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Supplementary Discussion 
The	mutant	mice	and	MTOs	described	herein	are	models	to	study	poor	prognosis	human	

MSS	CRC.	Mutations	 in	 the	 four	driver	pathways	render	 tumour	cells	 independent	of	 ISC	

niche	factors,	a	feature	that	enables	autonomous	growth	in	unfavourable	environments	such	

those	encountered	by	disseminated	tumour	cells	in	foreign	organs	as	previously	observed1–

4. We	 found	 that	 malignancy	 co‐evolves	 with	 changes	 in	 the	 TME	 reminiscent	 of	 those

associated	to	poor	prognosis	CRCs	such	as	T	cell	exclusion5,6	and	prominent	recruitment	of

TGF‐beta	 activated	 CAFs7,89.	 The	 finding	 that	 the	 penetrance	 of	 metastasis	 is	 ultimately

modulated	by	 the	TME	supports	previous	studies	 indicating	 that	 features	of	 the	 immune

system	 and	 the	 tumour	 stroma	 can	 help	 prognosticate	 the	 evolution	 of	 the	 disease	 in

patients5,7,9,10.	Recent	consensus	molecular	classifications	of	CRC	revealed	the	existence	of	a

poor	prognosis	patient	subset	‐	CMS4	‐	characterized	by	prominent	desmoplastic	reaction,

high	TGF‐beta	levels	and	expression	of	signatures	that	indicate	immunosuppression8,11.	We

show	triple	and	quadruple	mutant	MTOs,	when	grown	orthotopically,	can	be	classified	as

CMS4	CRCs.	It	is,	however,	important	to	consider	that	frequency	of	genetic	alterations	in	the

main	driver	genes	does	not	substantially	differ	between	CMS2,	CMS3	and	CMS4	subtypes

(the	three	subtypes	that	encompass	most	of	the	MSS	patients)8,	implying	that	genotype	–	or

at	 least	 mutations	 in	 the	 key	 oncogenes	 and	 tumor	 suppressor	 that	 modulate	 CRC

progression	‐	does	not	completely	define	molecular	subtypes.	It	remains	vital	to	characterize

which	other	features	and	processes	drive	the	acquisition	of	a	TGF‐beta	activated	TME.

It	has	been	proposed	that	MSS	CRCs	are	immunologically	cold	due	to	low	mutational	burden	

and	 therefore	 that	 they	are	unlikely	 to	benefit	 from	 immune	 therapies12.	 In	 contrast,	we	

found	that	metastatic	cells	from	this	class	of	CRCs	can	be	effectively	killed	by	the	adaptive	

immune	system	through	a	CTL‐dependent	process,	which	CRC	cells	avert	by	raising	TGF‐

beta	levels.	This	finding	provides	a	rationale	for	the	overarching	association	between	TGF‐

beta‐driven	gene	programmes	in	the	TME	and	poor	prognosis	in	CRC5,7,8,10,13.	We	described	

two	 TGF‐beta‐driven	 mechanisms	 that	 cooperatively	 dampen	 immune	 responses.	 First,	

TGF‐beta	impacts	directly	on	the	capacity	of	T	cells	to	mount	a	robust	adaptive	anti‐tumor	

response.	We	observed	a	tight	association	between	lack	of	T	cell	differentiation	towards	a	

Th1	effector	phenotype	and	TGF‐beta	levels	in	CRCs.	In	line	with	this	finding,	mice	deficient	

for	 Tgfbr2	 in	 T	 cells	 develop	 an	 early	 onset	 autoimmune	 syndrome	 characterized	 by	

premature	 differentiation	 of	 naïve	 CD4+	 T	 helper	 cell	 to	 a	 Th1	 phenotype14,15.	Mice	 that	

express	a	dominant	negative	Tgfbr2	 in	T	cells	showed	improved	T‐cell	 responses	against	

melanoma	and	thymoma	cell	lines16.	The	expression	of	T‐bet,	the	master	transcription	factor	

to	drive	the	Th1	effector	phenotype,	is	directly	repressed	by	TGF‐beta	signalling17.	TGF‐beta	

signalling	 also	 inhibits	 CD8+	T	 responses	 to	 T	 cell	 receptor	 stimuli18–20.	 In	 addition,	 the	
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immunosuppressive	TME	imposed	by	TGF‐beta	is	likely	the	result	of	a	coordinated	effect	on	

multiple	immune	and	non‐immune	cell	types10.	

Second,	our	data	also	reveal	that	a	TGF‐beta‐activated	TME	excludes	T	cells	from	tumours,	

a	phenomenon	that	characterizes	MSS	CRCs	as	well	as	many	other	cancer	types5,21,22.	The	

mechanisms	 of	 immune	 exclusion	 remains	 poorly	 understood	 but	 it	may	 occur	 through	

direct	action	of	TGF‐beta	on	T	cells	or/and	indirectly	through	regulation	of	certain	cytokines	

and	 extracellular	 matrix	 proteins	 by	 TME	 components	 such	 as	 CAFs	 and	 endothelial	

cells23,24.	Nevertheless,	facilitating	T	cell	infiltration	through	TGF‐beta	inhibition	appears	a	

pre‐requisite	 for	enabling	anti‐tumour	responses	by	 the	adaptive	 immune	system.	 In	 the	

particular	case	of	CRC,	blockade	of	immune	exclusion	by	Galunisertib	is	sufficient	to	confer	

susceptibility	 to	 PD1/PDL1	 checkpoint‐based	 therapies,	 a	 strategy	 that	may	 have	 broad	

application	 for	 treatment	 of	 multiple	 cancer	 types	 that	 thrive	 in	 a	 TGF‐beta	 rich	

environment.	Our	 findings	can	also	be	 interpreted	such	that	TGF‐beta‐mediated	 immune	

evasion	operates	hierarchically	upstream	of	the	PD1/PD‐L1	inhibitory	checkpoint.		

Whereas	 future	 studies	 should	 be	 aimed	 at	 dissecting	 the	 relevance	 of	 each	 of	 these	

responses	 for	CRC	immune	evasion,	our	results	 immediately	suggest	 the	use	of	TGF‐beta	

signalling	 inhibitors	 as	 immunotherapy	 (possibly	 in	 combination	 with	 other	

imunnotherapies25)	 for	 patients	 with	 metastastatic	 CRC	 and	 in	 particular	 with	 poor	

prognosis	CMS4	tumours.	The	tumour	suppressor	role	of	TGF‐beta	in	epithelial	cancer	cells	

has	warned	against	the	use	of	TGF‐beta	inhibitors	for	cancer	therapy10.	Yet,	we	show	that	

mice	 bearing	 metastases	 with	 an	 intact	 TGF‐beta	 pathway	 are	 eradicated	 by	 TGF‐beta	

inhibition	implying	that	benefits	of	unleashing	the	immune	system	prevails	in	this	setting	

and	that	TGF‐beta	based‐immunotherapies	may	be	safe	in	a	broad	range	of	CRC	patients.	

