential	 polymorphism	 in	S100a8.	

This	dissimilarity	in	sequence	is	a	clear	mechanism	by	which	S100a8	protein	function	could	

influence	papilloma	susceptibility	 in	heterozygous	versus	homozygous	mice.	However,	an	

additional	source	of	variation	is	could	be	found	in	mRNA	expression	levels.	To	characterize	

this,	we	performed	eQTL	scans	for	linkage	to	S100	gene	expression	levels.		

	 Several	S100	genes	possess	significant	eQTL	near	the	papilloma	susceptibility	QTL	

(Figure	 3a).	 Specifically,	 S100a1,	 S100a6,	 S100a7a,	 and	 S100a11	 have	 significant	 eQTL	

peaks	 overlapping	 the	 papilloma	 QTL	 (Figure	 3a).	 S100a4,	 and	 S100a16	 also	 have	

suggestive	peaks	near	 the	 susceptibility	 locus	 (Figure	3a).	The	directionality	of	 the	eQTL	

varied,	 with	 S100a1,	 S100a6	and	 S100a7a	 showing	 increased	 expression	 in	 homozygous	

mice,	 and	 S100a11	being	 more	 highly	 expressed	 in	 heterozygous	 mice	 (Figure	 3b).	 The	

observation	that	S100a6	is	more	highly	expressed	 in	homozygous	mice	 is	congruent	with	

the	 relationship	 between	 S100a6	 and	 papilloma	 burden	 (positive)	 and	 the	 increased	

papilloma	burden	in	homozygous	mice.		

	

S100	genes	are	situated	in	immune	and	epithelial	gene	coexpression	networks	

	 Gene	 coexpression	 network	 analysis	 can	 be	 a	 useful	 tool	 to	 understand	 the	

functional	 role	 of	 a	 gene	 in	 a	 given	 tissue29.	 In	 order	 to	 understand	 the	 role	 of	 the	 S100	

genes	 in	 normal	 tissue,	 SCCs,	 and	 spindle	 cell	 tumors,	 we	 constructed	 coexpression	

networks	 for	 each	 S100	 family	 member	 for	 each	 tissue	 (see	 Methods).	 Briefly,	 for	 each	

S100	 family	member	we	 identified	all	 significantly	correlated	genes	 (first	neighbors).	We	

then	 identified	all	 genes	 significantly	 correlated	 to	 the	S100	gene	and	 its	 first	neighbors.	
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The	resulting	pool	of	genes	was	considered	to	be	the	S100	family	member’s	coexpression	

network.	 Using	 this	 pool	 of	 genes	 we	 performed	 GO	 enrichment	 analysis	 to	 identify	

significantly	 enriched	 annotations.	 The	 results	 of	 this	 analysis	 for	 each	 gene	 and	 tissue	

combination	are	presented	in	supplementary	Table	4.		

	 Investigating	 the	 enrichment	 identified	 through	 this	 experiment	 revealed	 several	

key	 insights	 into	 S100	 gene	 function	 in	 normal	 and	 tumor	 tissue.	 For	S100a4,	 in	 normal	

skin	 the	 coexpression	 network	 was	 significantly	 enriched	 for	 a	 variety	 of	 phenotypes	

relevant	 to	 tumor	 development	 and	 progression,	 including	 vasculature	 development	

(GO:0001944,	p	=	4.40E-24),	cell	adhesion	(GO:0007155,	p	=	1.40E-22),	and	cell	migration	

(GO:0016477,	p	=	6.10E-22).	These	terms	bare	a	striking	similarity	 to	 the	roles	 in	cancer	

development	 and	 progression	 that	 have	 previously	 been	 assigned	 to	 this	 gene25,26.	 This	

enrichment	 was	 substantially	 altered	 in	 spindle	 tumors,	 with	 epithelial	 development	

(GO:0060429,	 p	 =	 1.10E-12)	 and	 skin	 development	 (GO:0043588,	 p	 =	 7.10E-10)	 related	

terms	 being	 most	 strongly	 enriched.	 Interestingly,	 there	 were	 no	 significantly	 enriched	

terms	in	SCCs	for	this	gene.		

	 S100a9	and	 S100a8	are	 known	 to	 function	 as	 a	 complex	 known	 as	 calprotectin21.	

Given	this,	it	is	reasonable	to	assume	that	these	two	genes	would	be	members	of	similar	if	

not	identical	coexpression	network.	Indeed,	these	two	genes	were	strongly	correlated	with	

one	another	(p	<	2.2e-16,	r	=	0.92	in	tail	skins)	and	were	present	in	the	same	coexpression	

networks.	 These	 networks	 were	 enriched	 for	 two	 primary	 GO	 terms	 in	 for	 both	 genes;	

keratinocyte	differentiation	(GO:0030216;	p	=	5.90E-08	and	p	=	2.80E-08	for	S100a9	and	

S100a8	in	normal	skin,	respectively)	and	innate	immune	response	(GO:0045087;	p	=	4.20E-
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06	 and	7.60E-06,	 for	S100a9	and	S100a8).	 Plotting	 the	 coexpression	network	 for	S100a8	

revealed	that	the	genes	driving	this	enrichment	represent	two	distinct	groups	(Figure	4a).		

For	keratinocyte	differentiation,	keratins	16	and	6b	(Krt16	and	Krt6b)	were	present,	

along	with	 several	 small	 proline-rich	 proteins	 (SPR;	 Sprr2d,	 Sprr2e,	 Sprr2h,	 and	 Sprr1b).	

Interestingly,	 a	 previous	 publication	 involving	 an	 independent	 cohort	 from	 this	 lab	 has	

linked	S100a8	and	SPR	proteins	and	papilloma	susceptibility17.	Both	the	identified	keratins	

(16	and	6b)	and	the	SPR	proteins	have	established	roles	in	barrier	function	and	signaling,	

suggesting	 that	 this	 function	 may	 be	 relevant	 to	 S100a8/9	 activity	 and	 papilloma	

development30,31.		

	 For	 innate	 immune	 function,	 outside	 of	 the	 S100a8/9	 genes	 themselves	 we	 also	

identified	 Il1f6,	 a	 gene	 with	 known	 functions	 influencing	 infiltration,	 activation,	 and	

inflammatory	 activity	 of	 innate	 immune	 cells	 in	 the	 skin32.	 The	 network	 also	 contained	

Lcn2	 (also	 known	 as	 Ngal)	 a	 protein	 associated	 with	 neutrophils	 and	 the	 tumor	

microenvironment33–35,	 and	Adam8,	 a	 gene	 implicated	 in	 the	 function	 of	 granulocytes	 in	

asthmatic	lung36.		

Synthesizing	 these	 two	 functions	 positions	 S100a8	 and	 S100a9	 as	 essential	 links	

between	epithelial	cell	differentiation	and	innate	immune	function,	both	of	which	represent	

significant	factors	influencing	skin	tumor	development	in	this	model.	

	

The	S100a8/9	coexpression	network	is	highly	expressed	in	tumor	tissues	relative	to	

normal	

	 To	 begin	 to	 understand	 how	 the	 overall	 function	 of	 the	 S100a8/9	might	 change	

during	 tumorigenesis,	 we	 examined	 what	 the	 expression	 level	 was	 of	 the	 coexpression	
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network	 as	 a	 whole.	 To	 accomplish	 this	 we	 identified	 all	 the	 genes	 in	 the	 normal	 skin	

coexpression	 network	 and	 performed	 hierarchical	 clustering	 on	 normal,	 papilloma,	 SCC,	

and	spindle	carcinoma	expression	profiles	(Figure	4b).	

	 This	clustering	separated	the	expression	profiles	into	three	biologically	meaningful	

groups.	 The	 first	 consisted	 of	 all	 normal	 samples,	 the	 second	 of	 almost	 entirely	 spindle	

tumors,	 and	 the	 third	 SCCs	 and	 papillomas	 (Figure	 4b).	 This	 clustering	 was	 driven	 by	

significant	differences	in	overall	network	expression	levels.	In	normal	skin,	the	expression	

level	of	most	genes	was	 low,	with	a	 small	number	of	exceptions.	For	 spindle	 tumors	 this	

pattern	was	disrupted,	with	essentially	an	inversion	of	the	expression	profile	observed	in	

normal	 samples.	 A	 small	 number	 of	 spindle	 tumors	 showed	 extremely	 low	 expression	

levels	 for	 some	 genes.	 For	 the	 SCC/papilloma	 group,	 the	 network	 as	 a	 whole	 was	

dramatically	 overexpressed,	 with	 only	 a	 small	 number	 of	 negatively	 correlated	 genes	

showing	reduced	expression	relative	to	normal	tissues.		

	

The	 S100a8/9	coexpression	 network	 is	 well	 conserved	 in	mouse	 SCCs	 and	 human	

head	and	neck	SCCs	and	is	strongly	associated	with	tumor	grade	

	 Having	 noted	 that	 the	 overall	 expression	 level	 of	 the	 cluster	 was	 dramatically	

altered	in	mouse	tumors,	we	investigated	how	the	regulatory	structure	of	the	network	was	

preserved	 during	 tumorigenesis.	 To	 accomplish	 this,	 we	 compared	 the	 coexpression	

network	 correlation	 values	 observed	 in	 normal	 skin	 to	 those	 observed	 in	 mouse	 SCCs,	

mouse	spindle	tumors,	and	human	head	and	neck	SCCs	(HNSCCs).		

To	this	end	we	employed	RNAseq	data	from	a	cohort	of	521	HNSCC	made	available	

by	 the	 TCGA	 consortium.	 Using	 these	 data,	 as	 well	 as	 the	 mouse	 tumor	 cohort,	 we	
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compared	 gene	 pair	 correlation	 values	 between	 the	 normal	 skin	 and	 tumor	 tissue	 (see	

Methods).	Succinctly,	we	established	 the	gene-to-gene	correlation	(r)	 in	normal	skin,	and	

compared	that	value	to	the	r	value	observed	in	tumor	tissue.	To	get	an	overall	evaluation	of	

the	degree	of	similarity	between	the	correlation	values	observed	in	normal	skin	and	those	

observed	 in	 tumor	 tissue	we	 correlated	 the	 normal	 skin	 r	 values	 and	 the	 tumor	 tissue	 r	

values.		

	 Our	findings	from	this	comparison	showed	a	highly	significant	correlation	between	

the	tumor	and	normal	r	values.	In	mouse	SCCs,	gene-to-gene	r	values	were	correlated	with	

p	<	2e-10	and	a	r	=	0.5.	In	spindle	tumors	this	correlation	was	attenuated,	with	a	p	<	2e-6	

and	 an	 r	 =	 0.4.	 In	 human	 HNSCCs,	 the	 gene-to-gene	 r	 values	 were	 surprisingly	 well	

correlated,	with	a	p	<	6.5e-6	and	r	=	0.42	(Figure	4c).	This	experiment	clearly	demonstrates	

that	 the	 S100a8/9	 gene	 coexpression	 network	 is	 conserved	 in	 both	 mouse	 and	 human	

tumors.		

	 As	 many	 of	 the	 genes	 in	 the	 S100a8/9	 coexpression	 network	 are	 clearly	 tied	 to	

inflammation	 and	 tumorigenesis,	 we	 addressed	 if	 network	 gene	 expression	 level	 was	

associated	with	tumor	grade	or	overall	survival	in	human	tumors.	Overall	survival	was	not	

significantly	influenced	by	either	S100A8	or	S100A9	expression	(p	>	0.05,	Cox	proportional	

hazards	model),	 nor	was	 it	 influenced	 by	 a	model	 eigengene	 or	median	 gene	 expression	

rank	 (p	>	0.05	 for	both,	 Cox	proportional	 hazards	model).	However,	 network	 expression	

was	 strongly	 influenced	 by	 tumor	 grade,	 with	 low-grade	 tumors	 having	 substantially	

higher	 expression	 than	 high-grade	 tumors	 (p	 <	 2.2e-16;	 Figure	 4d).	 These	 results	

demonstrate	that	not	only	 is	 the	S100a8/9	network	preserved	in	human	tumors,	but	that	

the	overall	expression	level	is	influenced	by	tumor	grade.		
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Discussion	

Inflammation	and	tumor	susceptibility	

Inflammation	 has	 recently	 been	 highlighted	 as	 a	 profoundly	 influential	 force	

shaping	 tumor	 development2.	High	 levels	 of	 inflammatory	 signaling	 have	 been	 shown	 to	

drive	 tumorigenesis	 in	model	organisms,	and	 in	human	patients	 the	 type	and	quantity	of	

infiltrating	immune	cells	has	been	identified	as	strongly	predictive	of	cancer	mortality4,5,37.	