Finally,	although	our	experiments	demonstrate	a	dependency	on	a	TGF‐beta‐activated	TME	

during	 metastasis	 formation,	 it	 remains	 to	 be	 proven	 that	 these	 results	 truly	 reflect	

therapeutic	potential	to	eliminate	residual	CRC	cells	present	in	AJCC	Stage	II	and	Stage	III	

CRC	patients	after	surgical	removal	of	the	primary	tumour.	At	present	there	is	lack	of	CRC	

models	that	faithfully	reproduce	disease	relapse	after	therapy.			
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Supplementary Methods 

Cell lines 
Murine	cell	lines	MC38,	CT26	and	L‐Wnt3a	were	obtained	from	ATCC	and	cultured	in	DMEM	
with	 10%	 FBS.	 For	MC38	 and	 CT26,	 gDNA	 and	mRNA	was	 harvested	 from	 trypsinized,	
cultured	cells	and	exome/RNA	sequenced	with	the	same	protocols	as	for	MTOs.	Cell	lines	
were	regularly	tested	for	mycoplasma	contamination.	

In vitro crypt niche factor dependency assays 
Starting	with	full	MTO‐medium	(above),	we	used	combinations	leaving	out	components,	or	
adding	 5	 ng/ml	 recombinant	 human	 TGF‐β1	 (Peprotech)	 while	 removing	 galunisertib	
(+TGFB1).	 Wildtype	 normal	 intestinal	 organoids	 were	 obtained	 from	 a	 naïve	 C57BL/6J	
mouse,	using	the	crypt	shaking	method5,	and	cultured	in	MTO‐medium	supplemented	with	
1	μg/ml	RSPO‐1	and	50%	v/v	Wnt3a‐CM.	MTOs	were	never	cultured	with	either	supplement	
and	WT	organoids	did	not	survive	in	MTO‐medium	without	them.	RSPO‐1	was	produced	in‐
house6	 and	 Wnt3a‐CM	 (from	 L‐Wnt3a	 cells)	 was	 produced	 and	 tested	 according	 to	
previously	described	methods7.		

For	 Fig.	 1h:	MTOs	were	 seeded	 in	 standard	 48well	 plates	 in	 triplicate	 as	 single	 cells	 and	
growth/death	 was	 manually	 scored	 at	 day	 2,	 4	 and	 6.	 Pictures	 were	 taken	 on	 day	 5.	
Sensitivity	was	defined	as	difference	in	growth/survival	compared	to	the	control.	This	was	
assessed	both	manually,	where	3	was	the	maximum	level	(0	vs	+++),	or	using	automated	
imaging	(Olympus	CellR/ScanR	multiwell	plate	scanner;	individual	wells	were	scanned	in	a	
5x4x8	(x‐y‐z)	matrix)	followed	by	ImageJ8	analysis	(Raw	images	were	projected,	stitched	
and	analysed	for	automated	organoid	counting	by	ImageJ	macros	written	by	Anna	LLado	
and	Sébastien	Tosi	(IRB	Barcelona	ADM	core	facility);	the	result	is	shown	in	Extended	Data	
Fig.	3a).	Although	the	analyses	were	in	high	concordance,	the	heatmap	is	composed	of	data	
from	the	former.	For	each	genotype,	between	3	and	7	MTOs	were	analysed,	p‐values	were	
calculated	using	the	0‐3	sensitivity	scores:	for	the	LA‐LAKTP	EGF	comparison	p=0.0001,	for	
the	LA‐LAKTP	TGFB1	comparison:	p<0.0001,	and	for	the	LAK‐LAKTP	TGFB1	comparison:	
p=0.0010	(two‐sided	MWW	tests).	Data	were	analysed	and	represented	using	R	(v	3.4.2)9,	
RStudio	(v	1.1.383)	and	the	ggplot2	package	(v	2.2.1)10.		For	diameter	calculations,	organoid	
sphericality	was	assumed.		

Whole exome sequencing  
Genomic	DNA	was	harvested	from	cultured	MTOs	(median	passage	5),	as	well	as	from	mouse	
tail	 fragments,	and	purified	using	 the	GenElute	kit	 (Sigma).	Library	prep	was	done	using	
NebNext	Ultra	and	the	exome	selection	was	done	using	SeqCapEZ	developer	(4	 reaction,	
110624_MM9_exome_	L2R_D02_EZ_Hx1;	Cat.	No.	06740278001,	NimbleGen‐Roche).	Exome	
enrichment	reaction	was	done	in	pools	of	5	or	6	libraries.	Sequencing	was	done	HiSeq2500,	
Paired	End,	125nts	(2x125,	v4);	one	lane	per	pool.		

Reads	preprocessing:	Paired	 end	 reads	were	 aligned	 to	 the	mm10	version	of	 the	mouse	
genome	 using	 the	mem	 algorithm	 implemented	 in	 the	 bwa	 software11	 (bwa‐0.7.4)	 with	
default	 parameters.	 SAM	 files	 were	 sorted	 and	 indexed	 using	 Sambamba	 (v0.5.9;	
http://lomereiter.github.io/sambamba/)	 and	 duplicated	 reads	 removed	 with	 the	 Picard	
software	 (v1.128;	 https://github.com/broadinstitute/picard).	 Read	 qualities	 were	
recalibrated	using	the	Genome	Analysis	Tool	Kit	(GATK,	v3.5)12.		

Somatic	 SNP	 and	 INDEL	 calling:	 For	 each	 control‐sample	 pair	 processed	 BAMs	 were	
compared	using	MuTect2	from	GATK	with	default	parameters.	No	extra	filtering	was	applied	
other	 than	 the	 PASS/REJECT	 call	 from	 the	 Mutect2	 algorithm.	 We	 decided	 to	 include	
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mutations	 marked	 as	 “clustered_events”	 since	 some	 positive	 controls	 (e.g.	 Kras	 (G12V)	
mutation	in	CT26)	were	otherwise	excluded.	Resulting	VCF	files	were	annotated	with	snpEff	
(v4.1)13.	Somatic	mutation	load	was	computed	with	respect	to	the	total	length	of	the	non‐
overlaping	regions	captured	in	the	exome	capture	kit.	