Other	 work,	 however,	 has	 highlighted	 how	 high	 levels	 of	 inflammation	 can	 suppress	

tumorigenesis	 by	 eliminating	 mutated	 cells	 prior	 to	 the	 development	 of	 a	 tumor7.	 This	

observation	 is	 congruent	 with	 the	 recent	 success	 of	 immunomodulatory	 agents,	 which	

function	by	reducing	the	inhibitory	signals	restraining	immune	function38.	This	then	allows	

for	the	immune	system	to	mount	an	anti-tumor	response,	which	for	some	tumor	types	has	

been	 demonstrated	 to	 be	 highly	 effective39,40.	 These	 agents	 operate	 by	 enhancing	 the	

adaptive	immune	response,	but	other	agents,	such	as	Imiquimod,	have	been	demonstrated	

to	 be	 effective	 in	 treated	 skin	 cancer	 through	 enhancing	 the	 innate	 arm	 of	 the	 immune	

system8.	

In	 this	work	we	 have	 attempted	 to	 illuminate	 the	 signaling	 pathways	 influencing	

inflammation	 driven	 tumor	 formation.	 We	 performed	 linkage	 analysis	 to	 identify	 QTL	

associated	 with	 papilloma	 formation	 across	 multiple	 timepoints.	 Through	 this	 we	 were	

able	to	describe	several	QTL	driving	papilloma	formation	at	both	early	and	late	timepoints.	

The	 QTL	 identified	 on	 chromosomes	 3	 and	 12,	 which	 may	 correspond	 to	 previously	

identified	 QTL,	 possess	 increased	 significance	 at	 week	 14	 relative	 to	 week	 2013,14.	 We	

further	identified	three	QTL,	on	chromosomes	6,	7,	and	X,	with	greater	significance	at	the	

week	20	timepoint	than	at	the	week	14	timepoint.	The	mechanism	driving	this	fluctuation	
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is	 not	 currently	 known,	 but	 it	 is	 interesting	 to	 speculate	 that	 this	 may	 derive	 from	 the	

chromosome	3	and	12	loci	being	caused	by	genes	that	influence	the	earliest	stages	of	tumor	

formation,	such	as	immune	function	or	DMBA	metabolism,	rather	than	genes	that	influence	

later	stages	of	tumor	development.		

	

The	S100	gene	family	and	tumorigenesis	

	 By	 using	 a	 combined	 approach	 involving	 both	 sequence	 analysis	 and	 differential	

expression	analysis	to	nominate	candidate	genes,	we	were	able	to	effectively	characterize	

the	 diversity	 between	 SPRET	 and	 FVB	 animals	 across	QTL	 regions.	 Exploring	 these	 data	

revealed	 a	 compelling	 association	 between	 the	 S100	 gene	 family	 and	 tumorigenesis	 that	

was	strongly	supported	by	both	existing	literature,	as	well	as	prior	publications	from	our	

lab	tying	S100a8	to	papilloma	susceptibility17.		

	 Investigating	 the	 relationship	 between	 the	 S100	 family	 and	 tumorigenesis	 in	 this	

model	revealed	several	key	 findings:	First,	 there	exists	substantial	differential	expression	

in	 several	 members	 of	 this	 family	 between	 heterozygous	 and	 homozygous	 mice,	 with	

homozygous	mice	 tending	 to	 have	 higher	 expression.	 As	many	 S100	 proteins	 have	 been	

described	 as	 pro-tumorigenic	 in	 vivo,	 the	 observed	 directionality	 of	 the	 expression	

difference	is	therefore	congruent	with	the	expectation	of	higher	expression	of	these	genes	

in	the	susceptible	(homozygous)	mice.		

Recently,	 a	 publication	 exploring	 the	 response	 of	 S100a9	 deficient	 mice	 to	

DMBA/TPA	 mediated	 tumorigenesis	 found	 that	 the	 mice	 were	 significantly	 more	

susceptible	than	their	WT	counterparts41.	This	would	suggest	that	the	role	of	S100a9,	and	

presumably	S100a8,	is	tumor	suppressive	rather	than	promoting.		Interpreting	this	data	in	
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light	of	the	known	role	of	the	S100a8/9	dimer	as	alarmins,	signals	released	in	response	to	

cell	death	 that	 trigger	 immune	activation	and	tissue	reconstruction,	may	suggest	 that	 the	

absence	 of	 S100a9	 potentiates	 tumor	 development	 by	 preventing	 the	 resolution	 of	

inflammatory	signaling	following	TPA	treatment42.			

Second,	 chronic	 inflammation	 induced	 by	 TPA	 substantially	 increases	 the	

expression	 of	 many	 S100	 family	 members	 (including	 S100a3,	 S100a7a,	 S100a8,	 and	

S100a9),	but	reduces	the	expression	of	S100a4.	S100	proteins	are	known	to	influence	and	

in	 turn	 be	 influenced	 by	 inflammation,	 so	 the	 observation	 that	 their	 expression	 is	

perturbed	 following	 TPA	 treatment	 is	 unsurprising19.	 Incorporating	 this	 increase	 in	

expression	 with	 the	 known	 role	 S100	 genes	 play	 in	 supporting	 tumorigenesis	 lends	

credence	 to	 the	 idea	 that	 TPA	 treatment	 induces	 tumor	 formation	 in	 part	 through	

activation	 of	 inflammatory	 signaling	 from	 S100	 family	 proteins.	When	 coupled	 with	 the	

differential	 expression	 between	 heterozygous	 and	 homozygous	 mice	 observed	 in	 S100	

genes,	 the	 correlation	 between	 S100a6	 expression	 and	 papilloma	 burden,	 and	 the	

potentially	damaging	polymorphism	 found	 in	SPRET	alleles	of	S100a8,	 it	 is	 reasonable	 to	

conclude	 that	 the	 S100	 family	 may	 be	 causally	 related	 to	 the	 chromosome	 3	 papilloma	

susceptibility	QTL.		

Third,	 S100	 family	 proteins	 change	 dramatically	 in	 expression	 levels	 during	

tumorigenesis.	 For	 several	 S100	 family	 genes,	 including	 S100a6,	 S100a7a,	 S100a8,	 and	

S100a9,	expression	in	tumor	tissue	samples	was	significantly	higher	than	in	normal	tissue.	

This	 observation	 agrees	 with	 the	 known	 role	 of	 S100a8/9	 in	 the	 skin,	 where	 their	

expression	 is	strongly	elevated	during	wound	healing11.	As	cancerous	tissue	 is	 frequently	

described	as	a	persistent	wound,	it	is	reasonable	to	expect	that	S100a8/9	expression	levels	
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would	be	elevated.	However,	an	important	observation	about	the	actual	role	of	S100a8/9	in	

wound	 healing	 is	 found	 in	 the	 phenotype	 of	 the	 S100a9	 knockout	 mice43.	 These	 mice	

display	significantly	accelerated	wound	healing;	suggesting	that	S100a9,	and	most	likely	its	

binding	partner	S100a8,	play	a	role	in	influencing	the	duration	of	skin’s	response	to	injury,	

potentially	through	their	role	as	alarmins.	Extrapolated	into	cancerous	tissue,	this	function	

could	 be	 coopted	 into	 supporting	 the	 tumor	 microenvironment	 and	 facilitating	 the	

establishment	of	a	pro-tumor	signaling	milieu.			

	

S100a8/9	link	inflammation	and	epithelial	cell	function	

	 The	S100a8/9	gene	coexpression	network	observed	in	normal	tissue	was	defined	by	

two	disparate	functions.	The	first,	represented	by	small	proline	rich	proteins	and	keratins	

16	and	6b,	is	in	the	function	of	keratinocytes.	Keratinocytes	perform	a	myriad	of	functions	

in	 the	 skin,	 chief	 amongst	 them	 being	 the	 establishment	 of	 the	 epidermal	 barrier.	 The	

epidermal	barrier	serves	to	prevent	water	loss,	as	well	as	protect	from	infections.		

It	 is	 in	 this	 latter	 role	 that	 the	 link	between	S100a8/9	and	 its	 secondary	 function,	

innate	 immunity,	 may	 be	 found.	 When	 the	 epidermal	 barrier	 is	 disrupted,	 a	 variety	 of	

different	 signals	 are	propagated.	The	net	 effect	 of	 these	 signals	 is	 to	 recruit	 and	 activate	

immune	 cells,	which	 then	 establish	 an	 inflammatory	 environment	 and	 potentiate	wound	

healing.	 This	 bears	 a	marked	 similarity	 to	 the	 establishment	 of	 inflammation-dependent	

tumors,	wherein	some	disruptive	event	results	in	the	initiation	of	sustained	inflammatory	

signaling,	 triggering	a	wound	healing	environment	 that	 fails	 to	resolve,	and	subsequently	

potentiates	tumor	development.		
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The	 positioning	 of	 S100a8/9	 at	 the	 nexus	 of	 these	 two	 pathways	 highlights	 their	

importance	 as	 signaling	 molecules	 influencing	 epithelial	 tumor	 development	 in	 normal	

skin,	and	perpetuating	the	tumor	microenvironment	in	cancerous	tissue.	Building	a	better	

understanding	 of	 the	 role	 these	 genes	 play	 during	 tumorigenesis	 is	 paramount	 to	

understanding	 how	 inflammation	 drives	 tumor	 development,	 and	 eventually	 combatting	

(or	subverting)	its	influence	in	both	preventative	and	curative	settings.		
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Figures	and	Tables	

	

Figure	5-1:	Genome	wide	QTL	scan	for	papilloma	burden	and	LOD	maximum	by	timepoint	and	QTL.	

Figure	 5-1:	 Genome	 wide	 QTL	 scan	 for	 papilloma	 burden	 and	 LOD	 maximum	 by	

timepoint	 and	 QTL.	 A)	 Schematic	 depicting	 cross	 generation	 and	 carcinogenesis.	 B)	

Genome	 wide	 QTL	 scan	 for	 papilloma	 burden	 at	 10	 weeks,	 14	 weeks,	 and	 20	 weeks.	

Chromosomes	are	arranged	head-to-tail	on	the	X	axis.	LOD	score	 is	plotted	on	the	Y	axis.	

Significance	threshold	is	indicated	by	the	dashed	black	line.	C)	LOD	peak	maximum	for	each	

chromosome	 for	 all	 papilloma	 burden	 timepoints.	 The	 maximum	 LOD	 score	 for	 each	

chromosome	is	plotted	for	each	papilloma	burden	timepoint.	
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Figure	5-2:	S100	family	gene	expression	by	tissue	and	pretreatment	correlation	to	papilloma	burden	

by	timepoint.	

Figure	5-2:	 S100	 family	 gene	expression	by	 tissue	and	pretreatment	 correlation	 to	

papilloma	burden	by	timepoint.	A)	Expression	level	of	S100	family	genes	in	normal	pre-

treatment	 tail	 skin,	 papillomas,	 SCCs,	 and	 spindle	 carcinomas	 is	 plotted.	 Each	 dot	

represents	the	mean,	and	error	bars	indicate	the	95%	confidence	interval	around	the	mean.	
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B)	Correlation	p	values	between	pretreatment	gene	expression	levels	of	S100	family	genes	

and	 papilloma	 burden	 by	 timepoint.	 The	 significance	 of	 the	 relationship	 between	

pretreatment	 gene	 expression	 levels	 of	 S100	 family	 genes	 is	 plotted	 by	 each	 papilloma	

timepoint.	 The	 color	 indicates	 the	 level	 of	 significance	 for	 the	 unadjusted	 Spearman	

correlation	p	value.		
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Figure	5-3:	S100	family	gene	eQTL	and	differential	expression	by	chromosome	3	genotype	

Figure	 5-3:	 S100	 family	 gene	 eQTL	 and	 differential	 expression	 by	 chromosome	 3	

genotype.	 A)	 Genome	 wide	 eQTL	 scans	 for	 S100a1,	 S100a6,	 S100a7a,	 and	 S100a11.	