We	constructed	mutational	 signatures	using	 the	 somatic	mutations	 found	 in	 each	of	our	
samples.	We	normalized	by	 the	overall	 trinucleotide	 frequency	 in	 the	mouse	exome	and	
compared	against	the	human	mutational	signatures14	using	the	algorithm	implemented	in	
the	deconstructSigs	software	(v1.8.0)15.	We	removed	signature	"1B"	from	the	initial	set	since	
it	has	been	reported	to	be	a	linear	combination	of	signatures	1	and	516.	

RNA sequencing  
mRNA	was	harvested	 from	cultured	MTOs	and	purified	using	 the	Ambion	PureLink	RNA	
mini	kit	(Life	Technologies).	Library	prep	was	done	using	the	Illumina	kit	Truseq	Stranded	
mRNA	Sample	Prep	kit.	Sequencing	was	done	on	the	HiSeq	2500,	Paired	End,	50nts	(2x50,	
v4)	with	pools	of	8‐10	samples	(one	pool	per	lane).	Paired	end	reads	were	aligned	to	the	
mm10	version	of	 the	mouse	genome	using	 the	Star	software	 (v2.3.0e)17.	Expression	was	
estimated	 using	 the	 R	 package	 casper18.	 The	 full	 expression	 matrix	 was	 normalized	 by	
quantiles.	

Neoantigen prediction 
Affinity	prediction	in	mouse	samples:	SNVs	annotated	as	non‐synonymous	or	nonsense	and	
inframe	 insertions	 or	 deletions	 were	 selected	 for	 each	 sample.	 Protein	 sequences	 were	
downloaded	 from	 Biomart	 using	 the	 biomaRt	 package19	 and	 the	 "mmusculus_gene_	
ensembl"	dataset	available	on	July	2017.	A	peptide	including	10	bases	up	and	downstream	
from	 the	 alteration	 was	 extracted	 from	 the	 canonical	 protein	 associated	 with	 the	
corresponding	 gene.	 Resulting	 peptides	 matching	 any	 other	 annotated	 protein	 were	
discarded	 from	 the	 dataset.	 MHC	 haplotypes	 for	 the	 C57BL	 (haplotype	 b)	 and	 BalbC	
(haplotype	 d)	 mouse	 strains	 were	 obtained	 from	 the	 Affymetrix	 eBioscience	 mouse	
haplotype	table	[http://tools.thermofisher.com/content/sfs/brochures/Mouse_Haplotype_	
Table.pdf].	All	 samples	 in	 the	mouse	cohort	belong	 to	 the	C57BL/6J	strain	except	 for	 the	
CT26	 cell	 line,	 which	 has	 been	 reported	 as	 BalbC20.	 Peptides	 and	 the	 corresponding	
haplotypes	for	each	sample	were	submitted	to	the	netMHCpan	affinity	prediction	software	
(v2.8)21.		

Human	colorectal	cancer	mutations	and	neoantigens	database:	Total	number	of	mutations	
and	predicted	neoantigens	for	human	colorectal	cancer	(CRC)	samples	were	downloaded	
from	[https://tcia.at/neoantigens].	Samples	were	classified	as	MSS	or	MSI	according	to	the	
TCGA	consortium22.	As	well	as	for	mouse,	neoantigens	in	the	CRC	database	were	predicted	
using	the	netMHCpan	software.	

Affinity	thresholds	in	mouse	and	human	predictions:	In	order	to	find	comparable	thresholds	
between	 human	 and	 mouse	 affinity	 values,	 we	 generated	 600,000	 predictions	 from	 12	
human	haplotypes	and	random	peptides.	We	found	good	equivalence	between	a	cutoff	of	
500nM	and	a	2%	rank	threshold,	which	has	been	used	to	filter	the	mouse	dataset.	

Neoantigen	filtering:	The	CRC	predicted	neoantigens	were	filtered	by	a	maximum	affinity	of	
500nM	and	minimum	expression	of	0	(log2)	RPKM23.	Neoantigens	in	mouse	samples	were	
filtered	with	the	following	criteria:	2%	Rank	affinity	as	reported	by	netMHCpan	and	0	RPKM	
of	the	mean	expression	of	all	available	replicates	for	the	corresponding	gene.	
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Lentiviral infection of MTOs 
For	bioluminescent	tracking,	MTOs	were	infected	with	a	lentivirus	encoding	an	mCherry‐
firefly	 luciferase	 fusion	 reporter	 construct,	 followed	 by	 an	 IRES‐Zeocin	 or	 IRES‐Puro	
resistance	cassette3,	cloned	under	control	of	the	Ubiquitin	promotor	in	a	FUW	vector24.	Virus	
was	produced	using	packaging	constructs	in	HEK293T	cells	in	DMEM	10%	FBS	medium,	and	
filtered.	Trypsinized	organoids	(single	cells)	were	suspended	in	ultra‐low	attachment	plates	
(Corning)	in	MTO‐medium	and	treated	with	successive	rounds	of	infection	(adding	virus‐
containing	medium	50%	v/v)	 in	 the	presence	of	8	µg/ml	polybrene.	After	a	week,	MTOs	
were	put	back	in	BME	drops	and	selected	with	50	μg/ml	zeocin	or	0.5‐1	μg/ml	puromycin	
(InvivoGen).	After	2‐3	weeks,	selected	cells	were	sorted	for	mCherry	expression.		

Tumour dynamics with Bioluminescence imaging 
Growth	kinetics	of	luciferase‐expressing	MTOs	were	tracked	with	in	vivo	bioluminescence,	
using	 an	 IVIS‐Spectrum	 (Perkin	 Elmer)	 imager.	 Animals	 were	 anesthetized	 with	 2.5%	
isofluorane	and	received	a	retro	orbital	injection	with	50	ul	D‐luciferin	at	15	mg/ml	(Resem	
BV).	 Mice	 were	 shaved	 before	 every	 measurement	 using	 electrical	 trimmers.	 For	
quantification,	two	or	more	images	per	mouse	(typically	in	the	0.5‐60s	exposure	range,	bin	
4‐16)	were	averaged,	quantifying	the	total	flux	(photons	s‐1)	of	a	ROI	spanning	the	abdomen	
(IC)	or	lower	thorax	and	upper	abdomen	(IS).	Values	were	normalized	per	mouse	on	the	
value	on	day	0,	measured	5	min	after	 injection.	Data	were	processed	and	visualized	with	
R/RStudio9	and	ggplot210.	Depicted	are	 longitudinal	curves,	 connecting	measurements	of	
individual	mice,	and	the	group	smooth	(LOESS,	span	=	0.5)	with	95%	confidence	interval.	
LOESS	stands	for	locally	weighted	regression	and	is	a	non‐parametric	regression	method	
analogous	to	a	moving	average	in	time25.		