Chromosomes	are	arranged	head-to-tail,	and	eQTL	LOD	score	is	plotted	on	the	Y	axis.	The	

dashed	 line	 represents	 statistical	 significance.	B)	 Gene	 expression	 levels	 for	 S100	 family	
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genes	with	 significant	 and	 suggestive	 eQTL	overlapping	 the	papilloma	 susceptibility	QTL	

on	chromosome	3.	Gene	expression	Z	scores	were	calculated	and	the	mean,	indicated	by	a	

dot,	and	the	95%	confidence	interval	around	the	mean	plotted	for	each	chromosome	3	QTL	

genotype.		
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Figure	5-4:	S100a8/9	gene	coexpression	network.	

Figure	 5-4:	 S100a8/9	 gene	 coexpression	 network.	 A)	 S100a8/9	 normal	 tail	 skin	

coexpression	 network.	 Genes	 are	 plotted	 as	 circles,	 and	 significant	 correlations	 between	

genes	 are	 indicated	by	 lines.	Nodes	 are	 colored	by	 annotation,	with	 red	 indicating	 genes	

annotated	 with	 keratinocyte	 differentiation	 (GO:0030216)	 and	 blue	 indicating	 genes	

annotated	with	innate	immune	response	(GO:0045087	).	Purple	indicates	both	annotations.	

B)	S100a8/9	coexpression	network	heatmap	in	normal	and	tumor	tissue.	Expression	level	

of	S100a8/9	 coexpression	 network	 genes	 is	 plotted	 by	 tissue	 type.	 Expression	 levels	 are	

row	 normalized.	 Samples	 were	 clustered	 by	 Ward’s	 method	 on	 Euclidian	 distance.	 	 C)	
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S100a8/9	coexpression	network	conservation	 in	human	samples.	Correlation	values	 from	

normal	 mouse	 skin	 for	 S100a8/9	 network	 genes	 were	 compared	 to	 correlation	 values	

observed	in	human	homologs	in	a	HNSCC	dataset.	Correlation	values	were	computed	with	

Pearson’s	 method.	 Linear	 line	 of	 best	 fit	 and	 95%	 confidence	 interval	 are	 plotted.	 The	

relationship	 is	 strongly	 significant	 (p	 =	 6.44e-5;r	 =	 0.42;	 Pearson’s	 method).	D)	 Human	

S100A8/9	 coexpression	 network	 expression	 levels	 by	 tumor	 grade.	 Sample	 expression	

levels	were	 ranked	 for	 each	gene	 in	 the	HNSCC	S100A8/9	coexpression	network.	Median	

expression	rank	for	each	sample	was	then	averaged	across	tumor	grades.	Average	median	

expression	rank	for	each	grade	is	indicated	by	the	point,	with	the	95%	confidence	interval	

around	the	mean	indicated	by	the	error	bars.	Differences	between	groups	were	significant	

by	ANOVA(p	>	2.2e-16).	
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Supplementary	Figure	5-1:	TPA	treatment	and	S100	gene	expression	levels.	

Supplementary	 Figure	 5-1:	 TPA	 treatment	 and	 S100	 gene	 expression	 levels.	

Expression	 levels	of	S100	family	genes	 is	plotted	following	acute	(single	dose)	or	chronic	
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(twice	weekly	for	six	weeks)	TPA	treatment.	Circles	represent	the	mean,	and	the	error	bars	

indicate	the	95%	confidence	interval	around	the	mean.		
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Table	5-1:	QTL	location,	LOD	score,	and	variance	information	

QTL	
name	

Timep
oint	

Susceptible	
genotype	

Closest	
marker	

Chrom
some	

Position	
(cM)	

Left	
bound	
(cM)	

Right	
bound	
(cM)	

Position	
(BP)	

Left	bound	
(BP	x	10^6)	

Right	bound	
(BP	x	10^6)	

LOD	
score	

Variance	
explained	

3.48.W
10	

10	
weeks	AA	

E03.094.47
7_10	 3	 48	 18	 78	

960429
02	 32464232	 154968691	 3.04	 0.0414	

6.79.7.
W10	

10	
weeks	AB	

chr06_116
356725	 6	 79.7	 43	 97.96	

116406
921	 71068177	 147487801	 2.39	 0.0372	

12.27.
W10	

10	
weeks	AA	

E12.061.76
9_10	 12	 27	 20	 42.5	

636226
74	 54991738	 92405576	 5.76	 0.0789	

1.57.6.
W14	

14	
weeks	AA	

M__23142
814_10	 1	 57.6	 0	 90.98	

149080
407	 15713863	 188911479	 1.91	 0.026	

3.41.5.
W14	

14	
weeks	AA	

E03.066.85
4_10	 3	 41.5	 16.5	 53	

697448
54	 41270772	 100873750	 4.03	 0.0604	

6.81.5.
W14	

14	
weeks	AB	

chr06_116
356725	 6	 81.5	 44.5	 97.96	

116406
921	 79994509	 145295816	 2.83	 0.06	

7.45.W
14	

14	
weeks	AA	

E07.086.48
3_10	 7	 45	 13	 80.5	

921809
00	 51553147	 136608408	 2.33	 0.0457	

12.29.
W14	

14	
weeks	AA	

E12.070.03
3_10	 12	 29	 20.5	 36.5	

719196
23	 54991738	 82166529	 7.47	 0.1248	

X.46.5.
W14	

14	
weeks	AB	

chrX_1355
41727	 X	 46.5	 0	 51.35	

139007
421	 47963951	 150646230	 2.19	 0.0447	

3.48.W
20	

20	
weeks	AA	

E03.094.47
7_10	 3	 48	 17	 58.91	

960429
02	 32464232	 109429337	 3.69	 0.0594	

6.81.W
20	

20	
weeks	AB	

chr06_116
356725	 6	 81	 44.5	 97.96	

116406
921	 61994897	 145295816	 3.09	 0.0564	

7.43.W
20	

20	
weeks	AA	

E07.079.41
1_10	 7	 43	 28	 74.5	

850066
58	 68981491	 136608408	 3.75	 0.0642	

12.28.5
.W20	

20	
weeks	AA	

E12.061.76
9_10	 12	 28.5	 15.5	 36.5	

636226
74	 39830987	 82166529	 4.92	 0.0801	

X.45.5.
W20	

20	
weeks	AB	

chrX_1355
41727	 X	 45.5	 6.5	 51.35	

139007
421	 60225372	 150646230	 2.33	 0.0529	

	Table	5-1:	QTL	location,	LOD	score,	and	variance	information.		
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Supplementary	Table	5-1:	Papilloma	QTL	LOD	maximums	and	variance	explained	by	timepoint.	

QTL	chromosome	Papilloma	timepoint	 LOD	maximum	
Variance	
explained	

1	10	weeks	 1.90	 0.03	
1	14	weeks	 1.91	 0.03	
1	20	weeks	 1.53	 0.02	
3	10	weeks	 3.04	 0.04	
3	14	weeks	 4.03	 0.06	
3	20	weeks	 3.69	 0.06	
6	10	weeks	 2.39	 0.04	
6	14	weeks	 2.83	 0.06	
6	20	weeks	 3.09	 0.06	
7	10	weeks	 1.29	 0.03	
7	14	weeks	 2.33	 0.05	
7	20	weeks	 3.75	 0.06	

12	10	weeks	 5.76	 0.08	
12	14	weeks	 7.47	 0.12	
12	20	weeks	 4.92	 0.08	
X	10	weeks	 1.50	 0.03	
X	14	weeks	 2.19	 0.04	
X	20	weeks	 2.33	 0.05	

	Supplementary	Table	5-1:	Papilloma	QTL	LOD	maximums	and	variance	explained	

by	timepoint.		
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Supplementary	Table	5-2:	eQTL	candidate	genes	and	their	relationship	to	tumor	phenotypes.	

Probe	ID	 Chr	 Location	 Symbol	
Entrez	
ID	 QTL	name	

10	week	adj	
p	value	

14	week	adj	
p	value	

20	
week	
adj	p	
value	

10360130	 1	 171342237	 Nit1	 27045	 1.57.6.W14	 0.265	 0.086	 0.217	

10499552	 3	 89333393	 Efna4	 13639	 3.41.5.W14	 0.297	 0.071	 0.119	

10493120	 3	 88043108	 Gpatch4	 66614	 3.41.5.W14	 0.182	 0.023	 0.094	

10499454	 3	 88920803	 Dap3	 65111	 3.41.5.W14	 0.205	 0.054	 0.187	

10492220	 3	 58576658	
2810407C02
Rik	 69227	 3.41.5.W14	 0.214	 0.014	 0.039	

10497958	 3	 40658593	
1700034I23
Rik	 73297	 3.41.5.W14	 0.265	 0.011	 0.105	

10491820	 3	 40894277	
3110057O12
Rik	 269423	 3.41.5.W14	 0.542	 0.034	 0.221	

10497944	 3	 40818172	 Mfsd8	 72175	 3.41.5.W14	 0.498	 0.044	 0.221	

10492456	 3	 66985672	 Rsrc1	 66880	 3.41.5.W14	 0.265	 0.011	 0.039	

10491952	 3	 51661193	 Mgst2	 211666	 3.41.5.W14	 0.244	 0.011	 0.105	

10499937	 3	 92592972	 10499937	 NA	 3.41.5.W14	 0.726	 0.048	 0.094	

10500117	 3	 95236920	 Gm128	 229588	 3.41.5.W14	 0.219	 0.022	 0.094	

10493103	 3	 87930314	 Isg20l2	 229504	 3.41.5.W14	 0.205	 0.045	 0.114	

10499536	 3	 89271730	 Efna1	 13636	 3.41.5.W14	 0.205	 0.011	 0.080	

10500720	 3	 101855771	 Slc22a15	 242126	 3.41.5.W14	 0.608	 0.155	 0.080	

10499348	 3	 88328653	 Tmem79	 71913	 3.41.5.W14	 0.196	 0.031	 0.094	

10498210	 3	 55625198	 Nbea	 26422	 3.41.5.W14	 0.205	 0.034	 0.080	

10413949	 14	 34026345	 Lrrc18	 67580	 3.41.5.W14	 0.484	 0.071	 0.152	

10492598	 3	 69722055	 Nmd3	 97112	 3.41.5.W14	 0.608	 0.090	 0.072	

10498296	 3	 57644349	 Commd2	 52245	 3.41.5.W14	 0.484	 0.034	 0.119	

10500304	 3	 95999832	 Vps45	 22365	 3.41.5.W14	 0.409	 0.044	 0.109	

10500378	 3	 96705892	 Nudt17	 78373	 3.41.5.W14	 0.339	 0.102	 0.039	

10499914	 3	 92655650	 Lce1b	 68720	 3.41.5.W14	 0.663	 0.071	 0.109	

10491627	 3	 36863106	
4932438A13
Rik	 229227	 3.41.5.W14	 0.476	 0.071	 0.336	

10493530	 3	 89430837	 Pygo2	 68911	 3.41.5.W14	 0.476	 0.071	 0.153	

10493900	 3	 92944486	 Lce3c	 94060	 3.41.5.W14	 0.281	 0.044	 0.199	

10501963	 3	 125865343	 Ugt8a	 22239	 3.41.5.W14	 0.482	 0.155	 0.086	

10396306	 12	 72085839	 Jkamp	 104771	 12.29.W14	 0.069	 0.050	 0.119	

10400639	 12	 69182734	 Rpl36al	 66483	 12.29.W14	 0.069	 0.025	 0.115	

10542376	 12	 69182734	 Rpl36al	 66483	 12.29.W14	 0.069	 0.031	 0.139	

10395908	 12	 60141322	 10395908	 NA	 12.29.W14	 0.004	 0.011	 0.080	

10401109	 12	 76792335	 Gpx2	 14776	 12.29.W14	 0.069	 0.025	 0.054	

10395376	 12	 36157124	 Ankmy2	 217473	 12.29.W14	 0.196	 0.053	 0.341	

10401630	 12	 85272398	 Acyp1	 66204	 12.29.W14	 0.088	 0.011	 0.094	

10400515	 12	 58958384	 Sec23a	 20334	 12.29.W14	 0.069	 0.070	 0.285	

10397332	 12	 85219513	 Eif2b2	 217715	 12.29.W14	 0.119	 0.049	 0.039	
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10599956	 X	 67653651	 10599956	 NA	 12.29.W14	 0.123	 0.070	 0.187	

10401365	 12	 83546941	 Zfyve1	 217695	 12.29.W14	 0.167	 0.076	 0.042	

10397145	 12	 83987861	 Acot2	 171210	 12.29.W14	 0.291	 0.085	 0.126	

10401473	 12	 84430720	 Aldh6a1	 104776	 12.29.W14	 0.227	 0.083	 0.409	

10401637	 12	 85299514	 Nek9	 217718	 12.29.W14	 0.069	 0.149	 0.094	

10396125	 12	 69893105	 Atl1	 73991	 12.29.W14	 0.069	 0.034	 0.094	

10395414	 12	 37241639	 Tmem195	 319660	 12.29.W14	 0.110	 0.044	 0.039	

10396442	 12	 73964530	 Snapc1	 75627	 12.29.W14	 0.219	 0.054	 0.094	

10453057	 17	 79706953	 Cyp1b1	 13078	 12.29.W14	 0.124	 0.044	 0.105	

10540118	 6	 91516035	 Lsm3	 67678	 6.81.W20	 0.265	 0.022	 0.080	

10547386	 6	 119353150	 Adipor2	 68465	 6.81.W20	 0.161	 0.054	 0.109	

10536505	 6	 17463957	 Met	 NA	 7.43.W20	 0.925	 0.414	 0.094	

10499552	 3	 89333393	 Efna4	 13639	 X.45.5.W20	 0.297	 0.071	 0.119	

	Supplementary	Table	5-2:	eQTL	candidate	genes	and	their	relationship	to	tumor	

phenotypes.		
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Supplementary	table	5-3:	GO	term	enrichment	by	gene	and	tissue.	

Symbol	 Tissue	 GO	term	
Term	
description	

Total	
genes	in	
term	

Total	correlated	
genes	in	term	

Enrichmen
t	p	value	

S100a14	 Tail	skin	 GO:0006412	 translation	 392	 22	 3.60E-14	

S100a14	 Tail	skin	 GO:0042254	
ribosome	
biogenesis	 170	 12	 3.10E-09	

S100a14	 Tail	skin	 GO:0006364	
rRNA	
processing	 122	 10	 1.70E-08	

S100a14	 Tail	skin	 GO:0016072	
rRNA	metabolic	
process	 125	 10	 2.10E-08	

S100a14	 Tail	skin	 GO:0022613	

ribonucleoprot
ein	complex	
biogenesis	 254	 13	 3.20E-08	

S100a14	 Tail	skin	 GO:0042274	

ribosomal	small	
subunit	
biogenesis	 45	 6	 7.90E-07	

S100a14	 Tail	skin	 GO:0009161	

ribonucleoside	
monophosphat
e	metabolic	p...	 89	 7	 3.50E-06	

S100a14	 Tail	skin	 GO:0034470	
ncRNA	
processing	 220	 10	 4.10E-06	

S100a14	 Tail	skin	 GO:0006414	
translational	
elongation	 36	 5	 5.60E-06	

S100a14	 Tail	skin	 GO:0009123	

nucleoside	
monophosphat
e	metabolic	
proce...	 98	 7	 6.70E-06	

S100a14	 SCCs	 GO:0043588	
skin	
development	 217	 60	 3.10E-30	

S100a14	 SCCs	 GO:0008544	
epidermis	
development	 242	 60	 2.00E-27	

S100a14	 SCCs	 GO:0030216	
keratinocyte	
differentiation	 97	 37	 1.40E-24	

S100a14	 SCCs	 GO:0009913	
epidermal	cell	
differentiation	 146	 44	 4.00E-24	

S100a14	 SCCs	 GO:0031424	 keratinization	 33	 21	 1.80E-20	

S100a14	 SCCs	 GO:0030855	
epithelial	cell	
differentiation	 451	 67	 2.10E-17	

S100a14	 SCCs	 GO:0060429	
epithelium	
development	 886	 99	 2.10E-16	

S100a14	 SCCs	 GO:0009888	
tissue	
development	 1457	 130	 1.60E-13	

S100a14	 SCCs	 GO:0033561	

regulation	of	
water	loss	via	
skin	 20	 12	 8.80E-12	
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S100a14	 SCCs	 GO:0050891	

multicellular	
organismal	
water	
homeostas...	 30	 14	 1.50E-11	

S100a14	
Spindle	
carcinomas	 GO:0043588	

skin	
development	 217	 75	 1.10E-29	

S100a14	
Spindle	
carcinomas	 GO:0030216	

keratinocyte	
differentiation	 97	 48	 1.20E-27	

S100a14	
Spindle	
carcinomas	 GO:0008544	

epidermis	
development	 242	 73	 9.80E-25	

S100a14	
Spindle	
carcinomas	 GO:0009913	

epidermal	cell	
differentiation	 146	 55	 3.70E-24	

S100a14	
Spindle	
carcinomas	 GO:0031424	 keratinization	 33	 26	 3.80E-23	

S100a14	
Spindle	
carcinomas	 GO:0030855	

epithelial	cell	
differentiation	 451	 93	 2.60E-18	

S100a14	
Spindle	
carcinomas	 GO:0060429	

epithelium	
development	 886	 137	 4.60E-15	

S100a14	
Spindle	
carcinomas	 GO:0050891	

multicellular	
organismal	
water	
homeostas...	 30	 19	 2.20E-14	

S100a14	
Spindle	
carcinomas	 GO:0030104	

water	
homeostasis	 36	 20	 1.50E-13	

S100a14	
Spindle	
carcinomas	 GO:0098609	

cell-cell	
adhesion	 92	 32	 1.80E-13	

S100a16	 SCCs	 GO:0043588	
skin	
development	 217	 54	 <	1e-30	

S100a16	 SCCs	 GO:0008544	
epidermis	
development	 242	 53	 1.20E-27	

S100a16	 SCCs	 GO:0009913	
epidermal	cell	
differentiation	 146	 41	 4.30E-26	

S100a16	 SCCs	 GO:0030216	
keratinocyte	
differentiation	 97	 34	 2.10E-25	

S100a16	 SCCs	 GO:0031424	 keratinization	 33	 21	 4.10E-23	

S100a16	 SCCs	 GO:0030855	
epithelial	cell	
differentiation	 451	 58	 4.50E-18	

S100a16	 SCCs	 GO:0060429	
epithelium	
development	 886	 78	 2.40E-14	

S100a16	 SCCs	 GO:0033561	

regulation	of	
water	loss	via	
skin	 20	 12	 2.80E-13	

S100a16	 SCCs	 GO:0050891	

multicellular	
organismal	
water	
homeostas...	 30	 14	 2.90E-13	

S100a16	 SCCs	 GO:0061436	
establishment	
of	skin	barrier	 17	 11	 8.70E-13	
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S100a16	
Spindle	
carcinomas	 GO:0016337	

single	
organismal	cell-
cell	adhesion	 567	 7	 1.50E-05	

S100a16	
Spindle	
carcinomas	 GO:0098602	

single	organism	
cell	adhesion	 612	 7	 2.40E-05	

S100a16	
Spindle	
carcinomas	 GO:0045216	

cell-cell	
junction	
organization	 146	 4	 6.50E-05	

S100a16	
Spindle	
carcinomas	 GO:0034330	

cell	junction	
organization	 160	 4	 9.30E-05	

S100a16	
Spindle	
carcinomas	 GO:0097186	 amelogenesis	 13	 2	 0.00017	

S100a16	
Spindle	
carcinomas	 GO:0098609	

cell-cell	
adhesion	 92	 3	 0.00036	

S100a16	
Spindle	
carcinomas	 GO:0033561	

regulation	of	
water	loss	via	
skin	 20	 2	 0.00042	

S100a16	
Spindle	
carcinomas	 GO:0042303	 molting	cycle	 107	 3	 0.00056	

S100a16	
Spindle	
carcinomas	 GO:0042633	 hair	cycle	 107	 3	 0.00056	

S100a16	
Spindle	
carcinomas	 GO:0007155	 cell	adhesion	 1038	 7	 0.00066	

S100a4	 Tail	skin	 GO:0001944	
vasculature	
development	 441	 54	 4.40E-24	

S100a4	 Tail	skin	 GO:0001568	
blood	vessel	
development	 419	 52	 1.80E-23	

S100a4	 Tail	skin	 GO:0007155	 cell	adhesion	 798	 70	 1.40E-22	

S100a4	 Tail	skin	 GO:0022610	
biological	
adhesion	 803	 70	 2.00E-22	

S100a4	 Tail	skin	 GO:0016477	 cell	migration	 752	 67	 6.10E-22	

S100a4	 Tail	skin	 GO:0051270	

regulation	of	
cellular	
component	
movemen...	 512	 55	 9.50E-22	

S100a4	 Tail	skin	 GO:0030334	
regulation	of	
cell	migration	 445	 51	 2.00E-21	

S100a4	 Tail	skin	 GO:2000145	
regulation	of	
cell	motility	 467	 52	 2.80E-21	

S100a4	 Tail	skin	 GO:0040012	
regulation	of	
locomotion	 505	 54	 2.90E-21	

S100a4	 Tail	skin	 GO:0048870	 cell	motility	 787	 67	 7.50E-21	

S100a4	
Spindle	
carcinomas	 GO:0060429	

epithelium	
development	 886	 118	 1.10E-12	

S100a4	
Spindle	
carcinomas	 GO:0000902	

cell	
morphogenesis	 902	 117	 8.30E-12	

S100a4	 Spindle	 GO:0009888	 tissue	 1457	 163	 9.90E-11	
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carcinomas	 development	

S100a4	
Spindle	
carcinomas	 GO:0032502	

developmental	
process	 4297	 386	 1.30E-10	

S100a4	
Spindle	
carcinomas	 GO:0007010	

cytoskeleton	
organization	 883	 111	 2.10E-10	

S100a4	
Spindle	
carcinomas	 GO:0032989	

cellular	
component	
morphogenesis	 974	 119	 2.60E-10	

S100a4	
Spindle	
carcinomas	 GO:0044767	

single-organism	
developmental	
process	 4266	 382	 2.80E-10	

S100a4	
Spindle	
carcinomas	 GO:0008544	

epidermis	
development	 242	 45	 6.80E-10	

S100a4	
Spindle	
carcinomas	 GO:0043588	

skin	
development	 217	 42	 7.10E-10	

S100a4	
Spindle	
carcinomas	 GO:0048869	

cellular	
developmental	
process	 3071	 288	 1.50E-09	

S100a8	 Tail	skin	 GO:0031424	 keratinization	 29	 7	 1.00E-11	

S100a8	 Tail	skin	 GO:0030216	
keratinocyte	
differentiation	 85	 7	 2.80E-08	

S100a8	 Tail	skin	 GO:0009913	
epidermal	cell	
differentiation	 124	 7	 3.80E-07	

S100a8	 Tail	skin	 GO:0006090	

pyruvate	
metabolic	
process	 52	 5	 1.40E-06	

S100a8	 Tail	skin	 GO:0043588	
skin	
development	 190	 7	 6.60E-06	

S100a8	 Tail	skin	 GO:0045087	
innate	immune	
response	 274	 8	 7.60E-06	

S100a8	 Tail	skin	 GO:0006096	
glycolytic	
process	 37	 4	 1.10E-05	

S100a8	 Tail	skin	 GO:0008544	
epidermis	
development	 207	 7	 1.20E-05	

S100a8	 Tail	skin	 GO:0005996	

monosaccharid
e	metabolic	
process	 160	 6	 2.90E-05	

S100a8	 Tail	skin	 GO:0052547	

regulation	of	
peptidase	
activity	 239	 7	 2.90E-05	

S100a8	 SCCs	 GO:0031424	 keratinization	 33	 9	 8.40E-13	

S100a8	 SCCs	 GO:0043588	
skin	
development	 217	 15	 2.30E-11	

S100a8	 SCCs	 GO:0033561	

regulation	of	
water	loss	via	
skin	 20	 6	 3.30E-09	

S100a8	 SCCs	 GO:0030216	 keratinocyte	 97	 9	 2.20E-08	
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differentiation	