Patient data analysis: Transcriptomic datasets 
In	this	study,	we	used	five	Affymetrix	microarray	datasets	publicly	available	in	the	NCBI	GEO	
repository,	which	include	gene	expression	and	clinical	information	from	a	total	of	1.194	CRC	
patients:	briefly,	GSE1433326	contains	a	pool	of	290	patients	with	CRC	treated	at	2	different	
hospitals:	 the	 Peter	MacCallum	 Cancer	 Centre	 (Australia)	 and	 the	 H.	 Lee	Moffitt	 Cancer	
Center	 (United	 States);	 the	 GSE3311327	 data	 set	 includes	 90	 patients	with	 AJCC	 stage	 II	
disease	 collected	 at	 the	 Academic	 Medical	 Center	 in	 Amsterdam	 (the	 Netherlands);	
GSE3958228	includes	expression	and	clinical	data	for	566	patients	with	CRC	collected	for	the	
Cartes	d'Identité	des	Tumeurs	(CIT)	program,	 from	the	French	Ligue	Nationale	Contre	 le	
Cancer;	 GSE3782	 (https://www.ncbi.nlm.nih.gov/geo/query/	 acc.cgi?acc=GSE37892,	
accessed	20/10/2016)	is	a	series	of	stage	II	and	III	CRC	patients	collected	at	five	different	
hospitals	 from	 France	 (Marseille	 La	 Timone,	 Nice	 Lacassagne,	 Marseille	 Institut	 Paoli‐
Calmettes,	 Paris	 Lariboisiare,	 Nancy	 Brabois	 and	 Paris	 Saint‐Antoine);	 and	 GSE3883229	
contains	 transcriptomic	 and	 clinical	 information	 from	127	patients	 treated	 at	 the	H.	 Lee	
Moffitt	Cancer	Center	(United	States).	In	order	to	facilitate	the	integration	of	the	datasets,	
samples	 from	 centres	 contributing	 with	 less	 than	 10	 samples	 (GSE37892:	 Marseille	 La	
Timone	and	Nancy	Brabois;	GSE38832:	Nashville	Veterans	Affaires	Medical	Center)	were	
excluded,	leaving	a	total	of	1.179	samples	for	downstream	analyses.	

Patient data analysis: Microarray processing 
Processing	of	microarray	samples	was	carried	out	separately	for	tumour	samples	of	each	
dataset	 using	 packages	 affy30	 and	 affyPLM31	 from	 Bioconductor32.	 Raw	 CEL	 files	 were	
normalized	 using	 RMA	 background	 correction	 and	 summarization33.	 Standard	 quality	
controls	 were	 performed	 in	 order	 to	 identify	 abnormal	 samples34	 regarding:	 a)	 spatial	
artefacts	 in	 the	hybridization	process	 (scan	 images	and	pseudo‐images	 from	probe	 level	
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models);	b)	intensity	dependences	of	differences	between	chips	(MvA	plots);	c)	RNA	quality	
(RNA	 digest	 plot);	 d)	 global	 intensity	 levels	 (boxplot	 of	 perfect	 match	 log‐intensity	
distributions	before	and	after	normalization	and	RLE	plots);	e)	anomalous	intensity	profile	
compared	 to	 the	 rest	 of	 samples	 (NUSE	plots,	 Principal	 Component	Analyses).	 Technical	
information	 concerning	 samples	 processing	 and	 hybridization	 was	 retrieved	 from	 the	
original	CEL	files:	date	of	scanning	were	collected	in	order	to	define	scan	batches	in	each	
dataset	 separately;	 technical	 metrics	 described	 by	 Eklund	 AC	 and	 Szallasi	 Z35	 were	
computed	and	recorded	as	additional	 features	 for	each	sample.	Probeset	annotation	was	
performed	 using	 the	 information	 available	 in	 Affymetrix	 web	 page	 (Affymetrix	 Analysis	
Center.	Netaffx.	https://www.affymetrix.com/analysis/	index.affx,	accessed	07/27/2016).	
Each	dataset	was	a‐priori	corrected	by	potential	sources	of	bias	due	to	technical	variability.	
For	doing	so,	a	linear	model	was	fitted	to	each	gene	and	dataset	separately	including	centre,	
three	Eklunds'	metrics	(PM	IQR,	RMA	IQR	and	RNA	DEG),	scanning	day	and	the	interaction	
between	centre	and	Eklunds'	metrics.	This	correction	was	carried	out	using	a	mixed‐effect	
model	in	which	gender,	age	at	diagnosis,	tumour	location	and	microsatellite	instability	(MSI)	
status	were	also	 included	as	covariates,	when	available.	Scanning	day	was	modelled	as	a	
random	 effect	 in	 these	models.	 The	 five	 transcriptomic	 datasets	were	 then	merged	 in	 a	
unique	expression	matrix	after	applying	quantile	normalization36.	Finally,	expression	data	
from	each	dataset	was	standardized	at	probeset	level	using	GSE39582	as	a	reference;	for	
each	 dataset	 and	 probeset,	 we	 selected	 randomly	 a	 subset	 of	 samples	 from	 GSE39582	
matching	the	same	clinical	characteristics	regarding	gender,	age,	tumour	location	and	MSI,	
and	then	centred	and	scaled	the	dataset	according	to	these	parameters.		

Patient data analysis: MSI imputation 
MSI	 status	 was	 imputed	 in	 each	 dataset	 separately,	 based	 on	 the	 expression	 of	 genes	
included	 in	 a	published	 transcriptomic	 signature37.	 For	doing	 so,	 clustering	 analysis	was	
performed	 on	 this	 signature	 via	 non‐parametric	 density	 estimation38,39.	 Accuracy	 of	 this	
imputation	 was	 evaluated	 in	 dataset	 GSE39582,	 which	 included	 annotation	 of	
microsatellite‐stable	(MSS)	and	‐instable	(MSI)	samples	in	their	clinical	information	(97%	
and	80%	accuracy	for	MSS	and	MSI	samples,	respectively). 

Patient data analysis: Signatures summarization 
To	summarize	the	signatures	analysed	in	this	work,	Z‐scores	were	computed	for	each	gene	
and	 each	 sample	 in	 the	 unique	 corrected	 expression	matrix,	 which	were	 then	 averaged	
across	all	genes	included	in	the	profile.	The	resulting	score	was	centred	and	scaled	across	
samples.	

Patient data analysis: CD4 Th1 and Naive signatures 
In	order	to	obtain	CD4	naive	and	CD4	th1	profiles,	we	carried	out	a	differential	expression	
analysis	on	gene	expression	dataset	GSE2288640.	Analyses	were	performed	separately	for	
HG‐133A	 and	 HG‐133B	 platforms	 using	 a	 linear	 model	 with	 empirical	 shrinkage41	 as	
implemented	in	 limma	R	package31.	We	defined	the	CD4	naive	signature	to	include	genes	
that	are	at	least	3	fold	upregulated	both	in	CD4	naive	vs.	Th1	and	in	CD4	naive	vs.	Th2,	and	
Benejamini	 and	 Hochbergs’	 False	 Discovery	 Rate	 (FDR)42	 <	 5%	 in	 both	 comparisons.	
Similarly,	 the	 CD4	 Th1	 signature	 included	 genes	 that	 were	 at	 least	 3	 fold	 upregulated	
compared	to	CD4	naive,	and	limma	FDR	<	5%.	These	signatures	were	summarized	as	scores	
as	described	in	the	previous	sections.	Relative	expression	of	Th1	and	Naive	cells	were	then	
measured	by	means	of	the	difference	of	these	scores,	which	corresponds	to	a	log‐ratio	in	the	
original	scale	of	the	microarray	intensities.	
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Patient data analysis: Association analyses 
To	test	the	association	between	expression	profiles,	a	mixed‐effect	model	was	fitted	to	each	
gene/signature	 independently	 in	 which	 scan	 day	 was	 included	 as	 a	 random	 effect,	 and	
centre,	Eklunds'	metrics	and	the	interaction	between	both	were	introduced	as	covariates.	
Association	was	assessed	using	the	corresponding	Wald	and	Likelihood	Ratio	Test	(LRT)	
provided	by	the	linear	model.	As	measure	of	association	and	for	continuous	variables,	we	
computed	the	Pearson's	Correlation	Coefficient	after	correction	by	technical	effects	using	
the	mixed‐effect	model	described	in	the	previous	section;	for	categorical	variables,	adjusted	
group	means	and	corresponding	intervals	at	95%	confidence	were	calculated.	Association	
with	Cancer	Associated	Fibroblasts	(CAFs)	was	assessed	using	a	FAP	signature	derived	from	
human	CRC	sorted	cells	(see	section	Gene	expression	in	tumour	cell	populations).	To	assess	
association	with	overall	TGFB	levels,	a	signature	was	created	using	microarray	probesets	
203085_s_at,	220406_at	 and	209747_at,	 respectively,	as	 these	probesets	correlated	better	
with	measurements	of	TGB1,	TGFB2	and	TGFB3	obtained	by	qRT‐PCR	data3.	When	assessing	
correlation	between	TGF‐beta	and	any	signature,	probesets	mapping	to	TGFB1,	TGFB2	or	
TGFB3	were	previously	excluded	from	the	later.	For	visualization	purposes,	scatter	plots	and	
boxplots	were	yielded	using	the	technical	adjusted	values	for	expression	intensities.		

The	estimates	of	the	association	between	Th1	and	Naive	cells	ratios	and	the	TGF‐beta	and	
the	FAP	signatures	were	compared	with	the	overall	trend	observed	in	the	whole	genome.	
For	doing	so,	we	generated	a	null	distribution	for	the	correlation	coefficients	between	TGF‐
beta	and	the	scores	derived	for	random	signatures.	We	randomly	selected	the	same	number	
of	genes	as	those	corresponding	to	the	original	naïve	and	Th1	signatures	and	computed	the	
score's	ratio.	TGF‐beta	probes	were	excluded	for	the	TGF‐beta	correlation	analysis.	Bilateral	
p‐values	were	computed	from	10,000	repetitions.	The	threshold	for	statistical	significance	
was	 set	 at	 5%.	 All	 these	 analyses	 were	 carried	 out	 using	 the	 R9,31	 packages	 lme443	 and	
lmerTest44.	 

Patient data analysis: Survival analyses 
Association	with	metastasis	was	evaluated	using	a	frailty	Cox	proportional	hazards	model	
as	previously	described45	and	implemented46.	Statistical	significance	was	assessed	by	means	
of	a	Log‐likelihood	Ratio	Test	(LRT),	while	Wald	tests	were	used	for	pairwise	comparisons	
when	necessary.	Association	of	expression	intensities	was	evaluated	as	continuous	variables	
assuming	a	linear	relationship	with	the	logarithm	of	the	relative	risk.	Sample	groups	of	low,	
medium	 and	 high	 expression	 levels	 were	 defined	 using	 the	 tertiles	 of	 the	 intensity	
distribution	after	correction	by	technical	effects,	as	described	in	the	previous	section.	When	
evaluating	 expression	 intensities,	 technical	 effects	 were	 included	 in	 the	 models	 as	
covariates.	In	an	analogous	way	to	the	correlation	analyses,	scan	batch	was	included	as	a	
random	effect	in	the	frailty	Cox	models.	Hazard	Rations	(HR)	and	their	corresponding	95%	
confidence	intervals	were	computed	as	a	measure	of	association.	For	visualization	purposes,	
Kaplan‐Meier	curves	were	estimated	for	groups	of	tumours	showing	low,	medium	and	high	
gene	or	signature	expression.	Only	samples	from	patients	diagnosed	in	stages	I,	 II	and	III	
were	taken	into	consideration	for	these	analyses.	The	threshold	for	statistical	significance	
was	set	at	5%.	All	analyses	were	carried	out	using	R9,31.		

To	 compare	 the	 risk	 estimations	 with	 the	 general	 trend	 observed	 in	 the	 dataset,	 we	
generated	a	null	distribution	in	the	same	way	described	in	the	previous	section.	As	with	the	
original	 signature,	 a	 Cox	model	was	 used	 to	 compute	 the	 statistic	 of	 the	 three	 pairwise	
comparisons	 for	 random	 scores	 and	 a	 bilateral	 p‐value	 was	 computed	 from	 10,000	
repetitions.	