S100a8	 SCCs	 GO:0050891	

multicellular	
organismal	
water	
homeostas...	 30	 6	 4.80E-08	

S100a8	 SCCs	 GO:0009913	
epidermal	cell	
differentiation	 146	 10	 6.40E-08	

S100a8	 SCCs	 GO:0061436	
establishment	
of	skin	barrier	 17	 5	 8.20E-08	

S100a8	 SCCs	 GO:0030104	
water	
homeostasis	 36	 6	 1.50E-07	

S100a8	 SCCs	 GO:0008544	
epidermis	
development	 242	 11	 8.80E-07	

S100a8	 SCCs	 GO:0046513	

ceramide	
biosynthetic	
process	 31	 4	 5.80E-05	

S100a8	
Spindle	
carcinomas	 GO:0031424	 keratinization	 33	 14	 1.60E-20	

S100a8	
Spindle	
carcinomas	 GO:0030216	

keratinocyte	
differentiation	 97	 16	 6.80E-16	

S100a8	
Spindle	
carcinomas	 GO:0009913	

epidermal	cell	
differentiation	 146	 18	 2.00E-15	

S100a8	
Spindle	
carcinomas	 GO:0097530	

granulocyte	
migration	 76	 14	 9.50E-15	

S100a8	
Spindle	
carcinomas	 GO:0008544	

epidermis	
development	 242	 21	 1.00E-14	

S100a8	
Spindle	
carcinomas	 GO:0043588	

skin	
development	 217	 20	 1.50E-14	

S100a8	
Spindle	
carcinomas	 GO:1990266	

neutrophil	
migration	 63	 13	 1.90E-14	

S100a8	
Spindle	
carcinomas	 GO:0006955	

immune	
response	 786	 34	 3.90E-14	

S100a8	
Spindle	
carcinomas	 GO:0071621	

granulocyte	
chemotaxis	 70	 13	 7.90E-14	

S100a8	
Spindle	
carcinomas	 GO:0030595	

leukocyte	
chemotaxis	 132	 16	 1.00E-13	

S100a9	 Tail	skin	 GO:0031424	 keratinization	 29	 6	 7.00E-11	

S100a9	 Tail	skin	 GO:0030216	
keratinocyte	
differentiation	 85	 6	 5.90E-08	

S100a9	 Tail	skin	 GO:0009913	
epidermal	cell	
differentiation	 124	 6	 5.60E-07	

S100a9	 Tail	skin	 GO:0045087	
innate	immune	
response	 274	 7	 4.20E-06	

S100a9	 Tail	skin	 GO:0043588	
skin	
development	 190	 6	 6.80E-06	

S100a9	 Tail	skin	 GO:0008544	
epidermis	
development	 207	 6	 1.10E-05	
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S100a9	 Tail	skin	 GO:0006952	
defense	
response	 590	 8	 7.90E-05	

S100a9	 Tail	skin	 GO:1990266	
neutrophil	
migration	 45	 3	 0.00019	

S100a9	 Tail	skin	 GO:0030855	
epithelial	cell	
differentiation	 369	 6	 0.00028	

S100a9	 Tail	skin	 GO:0006090	

pyruvate	
metabolic	
process	 52	 3	 0.0003	

S100a9	 SCCs	 GO:0031424	 keratinization	 33	 8	 2.10E-11	

S100a9	 SCCs	 GO:0043588	
skin	
development	 217	 14	 6.80E-11	

S100a9	 SCCs	 GO:0033561	

regulation	of	
water	loss	via	
skin	 20	 6	 1.80E-09	

S100a9	 SCCs	 GO:0050891	

multicellular	
organismal	
water	
homeostas...	 30	 6	 2.60E-08	

S100a9	 SCCs	 GO:0061436	
establishment	
of	skin	barrier	 17	 5	 4.90E-08	

S100a9	 SCCs	 GO:0030104	
water	
homeostasis	 36	 6	 8.40E-08	

S100a9	 SCCs	 GO:0030216	
keratinocyte	
differentiation	 97	 8	 1.60E-07	

S100a9	 SCCs	 GO:0009913	
epidermal	cell	
differentiation	 146	 9	 3.10E-07	

S100a9	 SCCs	 GO:0008544	
epidermis	
development	 242	 10	 2.60E-06	

S100a9	 SCCs	 GO:0046513	

ceramide	
biosynthetic	
process	 31	 4	 3.90E-05	

S100a9	
Spindle	
carcinomas	 GO:0031424	 keratinization	 33	 14	 1.50E-18	

S100a9	
Spindle	
carcinomas	 GO:0030216	

keratinocyte	
differentiation	 97	 16	 1.10E-13	

S100a9	
Spindle	
carcinomas	 GO:0009913	

epidermal	cell	
differentiation	 146	 18	 5.30E-13	

S100a9	
Spindle	
carcinomas	 GO:0008544	

epidermis	
development	 242	 22	 6.90E-13	

S100a9	
Spindle	
carcinomas	 GO:0043588	

skin	
development	 217	 21	 7.00E-13	

S100a9	
Spindle	
carcinomas	 GO:0097530	

granulocyte	
migration	 76	 14	 7.90E-13	

S100a9	
Spindle	
carcinomas	 GO:1990266	

neutrophil	
migration	 63	 13	 1.10E-12	

S100a9	
Spindle	
carcinomas	 GO:0030595	

leukocyte	
chemotaxis	 132	 17	 1.20E-12	
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S100a9	
Spindle	
carcinomas	 GO:0071621	

granulocyte	
chemotaxis	 70	 13	 4.80E-12	

S100a9	
Spindle	
carcinomas	 GO:0006954	

inflammatory	
response	 430	 27	 1.00E-11	

	

Supplementary	Table	5-3:	GO	term	enrichment	by	gene	and	tissue.	
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Supplementary	Table	5-4:	Marker	locations	and	genotypes.	

Marker	name	 rs	ID	 Chromosome	 Position	 Ref/Alt	
chr01_15703653	 rs256464913	 1	 15713863	 C/T	
E01.033.082_10	 rs13475812	 1	 36295703	 A/G	
E01.042.090_10	 rs13475843	 1	 44773724	 G/C	
E01.060.215_10	 rs13475891	 1	 62704182	 C/G	
E01.073.342_10	 rs6237227	 1	 75848405	 A/C	
E01.086.274_10	 rs13475964	 1	 86305558	 G/A	
E01.083.652_10	 rs13475960	 1	 89210239	 T/C	
E01.094.380_10	 rs13475991	 1	 94523242	 G/C	
chr01_108609950	 rs252310523	 1	 106713751	 C/A	
M__23682546_10	 rs13476077	 1	 118975178	 T/C	
M__25101649_10	 rs13464873	 1	 128258983	 C/T	
E01.135.010_10	 rs4222666	 1	 135382602	 T/C	
M__23218370_10	 rs13476137	 1	 139231587	 C/T	
E01.144.066_10	 rs13476154	 1	 144509503	 C/A	
M__23142814_10	 rs13476172	 1	 149080407	 A/G	
E01.160.825_10	 rs6249988	 1	 161377008	 C/T	
E01.169.742_10	 rs13476231	 1	 170308965	 A/G	
M__23590277_10	 rs13476295	 1	 188911479	 T/C	
M__23713432_10	 rs13480472	 10	 5262792	 T/C	
E10.009.586_10	 rs6192001	 10	 12683020	 T/C	
E10.011.598_10	 rs6247512	 10	 14695654	 A/G	
E10.014.138_10	 rs13480515	 10	 17261714	 A/G	
E10.023.222_10	 rs13480550	 10	 25280358	 C/T	
chr10_44158108	 rs255671383	 10	 44438587	 T/C	
chr10_59833629	 rs262818024	 10	 60371100	 C/T	
M__24235311_10	 rs13480635	 10	 68926899	 A/G	
M__23601144_10	 rs6249559	 10	 82366202	 T/C	
M__23564156_10	 rs13480667	 10	 91093712	 G/A	
E10.102.359_10	 rs13480737	 10	 103418322	 T/C	
E10.106.427_10	 rs13480754	 10	 107484128	 G/A	
chr10_120360875	 rs258319327	 10	 120924182	 A/G	
M__25359177_10	 rs13480836	 11	 3554197	 C/T	
M__24787139_10	 rs13480869	 11	 11003786	 A/T	
E11.022.164_10	 rs13480911	 11	 23028398	 A/T	
E11.028.442_10	 rs13480932	 11	 29075003	 T/C	
E11.036.485_10	 rs13480964	 11	 35703175	 C/T	
M__24565929_10	 rs13481006	 11	 45477053	 C/A	
E11.052.938_10	 rs6372122	 11	 51375044	 C/T	
E11.070.437_10	 rs13481075	 11	 66502713	 C/T	
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E11.089.228_10	 rs6259742	 11	 82607936	 A/G	
E11.092.075_10	 rs6365608	 11	 85450858	 C/G	
E11.095.195_10	 rs13481146	 11	 88582775	 G/A	
E11.101.632_10	 rs13481168	 11	 95021420	 A/C	
E11.108.667_10	 rs13481189	 11	 99438027	 C/T	
E11.117.260_10	 rs13481220	 11	 108519915	 A/G	
E12.005.190_10	 rs13481288	 12	 7787139	 A/G	
E12.023.118_10	 rs13481350	 12	 24656745	 C/T	
E12.029.924_10	 rs6390855	 12	 31474526	 G/T	
M__25032666_10	 rs13481405	 12	 39830987	 T/A	
E12.053.286_10	 rs13481464	 12	 54991738	 T/C	
E12.061.769_10	 rs13481497	 12	 63622674	 A/T	
E12.070.033_10	 rs6335879	 12	 71919623	 C/A	
E12.073.179_10	 rs13481534	 12	 75087805	 T/C	
E12.080.625_10	 rs13481561	 12	 82166529	 T/C	
E12.090.698_10	 rs13481590	 12	 92405576	 A/C	
E12.092.013_10	 rs13481594	 12	 93747506	 T/G	
E12.099.141_10	 rs13481613	 12	 100912888	 G/A	
E12.105.658_10	 rs6244378	 12	 107418272	 T/C	
E12.112.981_10	 rs13481661	 12	 114514736	 A/T	
E13.001.439_10	 rs13481668	 13	 4469531	 A/T	
E13.014.119_10	 rs13481709	 13	 16838256	 G/A	
M__23102890_10	 rs13481719	 13	 20372105	 C/T	
E13.037.637_10	 rs13481772	 13	 39503518	 A/C	
M__24522950_10	 rs13481795	 13	 45885627	 A/G	
E13.053.052_10	 rs13481818	 13	 54990929	 G/A	
E13.056.787_10	 rs13481831	 13	 58724536	 T/C	
E13.059.283_10	 rs6410679	 13	 61237092	 T/C	
M__24597765_10	 rs13481900	 13	 79281611	 A/C	
chr13_93863513	 rs29531945	 13	 93093829	 G/A	
E13.113.426_10	 rs13482017	 13	 112120751	 A/G	
E13.117.646_10	 rs13482028	 13	 116250111	 T/G	
M__25062502_10	 rs6291247	 14	 12935982	 A/G	
E14.019.954_10	 rs13482106	 14	 26711903	 A/T	
E14.023.871_10	 rs13482120	 14	 30613538	 A/G	
E14.041.725_10	 rs13482170	 14	 48527625	 T/C	
E14.048.799_10	 rs3140159	 14	 54000635	 A/G	
E14.051.169_10	 rs13482195	 14	 56370859	 C/T	
E14.062.567_10	 rs13482234	 14	 67809100	 G/T	
E14.067.774_10	 rs6383758	 14	 73253668	 C/T	
E14.074.182_10	 rs6352085	 14	 79681538	 A/C	
E14.093.815_10	 rs4230515	 14	 98141916	 T/A	
E14.094.324_10	 rs13482332	 14	 98666142	 A/G	
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E14.107.151_10	 rs13482374	 14	 111546079	 C/T	
E14.111.590_10	 rs13482386	 14	 116010869	 A/T	
E14.116.830_10	 rs4230609	 14	 121283226	 A/G	
M__24940147_10	 rs4230609	 14	 121283226	 A/G	
M__22292278_10	 rs13459176	 15	 3279130	 C/A	
E15.013.193_10	 rs13482450	 15	 15412385	 G/A	
E15.024.918_10	 rs13482492	 15	 27170196	 A/G	
M__23386929_10	 rs13482519	 15	 35643093	 C/T	
E15.042.560_10	 rs13482546	 15	 45109081	 C/T	
E15.045.423_10	 rs6256981	 15	 47991663	 A/G	
E15.048.946_10	 rs13482573	 15	 50363076	 A/G	
E15.057.403_10	 rs3698351	 15	 58874046	 G/A	
E15.066.402_10	 rs13482628	 15	 67877140	 A/C	
E15.069.357_10	 rs13482638	 15	 70826309	 A/C	
E15.073.732_10	 rs6279173	 15	 75228289	 T/C	
E15.084.551_10	 rs6177501	 15	 85421552	 T/C	
E15.087.204_10	 rs13482693	 15	 88077713	 C/T	
E15.101.379_10	 rs13482747	 15	 102221993	 A/G	
M__25044261_10	 rs4153199	 16	 5651646	 G/A	
E16.018.064_10	 rs4165124	 16	 20500205	 C/T	
E16.033.089_10	 rs4172880	 16	 35620310	 T/C	
E16.041.844_10	 rs4179904	 16	 44484948	 T/A	
chr16_57626414	 rs251470849	 16	 57626590	 T/C	
E16.067.649_10	 rs13482811	 16	 70396690	 C/T	
E16.084.417_10	 rs4213976	 16	 87220267	 G/C	
M__24740668_10	 rs4220927	 16	 95005294	 G/A	
M__25415857_10	 rs13482841	 17	 3421581	 G/A	
chr17_12254988	 rs219803301	 17	 12062323	 C/T	
E17.022.410_10	 rs13482924	 17	 24883292	 T/A/C/G	
M__24369878_10	 rs13482944	 17	 30445981	 C/A	
M__23737251_10	 rs6227749	 17	 45090109	 T/G	
E17.068.056_10	 rs13483078	 17	 66762190	 T/C	
M__24424636_10	 rs13483108	 17	 75512026	 G/A	
E17.094.794_10	 rs13483173	 17	 93391479	 C/T	
chr18_14003000	 rs31087316	 18	 13844691	 A/G	
M__68709453_10	 rs4231753	 18	 21129066	 G/T	
chr18_37099173	 rs13489478	 18	 36939761	 T/C	
E18.053.479_10	 rs6297388	 18	 55182817	 T/C	
E18.056.581_10	 rs13483381	 18	 58263501	 T/C	
E18.060.777_10	 rs13459192	 18	 62505503	 G/T	
E18.069.733_10	 rs6161154	 18	 71450022	 T/C	
E18.076.137_10	 rs13483450	 18	 77995579	 C/T	
E18.077.468_10	 rs13483455	 18	 79326646	 C/T	
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E18.087.579_10	 rs13483493	 18	 88851364	 G/C	
E18.088.824_10	 rs13483497	 18	 90103943	 T/G	
E19.005.316_10	 rs13483520	 19	 8557436	 A/G	
E19.014.081_10	 rs13483543	 19	 16422697	 T/C	
E19.023.477_10	 rs6361137	 19	 25682458	 A/G	
M__24609605_10	 rs13483607	 19	 36176571	 A/G	
chr19_46730121	 rs47381988	 19	 46655964	 G/A	
E19.055.858_10	 rs13483687	 19	 56670026	 C/G	
E02.005.251_10	 rs13476339	 2	 8319748	 G/A	
M__23177045_10	 rs13476344	 2	 9392640	 A/C	
E02.015.712_10	 rs6351643	 2	 18819881	 T/C	
E02.019.239_10	 rs13476378	 2	 22396323	 T/C	
E02.033.832_10	 rs13476434	 2	 37147118	 G/A	
E02.044.790_10	 rs13476473	 2	 46071117	 C/T	
E02.056.057_10	 rs6247544	 2	 57315196	 G/A	
E02.066.918_10	 rs6381994	 2	 68249738	 T/C	
E02.078.067_10	 rs13476593	 2	 79407917	 T/C	
E02.085.273_10	 rs13476618	 2	 86677104	 G/T	
E02.092.755_10	 rs13459164	 2	 94358833	 T/C	
E02.098.031_10	 rs13476661	 2	 99667401	 C/T	
E02.104.443_10	 rs13476685	 2	 106224485	 G/A	
E02.112.734_10	 rs13476711	 2	 114613803	 C/T	
E02.122.101_10	 rs13476751	 2	 123841733	 C/G	
E02.125.375_10	 rs13476760	 2	 127141541	 T/C	
M__22657303_10	 rs13459166	 2	 130541379	 C/T	
E02.137.900_10	 rs13476805	 2	 139724060	 T/C	
E02.145.078_10	 rs6385687	 2	 146829971	 A/G	
E02.157.973_10	 rs13476855	 2	 155045658	 G/A	
M__23585932_10	 rs6317841	 2	 163630158	 T/A	
E03.006.520_10	 rs6253625	 3	 9497352	 G/C	
E03.019.137_10	 rs13477015	 3	 22125637	 C/T	
E03.026.032_10	 rs13477034	 3	 29105811	 T/G	
E03.029.374_10	 rs6351323	 3	 32464232	 A/T	
M__23070531_10	 rs13477075	 3	 41270772	 T/C	
M__24862029_10	 rs13477108	 3	 51668682	 G/A	
E03.066.854_10	 rs13477178	 3	 69744854	 T/G	
E03.081.606_10	 rs13477236	 3	 84595297	 T/C	
E03.094.477_10	 rs13477273	 3	 96042902	 T/C	
E03.100.082_10	 rs6359030	 3	 100873750	 T/C	
E03.108.765_10	 rs13477322	 3	 109429337	 T/C	
E03.119.365_10	 rs4224168	 3	 115941719	 C/T	
E03.127.496_10	 rs13477382	 3	 124095410	 T/C	
E03.147.739_10	 rs13477465	 3	 144302094	 G/T	
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E03.158.424_10	 rs13477507	 3	 154968691	 T/A	
M__23493849_10	 rs4232434	 4	 3549387	 T/A	
E04.011.352_10	 rs13477572	 4	 14552457	 A/T	
E04.018.034_10	 rs13477597	 4	 21291130	 A/T	
chr04_33106034	 rs234982287	 4	 33019332	 T/C	
E04.040.685_10	 rs6321462	 4	 43650849	 G/A	
E04.043.559_10	 rs13477682	 4	 46540499	 T/C	
chr04_57722970	 rs260034234	 4	 57710351	 C/T	
M__25096180_10	 rs13477757	 4	 68491390	 G/A	
E04.080.606_10	 rs13477815	 4	 85092716	 T/C	
M__23957748_10	 rs6206306	 4	 90508764	 T/C	
E04.106.454_10	 rs13477910	 4	 111115226	 C/T	
M__24727090_10	 rs13477914	 4	 111883765	 A/G	
E04.121.681_10	 rs6399039	 4	 126344245	 C/T	
chr04_147199277	 rs250303159	 4	 147825399	 C/T	
E04.156.084_10	 rs13478089	 4	 154430058	 C/T	
E05.002.624_10	 rs13478097	 5	 5682750	 A/G	
M__23414341_10	 rs6164526	 5	 10166158	 T/C	
E05.023.497_10	 rs13478160	 5	 28974754	 A/G	
E05.032.425_10	 rs13478193	 5	 37970054	 C/T	
E05.044.682_10	 rs13478246	 5	 50298687	 C/T	
E05.047.657_10	 rs6263715	 5	 53276081	 A/G	
M__24207272_10	 rs13478269	 5	 57715851	 G/T	
M__66406742_10	 rs4225266	 5	 70973569	 C/G	
chr05_87264820	 rs46529149	 5	 86835998	 G/A/T	
E05.092.044_10	 rs6370004	 5	 97701400	 A/T	
E05.103.695_10	 rs13478456	 5	 109578382	 C/G	
E05.107.059_10	 rs13478467	 5	 112937720	 C/T	
M__24905277_10	 rs13478476	 5	 115591013	 C/A	
E05.126.262_10	 rs13478536	 5	 132255439	 C/T	
E05.138.555_10	 rs13478576	 5	 144556325	 T/C	
M__25005173_10	 rs13478578	 5	 145218528	 T/C	
E06.001.969_10	 rs13478606	 6	 4826907	 T/G	
E06.007.946_10	 rs13478629	 6	 10855959	 A/G	
chr06_15390105	 rs48342767	 6	 15440358	 A/G	
M__22321956_10	 rs13478666	 6	 24968116	 C/T	
E06.032.288_10	 rs13478708	 6	 35287305	 C/A	
E06.046.553_10	 rs13478745	 6	 49042802	 G/A	
E06.049.290_10	 rs13478754	 6	 51770317	 C/T	
M__24552654_10	 rs6154559	 6	 61994897	 A/G	
E06.070.148_10	 rs13478813	 6	 71068177	 T/A	
M__23918399_10	 rs13478850	 6	 79994509	 G/A	
E06.092.041_10	 rs13478896	 6	 93149600	 A/C	



	 185	

E06.104.373_10	 rs6229884	 6	 105539688	 G/C	
E06.107.150_10	 rs13478959	 6	 108352061	 C/T	
chr06_116356725	 rs31535857	 6	 116406921	 C/T	
E06.126.705_10	 rs13479025	 6	 128034304	 T/C	
E06.131.131_10	 rs13479044	 6	 131687333	 G/A	
M__24093360_10	 rs13479086	 6	 145295816	 A/G	
E06.147.529_10	 rs13479091	 6	 147487801	 C/T	
E07.002.028_10	 rs13479108	 7	 5281375	 A/T	
chr07_17395510	 rs31765889	 7	 16810383	 C/G	
E07.021.899_10	 rs13479175	 7	 30302233	 T/C	
E07.035.029_10	 rs13479213	 7	 41626821	 T/C	
E07.038.582_10	 rs6302216	 7	 46108443	 A/G	
E07.045.932_10	 rs13479248	 7	 51553147	 T/C	
E07.060.106_10	 rs13479303	 7	 65692927	 C/G	
chr07_73316126	 rs223943316	 7	 66171485	 A/C	
E07.063.441_10	 rs6296859	 7	 68981491	 T/C	
E07.079.411_10	 rs13479379	 7	 85006658	 C/T	
E07.086.483_10	 rs13479402	 7	 92180900	 G/A	
E07.097.360_10	 rs13479427	 7	 100028749	 C/T	
E07.101.309_10	 rs13479440	 7	 103929235	 T/C	
E07.107.183_10	 rs13479456	 7	 110209414	 A/G	
E07.111.848_10	 rs6175007	 7	 114894169	 T/C	
E07.116.345_10	 rs6271956	 7	 119409967	 T/A	
E07.122.442_10	 rs13479510	 7	 125583073	 T/C	
E07.133.429_10	 rs6159179	 7	 136608408	 T/C	
E07.136.725_10	 rs13479562	 7	 139921231	 G/A	
M__67245998_10	 rs4222010	 7	 141603404	 A/G	
M__22848595_10	 rs6267182	 8	 3738912	 T/G	
chr08_14846711	 rs260432527	 8	 14846939	 C/T	
E08.020.455_10	 rs13479643	 8	 21959250	 A/C	
E08.023.645_10	 rs13479654	 8	 25178115	 G/A	
E08.038.758_10	 rs13479714	 8	 39046583	 C/T	
M__24775630_10	 rs13479731	 8	 43130285	 G/A	
M__24839917_10	 rs13479780	 8	 57714986	 A/G	
E08.088.925_10	 rs13479884	 8	 87659346	 G/T	
E08.091.178_10	 rs13479910	 8	 89866132	 T/G	
M__24306545_10	 rs6377892	 8	 97818021	 T/C	
E08.109.032_10	 rs13479973	 8	 107800186	 T/A	
E08.112.069_10	 rs13479985	 8	 110845351	 G/A	
M__22820156_10	 rs13480011	 8	 117545016	 A/G	
E08.129.275_10	 rs13480043	 8	 127953691	 G/A	
chr09_13511874	 rs222189817	 9	 13707654	 A/T	
chr09_25289891	 rs260712209	 9	 25482828	 C/T	
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M__23972403_10	 rs13480112	 9	 26606347	 C/T	
E09.034.366_10	 rs13480151	 9	 40127150	 G/A	
M__24029703_10	 rs13480159	 9	 41951706	 C/G	
E09.052.894_10	 rs13480221	 9	 58661090	 A/G	
E09.063.351_10	 rs13480259	 9	 69128945	 G/A	
M__25303552_10	 rs13480264	 9	 70490493	 G/A	
E09.080.375_10	 rs13480318	 9	 86307594	 T/C	
E09.094.015_10	 rs6161057	 9	 97461446	 A/G	
E09.099.776_10	 rs13459113	 9	 103225069	 T/C	
E09.102.375_10	 rs13480398	 9	 105774382	 T/C	
M__23789104_10	 rs13480418	 9	 111059804	 C/T	
E09.116.239_10	 rs13480447	 9	 118768963	 A/C	
chrX_11917395	 rs229866171	 X	 12340568	 T/C	
chrX_33905940	 rs225765027	 X	 36366201	 G/T	
chrX_45316808	 rs240473570	 X	 47963951	 T/C	
chrX_57478131	 rs29056676	 X	 60225372	 C/T	
chrX_75697765	 rs265076697	 X	 78452723	 G/A	
chrX_91882102	 rs221089790	 X	 94637009	 A/G	
chrX_104488370	 rs228336836	 X	 107293429	 C/T	
chrX_117513491	 rs225772732	 X	 120400346	 T/C	
chrX_135541727	 rs222539409	 X	 139007421	 C/T	
chrX_147080444	 rs238724243	 X	 150646230	 C/T	
	Supplementary	Table	5-4:	Marker	locations	and	genotypes.		
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Methods	
Mouse	breeding	and	husbandry	