WWW.NATURE.COM/NATURE | 11

SUPPLEMENTARY INFORMATIONRESEARCHdoi:10.1038/nature25492



MTO‐derived whole tumour expression data 
cDNA	Library	preparation	and	amplification	were	performed	with	 the	WTA2	kit	 (Sigma‐
Aldrich)		from	25	ng	of	starting	material.	The	cDNA	was	amplified	for	17	cycles	and	purified	
using	PureLink	Quick	PCR	Purification	Kit	 (Invitrogen).	Quantification	of	amplified	cDNA	
was	done	on	a	Nanodrop	ND‐1000	spectrophotometer	(Thermo‐Fisher	Scientific,	Waltham,	
MA,	 USA).	 8.5	 ug	 of	 the	 cDNA	 from	 each	 sample	 was	 fragmented	 and	 labelled	 with	 the	
GeneChip	Mapping	250	K	Nsp	assay	kit	(Affymetrix).	Hybridization	was	performed	using	the	
GeneAtlas	Hyb,	Wash	and	Stain	Kit	for	3'	IVT	arrays.	Samples	were	denatured	at	96°C	for	10	
min	 prior	 to	 incubation	 in	 the	 Affymetrix	 GeneAtlas	 Mouse	 MG‐430	 PM	 Array	 Strip.	
Hybridization	 was	 performed	 for	 16	 h	 at	 45	 °C	 in	 the	 GeneAtlas	 Hybridization	 Oven.	
Washing	 and	 Stain	 steps	 after	 hybridization	 were	 performed	 in	 the	 GeneAtlas	 Fluidics	
Station,	 following	 the	 specific	 script	 for	Mouse	MG‐430	PM	Arrays.	Arrays	were	scanned	
with	 GeneAtlas	 Scanner	 using	 default	 parameters,	 and	 the	 generation	 of	 Cel	 files	 for	
bioinformatics	analysis	was	done	with	GeneAtlas	software	(all	Affymetrix).	

As	 for	 human	 transcriptomic	 datasets,	 CEL	 files	 from	 organoids‐derived	 mice	 whole	
tumours	 were	 normalized	 with	 RMA33	 using	 the	 Bioconductor	 R	 packages	 affy30	 and	
affyPLM31.	 Standard	 quality	 controls	 (see	 section	 Patient	 data	 analysis:	 Microarray	
processing)	discarded	the	presence	of	abnormal	samples.	For	probeset	annotation	we	used	
the	informationa	available	in	the	Affymetrix	web	page	(Affymetrix	Analysis	Center.	Netaffx.	
https://www.affymetrix.com/analysis/index.affx,	accessed	08/01/2017).	

TBRS	comparisons:	

Previous	to	the	summarization	of	TBRS	signatures,	the	expression	matrix	was	corrected	a‐
priori	 by	 Eklund's	 metrics35	 RMA.IQR	 and	 RNA.DEG,	 as	 they	 were	 observed	 to	 be	 an	
important	source	of	technical	variability.	For	such	correction,	a	linear	model	was	used	with	
no	other	variables	included	as	covariates.	Signatures	scores	were	computed	independently	
for	 samples	 with	 three	 or	 four	 mutations.	 Scores	 between	 treatment	 conditions	 were	
compared	using	a	two‐sided	Mann‐Whitney‐Wilcoxon	test.	

Classification of mice tumours according to CMS (extended) 
To	assess	the	similarity	to	the	poor‐prognosis	CMS4	phenotype47,	we	first	attempted	to	use	
the	 Single‐Sample‐Predictor	 (SSP)	 provided	 in	 their	 original	 work.	 Nevertheless,	 this	
analysis	did	not	succeed	in	classifying	any	of	the	samples	being	tested.	For	this	reason,	we	
hypothesized	that	the	differences	of	platform	and/or	species	between	the	training	(human)	
and	test	data	(mice)	could	be	harming	the	performance	of	this	classifier.		

As	 an	 alternative	method,	we	 used	 k‐Top	 Scoring	 Pairs	 (kTSP)48	 as	 implemented	 in	 the	
switchBox	R	package49.	kTSP	is	a	ranked‐based	method	that	relies	in	the	ordering	in	small	
number	of	features	within	each	sample	and,	thus,	is	very	suitable	in	multi‐platforms	settings	
in	comparison	with	other	top‐performer	methods50.	This	kTSP	classifier	was	trained	for	a	
binary	outcome	(CMS4	vs	not‐CMS4)	in	960	samples	with	CMS	annotation	provided	by	the	
original	work	(168	CMS1,	421	CMS2,	127	CMS3	and	244	CMS4)47.	The	concordance	between	
the	SSP	and	kTSP	methods	was	assessed	in	two	human	datasets	that	did	not	participate	in	
the	definition	of	 the	CMS	classification:	GSE38832	and	GSE4407651;	phi	coefficients	were	
0.83	and	0.80	for	these	series,	respectively:		
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Overall,	these	results	suggested	that,	as	kTSP	could	be	more	suitable	for	handling	platforms	
and	 species	 differences	 between	 training	 and	 test	 datasets,	 it	 still	 retained	 the	 good	
classification	performance	attributable	to	SSP.		