Male	Mus	 spretus	 (SPRET/EiJ)	 and	 female	Mus	 musculus	 (FVB/N)	 mice	 obtained	

from	 the	 Jackson	Laboratory	were	 crossed	 to	generate	F1	hybrids.	Female	F1	mice	were	

then	crossed	to	male	FVB/N	mice	to	generate	backcrossed	mice,	referred	to	as	FVBBX	mice.	

For	mice	undergoing	tumor	induction	tail	tips	were	taken	at	seven	weeks	and	snap	frozen	

in	liquid	nitrogen	for	RNA	and	DNA.	For	mice	not	undergoing	tumor	induction,	tail,	dorsal	

skin,	 and	 other	 tissues	 were	 harvested	 after	 sacrifice	 by	 asphyxiation	 and	 cervical	

dislocation	at	seven	weeks.	The	University	of	California	at	San	Francisco	Laboratory	Animal	

Resource	Center	approved	all	mouse	experiments.	

	

Tumor	induction	

Chemical	 carcinogenesis	 was	 initiated	 using	 the	 two-stage	 DMBA/TPA	 protocol.	

Seven	 week	 old	 mice	 were	 shaved	 and	 treated	 with	 25	 mg	 DMBA	 in	 acetone	 over	 an	

approximately	 two	 inch	 squared	 region	 on	 the	 center	 of	 the	 back.	 For	 the	 following	 20	

weeks,	200	ul	of	10-4	M	TPA	in	acetone	was	applied	twice	per	week	to	the	DMBA-treated	

area.	 Mice	 were	 shaved	 two	 days	 prior	 to	 the	 first	 TPA	 treatment	 for	 that	 week.	 TPA	

treatments	were	continued	for	20	weeks.		

	

Genotyping	

	

Genotypes	 were	 generated	 using	 pretreatment	 tail	 DNA	 genotyped	 at	 across	 a	

custom	panel	of	276	markers	tiling	the	autosomes	and	the	X	chromosome	at	approximately	
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10	 cM	 spacing.	 Genotyping	 reactions	 were	 performed	 using	 the	 WaferGen	 system	

(www.wafergen.com).	Autosomal	genotypes	were	assigned	by	comparing	sample	values	to	

control	 FVB,	 SPRET,	 and	 F1	 samples.	 Marker	 locations	 are	 provided	 in	 supplementary	

Table	4.		

For	the	X	chromosome	genotypes	were	inferred	by	splitting	mice	by	sex,	manually	

identifying	outliers,	and	defining	genotype	groups	by	linear	discriminant	analysis	using	the	

lda	function	from	the	MASS	(7.3.43)	package	in	R44.	

	

Tumor	phenotypes	

Papillomas	 were	 counted	 every	 two	 weeks	 starting	 at	 the	 10th	 week	 of	 TPA	

administration	until	the	20th	week.	This	induction	protocol	also	results	in	the	development	

of	carcinomas	in	a	high	fraction	of	mice.	Mice	were	continually	observed	for	the	emergence	

of	 carcinomas.	 At	 carcinoma	 formation,	 date	 was	 recorded.	 The	 time	 from	 DMBA/TPA	

treatment	 start	 to	 carcinoma	 emergence	 was	 then	 used	 to	 calculate	 carcinoma-free	

survival.		

Carcinoma	 growth	 was	 observed	 until	 carcinoma	 diameter	 exceeded	 one	 cm,	 at	

which	point	survival	surgery	was	performed	if	 it	was	deemed	feasible.	If	survival	surgery	

was	not	feasible,	or	when	the	mouse	body	condition	score	began	to	deteriorate,	the	mouse	

was	sacrificed	by	asphyxiation	followed	by	cervical	dislocation.	At	sacrifice,	dorsal	skin,	all	

tumors,	and	other	tissues	were	harvested.	Tissues	were	immediately	split,	with	one	section	

fixed	 in	4%	paraformaldehyde	and	subsequently	embedded	 in	paraffin	 for	histology,	and	

another	 section	 snap	 frozen	 in	 liquid	 nitrogen	 for	 DNA	 and	 RNA	 extraction.	 Tumor	
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histology	 was	 assessed	 by	 a	 trained	 pathologist	 for	 the	 dominant	 tumor	 pathology	 and	

tumor	grade.	Tumors	were	classified	by	histology	as	squamous,	spindle,	mixed,	or	other.		

	

Gene	expression	analysis	

RNA	was	generated	from	tail	and	dorsal	skin	samples	taken	at	seven	weeks.	Tumors	

were	harvested	either	at	sacrifice	or	when	the	tumor	approached	1	cm	in	maximum	width	

if	 survival	 surgery	 was	 feasible.	 All	 tissue	 for	 RNA	 was	 snap	 frozen	 in	 liquid	 nitrogen,	

ground	by	chilled	mortar	and	pestle,	and	suspended	in	TriZol.	TriZol	RNA	extraction	was	

then	performed,	followed	by	purification	either	with	a	Qiagen	column	kit	(for	tail	samples)	

or	a	Zymogen	column	purification	kit	(for	back	and	carcinoma	samples).	RIN	values	were	

then	calculated	by	Bioanalyzer	and	samples	with	high	quality	(greater	than	six)	were	used	

for	analysis.	

RNA	 samples	 were	 hybridized	 to	 an	 Affymetrix	 mouse	 gene	 ST	 1.1	 array.	 Gene	

expression	 values	 were	 calculated	 in	 R	 using	 the	 oligo	 package	 (1.26.6)45.	 Expression	

values	were	normalized	at	the	transcript	level	via	the	RMA	algorithm	using	a	set	of	custom	

set	 of	 probe	 annotations	 generated	 using	 the	 program	 equalizer46.	 This	 custom	 set	 of	

annotations	 was	 designed	 to	 account	 for	 the	 high	 quantity	 of	 sequence	 dissimilarities	

between	FVB	and	SPRET	animals	by	removing	any	probe	with	a	known	SNP	between	these	

two	strains	from	the	annotation.	Expression	levels	were	then	normalized	across	plates	via	

the	COMBAT	method47.		

	

QTL	scans	and	variance	analysis	
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QTL	 analysis	 was	 performed	 using	 the	 scanone	 function	 from	 the	 R	 package	 qtl	

(version	 1.36.6)48.	 Papilloma	 susceptibility	 was	 modeled	 using	 a	 negative	 binomial	

distribution	using	the	glm.nb	function	in	the	MASS	package	(version	7.3.43)44.	Significance	

was	 evaluated	 by	 comparing	 observed	 values	 to	 those	 obtained	 in	 1000	 random	

permutations	 for	 autosomes,	 and	 27000	 for	 the	 X	 chromosome.	 Genotype	 probabilities	

were	computed	at	0.5	cM	distances.		

QTL	scans	were	performed	for	weeks	10	–	20	and	data	analyzed	genome	wide	for	

weeks	10,	14,	and	20	because	these	represented	the	start	and	end	points	of	the	recorded	

timepoints,	 along	 with	 the	 midpoint	 at	 which	 several	 QTL	 appeared	 to	 achieve	 their	

maximum.	We	 also	 recorded	 the	maximum	value	 at	 all	 timepoints	 for	 each	 chromosome	

that	harbored	a	locus	that	achieved	genome-wide	significance	at	least	one	timepoint.	QTL	

peaks	boundaries	were	defined	by	the	1.5	LOD	drop	method.		

In	order	to	further	refine	the	candidate	QTL,	we	utilized	the	refineqtl	function	from	

the	qtl	package.	This	function	attempts	to	maximize	the	LOD	score	by	shifting	the	location	

of	candidate	loci	in	a	combined	model.		These	results	were	strictly	used	prior	to	modeling	

the	level	of	variance	explained	at	each	timepoint,	and	are	not	reported.		

To	compute	the	level	of	variance	explained	at	each	timepoint	by	significant	QTL	we	

performed	linear	modeling	using	QTL	genotypes	as	predictors	of	square	rooted	papilloma	

burden.	Transforming	papilloma	counts	by	square	rooting	reduces	was	done	to	account	for	

the	high	level	of	positive	skewing	present	in	the	raw	data.	Linear	modeling	was	performed	

using	the	lm	function	in	R.		

	

Identifying	candidate	genes	
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Candidate	genes	associated	with	each	QTL	were	identified	by	two	strategies;	first	by	

finding	 all	 genes	 which	 physically	 reside	 in	 the	 QTL	 peak	 and	 possess	 at	 least	 one	

consequential	 nonsynonymous	 SNP	 between	 FVB	 and	 SPRET	 animals,	 and	 second,	 by	

finding	all	genes	with	an	eQTL	peak	within	the	QTL	region.		

To	 identify	 genes	 with	 a	 SNP	 in	 a	 QTL,	 we	 used	 the	 markers	 closest	 to	 the	 QTL	

boundaries	to	define	the	physical	boundaries	of	the	QTL.	Using	these	regions,	we	identified	

sites	at	which	FVB	and	SPRET	were	non-equivalent	in	the	GRCm38	(REL-1303)	database	of	

SNPs	 and	 indels	 available	 from	 the	 Sanger	 Institute	 (ftp://ftp-mouse.sanger.ac.uk/).	 We	

then	 identified	all	nonsynonymous	variants	 in	 this	dataset	 and	 submitted	 the	variants	 to	

Provean	(http://provean.jcvi.org/index.php)	 for	analysis.	This	software	program	predicts	

the	 effect	 of	 polymorphisms	 on	 protein	 function.	 Using	 the	 results	 from	 Provean,	 we	

identified	 all	 genes	with	 deleterious	 or	 damaging	 polymorphisms.	 Any	 gene	with	 one	 or	

more	 of	 these	 types	 of	 polymorphisms	 was	 considered	 to	 be	 a	 candidate	 by	 sequence	

analysis.	

To	identify	genes	with	significant	cis	or	trans	eQTL	associated	with	the	phenotype-

linked	QTL,	we	performed	differential	expression	analysis	on	pretreatment	tail	RNA	gene	

expression	levels	using	the	limma	package	(version	3.24.14)	in	R49.	We	identified	all	genes	

with	 a	 significant	 (P	 <	 0.05)	 expression	 relationship	 to	 the	 QTL	 peak	 marker	 or	

pseudomarker	closest	to	the	QTL	peak.	For	markers	on	the	X	chromosome	we	treated	male	

and	female	genotypes	as	distinct	(AA/AB	for	females,	and	AY/BY	for	males).	Multiple	test	

correction	 was	 applied	 by	 controlling	 the	 false	 discovery	 rate	 via	 Benjamani	 and	

Hochberg’s	method.		
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Genes	with	eQTL	associated	with	papilloma	QTL	genotype	were	 then	analyzed	 for	

their	 relationship	 to	papilloma	burden.	Gene	expression	 levels	were	correlated	 to	square	

rooted	week	10,	14,	and	20	papilloma	counts	by	Pearson’s	method.	Multiple	test	correction	

was	 applied	 by	 controlling	 the	 false	 discovery	 rate	 through	 Benjamani	 and	 Hochberg’s	

method,	with	 the	alpha	value	equal	 to	0.1.	Genes	with	adjusted	p	values	below	this	were	

considered	to	be	candidates.		

	

Correlating	papilloma	burden	and	S100	gene	expression	levels	

S100	gene	expression	 levels	 in	pretreatment	tail	skin	were	correlated	with	square	

rooted	 papilloma	 burden	 at	 all	 timepoints	 through	 Pearson’s	method.	 P	 values	were	 log	

scaled	and	used	to	generate	the	plot	in	2b.	

	

S100	gene	eQTL	analysis	

	 To	 identify	 S100	 genes	 with	 significant	 eQTL	 overlapping	 the	 chromosome	 3	

papilloma	 QTL,	 we	 performed	 eQTL	 scans	 using	 pretreatment	 tail	 skin	 expression	 RNA	

levels.	This	was	done	using	the	scanone	function	in	the	qtl	package	in	R	(version	1.36.6)48.	

Linkage	was	 computed	 using	 the	 extended	 Haley	 Knott	method.	 Peaks	 were	 considered	

significant	if	they	were	over	a	previously	established	threshold	of	2.8.		

	 	

	

S100	gene	coexpression	network	generation	

	 Gene	 coexpression	 networks	 were	 defined	 by	 identifying	 genes	 with	 expression	

levels	 correlated	 to	 S100	 probes	 with	 Pearson	 correlation	 r	 values	 greater	 than	 the	
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permuted	genome-wide	significance	threshold	in	tail	skin	RNA	of	0.7.	This	group	of	genes	

was	considered	to	be	the	first	neighbors	of	the	seed	probe.	To	articulate	the	coexpression	

network	 further,	we	 then	 identified	 the	genes	correlated	 to	 the	 first	neighbors	above	 the	

significance	threshold	(second	neighbors).	The	set	of	genes	including	the	S100	seed	probe,	

the	first	neighbors,	and	the	second	neighbors	was	considered	the	coexpression	network	for	

the	 seed	gene.	This	process	was	performed	 for	 each	S100	probe	 in	 tail,	 SCC,	 and	 spindle	

carcinoma	RNA.		

	

S100	gene	coexpression	network	enrichment	

	 Gene	 ontology	 (GO)	 enrichment	 analysis	 was	 performed	 for	 each	 tissue/probe	

coexpression	network	in	R	using	the	package	topGO(version	2.20.0)50.	Enrichment	analysis	

was	only	performed	if	the	coexpression	network	contained	at	least	10	genes.	For	networks	

with	significantly	enriched	terms,	the	top	10	most	significant	terms	were	reported.		

	

S100	gene	coexpression	network	enrichment	clustering	

	 Gene	expression	levels	for	genes	in	the	S100a8	tail	RNA	coexpression	network	was	

used	 to	 cluster	 pretreatment	 tail,	 papilloma,	 SCC,	 and	 spindle	 carcinoma	 expression	

profiles.	Clustering	was	performed	on	Euclidian	distance	using	Ward’s	method.		

	

Human	HNSCC	expression	level	analysis	

	 Human	HNSCC	RNAseq	expression	data	was	download	 from	 the	TCGA	data	portal	

(https://tcga-data.nci.nih.gov/tcga/tcgaHome2.jsp).	Data	from	a	total	of	528	samples	were	
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downloaded.	The	 “rsem.genes.normalized_results”	 file	was	used	 for	each	sample.	RNAseq	

expression	levels	in	this	cohort	are	reported	as	RSEM	levels51.		

Some	of	these	samples	were	from	smoking	and	HPV-positive	individuals.	To	ensure	

that	 these	 factors	 did	 not	 influence	 gene	 expression	 levels	 in	 S100A8	 relevant	 genes,	we	

performed	hierarchical	clustering	labeled	by	smoking	status	and	HPV	status.	There	was	no	

effect	of	either	on	the	gene	expression	levels	of	S100A8	related	genes.		

	

S100a8/9	gene	coexpression	network	gene	pair	correlation	conservation	

	 To	assess	 the	conservation	of	 the	 tail	skin	S100a8/9	 correlation	network	 in	 tumor	

tissue,	we	compared	the	correlation	r	values	of	each	gene-gene	pair	in	tail	and	tumor	tissue	

using	 Pearson’s	 method.	 For	 mouse	 tumors,	 we	 selected	 all	 significant	 (r	 >	 0.7)	

correlations,	 and	 calculated	 the	 corresponding	 correlation	 r	 values	 in	 SCC	 and	 spindle	

carcinomas.	We	then	correlated	the	tail	r	and	carcinoma	r	values	for	both	SCC	and	spindle	

carcinomas	using	Pearson’s	method.		

For	human	tumors,	as	the	dataset	was	generated	by	RNAseq	and	was	in	human	data,	

we	first	translated	from	the	probes	to	the	annotated	gene	for	that	probe.	We	then	identified	

the	human	homolog	(if	present)	 to	 the	annotated	gene,	and	computed	the	r	value	 for	 the	

human	 homologs.	 We	 then	 calculated	 the	 correlation	 between	 the	 mouse	 and	 human	 r	

values	using	Pearson’s	method.		

	

S100A8/9	gene	coexpression	network	expression	level	in	human	HNSCC	tumors	

	 To	assess	 the	 relationship	between	 the	human	S100A8/9	coexpression	network	 in	

human	HNSCC	data,	we	first	defined	the	network	for	this	data	as	described	above.	Next,	we	
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assessed	 the	 expression	 level	 of	 the	 network	 as	 a	 whole	 for	 each	 tumor.	 This	 was	

complicated	by	the	extraordinary	diversity	in	expression	levels	across	the	different	genes	

in	the	network.	To	account	for	this	severe	non-normality,	RSEM	values	were	substituted	for	

expression	ranks,	and	 the	median	gene	rank	 for	each	sample	was	reported.	These	values	

were	then	used	to	compare	between	tumor	grades	via	analysis	of	variance	(ANOVA).		
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 Concluding	remarks	

Cancer	 is	 a	 complex	 collection	 of	 diseases,	 with	 development	 influenced	 by	 both	

environmental	 and	 genetic	 factors.	 Gaining	 a	more	 comprehensive	 picture	 of	 how	 these	

forces	promote	tumor	development	and	progression	is	critical	to	our	efforts	to	reduce	the	

human	 health	 burden	 of	 cancer.	 This	 is	 particularly	 true	 in	 light	 of	 the	 extraordinary	

challenges	 posed	 by	 attempting	 to	 control	 cancer	 after	 it	 has	 developed,	 rather	 than	

forestalling	its	development	by	reducing	the	impact	of	susceptibility	factors.		

In	pursuit	of	 this	understanding,	 I	have	worked	 to	characterize	 the	environmental	

and	genetic	factors	influencing	tumor	development	in	mouse	models	of	cancer.	In	chapter	

2,	we	 sequenced	mouse	 lung	 tumors	 initiated	 by	 chemical	 carcinogens	 or	 by	 introduced	

genetic	 lesions.	 Comparing	 these	 tumors	 revealed	 that	 the	 carcinogens	 left	 an	 indelible	

imprint	on	the	developing	tumor	genome	that	recapitulated	the	chemical	specificity	of	the	

inducing	agent.	In	contrast,	there	was	no	mutation	signature	in	the	tumors	propagated	by	

introduced	 genetic	 lesions,	 but	 there	 was	 evidence	 of	 their	 source	 found	 in	 their	 copy	

number	profiles.	These	profiles	reflected	the	evolutionary	origins	of	the	tumors,	with	high	

levels	 of	 aneuploidies	 in	 the	 genetically	 induced	 lesions	 and	 low	 levels	 in	 the	 chemically	

induced	 lesions.	 Synthesizing	 this	 information,	 we	 have	 clear	 evidence	 that	 the	

environmental	 influences	 that	drive	tumor	development	can	be	 inferred	 from	the	genetic	

lesions	observed	in	the	mature	tumor.		

The	 results	 presented	 in	 chapter	 3	 detailed	 how	 environmental	 factors	 can	 be	

dynamic	during	tumor	development.	By	sequencing	matched	normal,	primary	tumor,	and	

metastatic	 tumor	we	were	 able	 to	 construct	 a	 narrative	 that	 described	 the	 evolutionary	



	 201	

history	 of	 individual	 cancers.	 Comparing	 mutations	 shared	 between	 primary	 and	

metastatic	 lesions	 recapitulated	 the	 signature	 of	 the	 initiating	 carcinogen.	 However,	 no	

such	signature	was	present	in	the	lesions	unique	to	metastases.	These	mutations	reflected	

a	signature	of	genomic	instability	rather	than	carcinogen	exposure.	This	reinforces	the	idea	

that	the	factors	influencing	tumor	development	are	dynamic,	and	the	resulting	genome	is	a	

composite,	 consisting	 of	 the	 forces	 that	 contributed	 to	 tumor	 formation	 as	well	 as	 those	

that	promoted	its	progression.	

Chapter	4	documented	our	work	to	understand	how	germline	factors	can	influence	

cancer	 development	 through	 associated	 phenotypes.	 By	 the	 profiling	 the	 relationship	

between	 pretreatment	 physiological	 parameters	 and	 tumor	 burden	 we	 were	 able	 to	

identify	 a	 clear	 association	 between	 high	 BMI	 and	 tumor	 susceptibility.	 Exploring	 this	

association	 in	greater	detail	 implicated	a	gene,	Panx3,	as	 linking	these	two	phenotypes	at	

the	genetic	level.	Subsequent	experiments	supported	this	contention	and	have	established	

a	novel	role	for	this	gene	in	tumor	development	as	well	as	BMI.		

In	 chapter	 5	 we	 analyzed	 how	 genetic	 factors	 influence	 the	 development	 of	

inflammation	 dependent	 tumors.	 Using	 a	 cohort	 of	 genetically	 heterogeneous	 mice	

subjected	to	inflammation-driven	carcinogenesis,	we	directly	assayed	the	genetic	elements	

linked	 to	 papilloma	 susceptibility	 in	 a	 time-dependent	 fashion.	 The	 results	 of	 this	

experiment	implicated	the	S100	gene	family	as	playing	a	role	in	tumor	development	in	this	

model.	 Subsequent	 experiments	 detailed	 the	 relationship	 between	 this	 gene	 family	 and	

tumorigenesis	in	greater	detail,	and	permitted	insight	into	the	role	these	genes	play	in	both	

epithelial	cell	function	and	inflammation.		
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I	hope	that	 the	overall	contribution	of	 this	work	 is	 to	expand,	however	minor,	our	

understanding	of	the	influence	the	environment	and	our	genetics	play	on	the	development	

of	 cancer.	With	 sufficient	 understanding,	 and	 skillful	 application	 of	 that	 understanding,	 I	

believe	that	we	will	be	able	to	significantly	reduce	the	frequency	of	cancer	cases	as	well	as	

improve	 our	 ability	 to	 treat	 the	 cancers	 that	 do	 develop.
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