Previous	to	any	attempt	of	classification,	both	mice	and	human	CRC	data	were	summarized	
from	 probeset	 to	 gene	 level	 (Entrez).	 For	 doing	 so,	 we	 computed	 the	 first	 principal	
component	from	all	probesets	mapping	to	the	each	gene.	This	component	was	then	centred	
and	scaled	 to	 the	weighted	mean	of	 the	means	and	standard	deviations	of	 the	probesets	
using	 the	 corresponding	 contribution	 to	 the	 component	 as	 weight.	 The	 sign	 of	 the	
component	was	eventually	changed	to	be	congruent	to	the	sign	of	the	probeset	contributing	
the	most	to	the	component.	Next,	mice	genes	were	translated	to	their	corresponding	human	
homologous	 using	 the	 Mouse	 Genome	 Informatics	 Database52.	 Only	 high	 confidence	
homologous	genes	according	 to	Biomart53,54	were	kept	 for	downstream	analyses	 (Mouse	
Orthology	 Confidence=1	 and	Mouse	 Gene‐order	 conservation	 score=100;	 10.015	 genes).	
Genes	to	be	included	in	the	model	were	pre‐selected	from	those	over‐expressed	(1.5	fold‐
change	minimum	difference;	293	genes)	or	under‐expressed	(1.25	 fold‐change	minimum	
difference;	215	genes)	in	CMS4	samples	compared	with	any	other	subtype	in	the	patients	
transcriptomic	 dataset.	 The	 classifier	 was	 internally	 tested	 in	 the	 training	 set	 of	 human	
samples	by	cross‐validation	 leaving	one	dataset	out	 for	 test	at	each	 iteration.	A	classifier	
trained	with	all	the	human	samples	available	was	then	applied	to	the	mice	tumours	using	a	
simple	rule	of	majority	of	votes.	The	decision	cut‐off	was	set	at	the	midpoint	of	the	maximum	
number	of	votes,	which	corresponds	to	the	number	of	gene	pairs	used	for	classification.	For	
visualization	 purposes,	 the	 number	 of	 votes	 for	 each	 classifier	 (cross‐validation	 and	
training)	were	re‐scaled	to	a	score	ranging	between	zero	and	one	in	order	to	represent	all	
the	classification	results	at	the	same	scale.	

Gene pairs: 

UP DOWN 

MSRB3 EPT1 

FERMT2 RMI1 

EFEMP2 ASF1B 

SPOCK1 STIL 

DDR2 CCNA2 

TAGLN HMGB2 

CCDC80 CDC45 

GLI3 KIF18A 

TNS1 UNG 

STON1 WHSC1 

PTRF KIF18B 

SFRP2 HK2 

MGP RBM47 

GAS1 DONSON 

BNC2 PLK4 
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SLIT2 CCDC134

DPYSL3 EIF4E

AEBP1 RHPN2

PCDH7 FAM83F

MAP1B FANCD2

CRYAB HOOK1

PRRX1 CDCA2

FBN1 EZH2

MXRA8 GMCL1

PTGIS CENPA

ZFPM2 ORC1

MLLT11 SPAG5

MYL9 TMEM54

In	 agreement	 with	 the	 reasoning	 of	 a	 single‐sample	 classifier,	 SSP	 and	 kTSP	 were	 both	
applied	 to	 a	 version	 of	 the	mice	 data	 previous	 to	 any	 correction	 by	 technical	 effects.	 In	
addition,	kTSP	was	 also	 trained	 before	 technical	 corrections	were	 applied	 to	 the	human	
transcriptomic	dataset.	For	the	concordance	analyses	between	SSP	and	kTSP,	GSE44076	cel	
files	 were	 downloaded	 from	 GEO	 and	 processed	 with	 RMA	 using	 packages	 affy30	 and	
affyPLM31	from	Bioconductor32.	

Flow cytometry: single cell suspension preparation 
Livers	with	tumours	were	removed,	lobules	(and	in	case	of	micro‐dissection:	individual	liver	
metastases)	 were	 carefully	 dissected	 and	 finely	 minced	 with	 scalpels.	 The	 tissue	 was	
enzymatically	digested	in	10	ml	of	DMEM	supplemented	with	10%	FBS,	1%	HEPES,	sodium	
pyruvate,	glutamine,	streptomycin	and	penicillin	and	0.1%	β	‐mercaptoethanol	(Gibco)	and	
containing	1	mg/ml	Collagenase	A	(Roche),	0.2	mg/ml	Dispase	II	 (Sigma)	and	0.2	mg/ml	
DNAse	I	(Roche),	during	25	min	at	37ºC	with	rotation.	The	enzymatic	reaction	was	quenched	
by	 the	addition	of	30	ml	of	 ice‐cold	DMEM	(10%	FBS,	 supplement).	Cell	 suspension	was	
filtered	through	a	70	µm	cell	strainer	(BD).	The	filter	was	washed	with	10	ml	of	ice‐cold	10%	
FBS	DMEM	and	the	cells	were	pelleted	at	280	g	for	5	min	at	4ºC.	Lysis	of	erythrocytes	was	
performed	in	Red	Cell	Lysis	Buffer	(RCLB,	155	mM	NH4Cl,	12	mM	NaHCO3,	0.1	mM	EDTA)	
during	4	min	at	room	temperature	and	immediately	washed	with	ice‐cold	10%	FBS	DMEM.	
After	 filtration	 through	a	70	µm	cell	 strainer	and	 centrifugation.	 Sequentially,	 cells	were	
purified	by	centrifugation	30	min	at	2,400	rpm	in	40/80	Percoll	(Sigma)	gradient.	Cells	were	
resuspended	in	DMEM	(10%	FBS,	supplement;	FACS	buffer).	

Flow cytometry: immunophenotyping analysis and sorting 
Cells	were	incubated	10	min	on	ice	in	FACS	buffer	in	the	presence	of	anti‐CD16/CD32	(clone	
93,	 eBioscience)	 to	 block	 Fc	 receptor.	 Mix	 of	 conjugated	 antibodies	 was	 added	 in	 the	
presence	of	anti‐CD16/CD32	and	the	cells	were	stained	during	20	min	on	ice.	After	staining,	
cells	were	washed	and	labelled	for	cell	viability	with	the	LIVE/DEAD	Fixable	Cell	Dead	stain	
kit	(Life	Technologies)	during	7	min.	For	cytokine	analysis,	cell	suspensions	were	incubated	
4	h	in	PMA/ionomycin	(Sigma‐Aldrich)	and	brefeldin	A	(eBioscience)	at	37	°C.	Intracellular	
staining	 was	 performed	 using	 IC	 fixation/permeabilization	 kit	 (eBioscience).	 Cells	 were	
stained	using	PBS,	1%	FBS,	1%	HEPES	and	0.6%	EDTA	(Gibco).		
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Gating	strategies:	Figure	1g	(MTO	biobank	generation):	To	sort	Lgr5‐GFP+	tumour	cells,	we	
gated:	 Cells/Single	 cells/Living	 cells/GFP+.	 Figures	 2d,	 S9b	 andS11a:	 To	 assess	 genetic	
recombination	 in	 the	 UbC‐CreERT2;	 Tgfbr2fl/fl;	 R26mTmG	 model,	 or	 to	 sort	 tumour	 cell	
populations,	we	gated:	Living	cells/Cells/Single	cells/PDGFRb+	(CAFs).	From	the	negative	
population,	 we	 followed:	 Endothelial	 cells	 CD31+/CD45‐	 and	 Leukocytes	 CD31‐/CD45+,	
further	refined	to	small	size	and	good	viability.	Figure	3h:	T	cell	activation	markers	were	
assessed	inside:	Living	cells/Cells/Single	cells,	than	CD45+/CD3+,	then	CD4+/CD8‐	or	CD4‐
/CD8+.	Figure	3i	and	4j:	T	cell	cytokine	levels	were	assessed	inside:	Living	cells/Cells/Single	
cells/CD45+/CD3+/NK1.1‐,	 then	CD4+/CD8‐	or	CD8+/CD4‐.	Figure	3j:	CD8+	T	cells	were	
sorted	 using	 gates:	 Living	 cells/Cells/Single	 cells/CD45+/CD19‐/MHCII‐/CD3+/CD4‐
/CD8+.	 Figure	 4d:	 PD‐L1	 expression	 was	 assessed	 inside:	 Living	 cells/Cells/Single	
cells/CD45+/CD3+,	 then	 CD4+/CD8‐	 or	 CD8+/CD4‐.	 Figure	 4e:	 PD‐L1	 populations	 were	
determined	using:	Living	cells/Cells/Single	 cells/PD‐L1+.	 	Within	 these	we	measured	 for	
CAFs	(PDGFRb+/Epcam‐)	or	Epithelial	cells	(PDGFRb‐/Epcam+).	From	the	double‐negative	
population,	we	followed:	Endothelial	cells	(CD31+/CD45‐)	and	Leukocytes	(CD45+/CD31‐).	
Figure	4g:	PD‐L1	was	measured	inside	Living	cells/Cells/Single	cells/CD45+.	Figure	4i:	For	
T	 cell	 activation	markers	 we	 gated:	 Living	 cells/Cells/Single	 cells/CD45+/CD3+/NK1.1‐,	
then	CD4+/CD8‐	or	CD8+/CD4‐.	 Figure	S13d:	Myeloid	populations	were	assessed	 inside:	
Living	cells/Cells/Single	cells/CD45+/PD‐L1+/Ly6G‐/Ly6C+/CD11b+/CD11c+/‐.		

Flow	 cytometry	 analysis	 and	 cell	 separation	 were	 performed	 in	 a	 FACSAriaFusion	 flow	
cytometer	(Beckton	Dickinson).	Data	were	analyzed	using	FlowJo	software	(v	10.4).	

The	 following	antibodies	were	used	 for	 the	 staining:	 anti‐CD45	 (clone	30‐F11),	 anti‐CD4	
(clone	GK1.5),	anti‐aCD8	(clone	53‐6.7),	anti‐CD69	(clone	H1.2F3),	anti‐CD104b	(PDGFRb,	
clone	APB5),	and	anti‐MHCII	(clone	M5/114.15.2)	were	obtained	from	eBioscience;	Epcam	
(clone	EBA‐1),	anti‐CD3e	(clone	145‐2C11),	anti‐CD44	(clone	G44‐26),	CD62L	(clone	MEL‐
14),	anti‐IFNγ	(clone	XMG1.2),	anti‐CD274	(PD‐L1,	clone	MIH‐5),	and	anti‐Ly6C	(clone	AL‐
32) were	obtained	from	BD	Pharmingen;	anti‐CD31	(clone	390)	was	obtained	from	Abcam;
and	anti‐CD11b	 (clone	M1/70),	anti‐CD11c	 (clone	H418),	 anti‐GZMB	(GB11),	anti‐CD279
(PD‐1,	clone	29F.1A12),	anti‐CD8a	(clone	53‐6.7),	anti‐T‐bet	(clone	4B10),	anti‐Ly6G	(clone
1A8)	were	obtained	from	BioLegend.

Gene expression in tumour cell populations	
RNA	from	sorted	cells	was	processed	and	amplified	as	previously	described55.	For	mouse	
liver	metastases:	 To	 assess	Tgfb1,	 ‐2	 and	 ‐3	 mRNA	 levels,	 we	 performed	 RT‐qPCR	with	
triplicate	 reactions	 (each	 5	 ng	 of	 cDNA)	 in	 a	 StepOne	 instrument	 (Thermo	 Fisher)	with	
Taqman	 probes	 (Tgfb1	 Mm01178819_m1;	 Tgfb2	 Mm00436955_m1;	 Tgfb3	
Mm00436960_m1;	 endogenous	 control	 Actb	 Mm00607939_s1).	 Other	 probes	 used	 are:	
Aurkb	 Mm_01718140_m1,	 mKi67	 Mm01278617_m1,	 Gzma	 Mm01304452_m1,	
Gzmb		Mm00442837_m1,	Pdcd1	Mm01285676_m1,	and	Gapdh		Mm99999915_g1.	

Sorted	CRC	populations	from	human	samples	were	described	previously1,3.	Briefly,	two	GEO	
data	sets	were	used	to	characterize	gene	profiles	according	to	specific	gene	expression	in	
tumour	cell	subpopulations:	GSE39395	and	GSE393963.	In	these	datasets	and	as	described	
previously3,	 FACS	 was	 used	 to	 separate	 the	 following	 populations	 from	 14	 fresh	 CRC	
samples:	 CD45+/EpCAM−/CD31−/FAP−	 ,CD45−/EpCAM+/CD31−/FAP−,	
CD45−/EpCAM−/CD31+/FAP−	 and	 CD45−/EpCAM−/CD31−/FAP+.	 To	 homogenize	 these	
two	expression	matrices,	dataset	GSE39396	was	centred	and	scaled	pairwise	to	the	mean	
and	standard	deviation	of	GSE39395.	A	signature	of	Cancer	Associated	Fibroblasts	(CAFs)	
was	 derived	 from	 the	 resulting	 expression	 matrix.	 For	 doing	 so,	 we	 selected	 probesets	
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overexpressed	 in	 the	CD45−/EpCAM−/CD31−/FAP+	samples	with	 a	 three	minimum	 fold	
and	 raw	 p‐value	 <	 0.05	 compared	 to	 any	 other	 cell	 population.	 These	 analyses	 were	
performed	 using	 a	 linear	model	 with	 empirical	 shrinkage41	 as	 implemented	 in	 limma	 R	
package31.	Also	TGF‐b	levels	by	cell	populations	were	assessed	in	this	dataset	using	Kruskal	
Wallis	(KW)	and	two‐sided	Mann‐Whitney	tests.	
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