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Abstract
1.	 Ecologists	seek	to	understand	the	fitness	consequences	of	variation	in	physiologi-
cal	markers,	under	the	hypothesis	that	physiological	state	is	linked	to	variability	in	
individual	condition	and	life	history.

2.	 Thus,	 ecologists	 are	 often	 interested	 in	 estimating	 correlations	 between	 entire	
suites	of	correlated	traits,	or	biomarkers,	but	sample	size	limitations	often	do	not	
allow	 us	 to	 do	 this	 properly	 when	 large	 numbers	 of	 traits	 or	 biomarkers	 are	
considered.

3.	 Latent	variables	are	a	powerful	tool	to	overcome	this	complexity.	Recent	statistical	
advances	have	enabled	a	new	class	of	multivariate	models—multivariate	hierarchi-
cal	modelling	 (MHM)	with	 latent	 variables—which	allow	 to	 statistically	 estimate	
unstructured	covariances/correlations	among	traits	with	reduced	constraints	on	
the	number	of	degrees	of	freedom	to	account	in	the	model.	It	is	thus	possible	to	
highlight	correlated	structures	in	potentially	very	large	numbers	of	traits.

4.	 Here,	we	apply	MHM	to	evaluate	the	relative	importance	of	individual	differences	
and	environmental	effects	on	milk	composition	and	identify	the	drivers	of	this	vari-
ation.	We	ask	whether	variation	in	bighorn	sheep	milk	affects	offspring	fitness.

5.	 We	evaluate	whether	mothers	show	repeatable	individual	differences	in	the	con-
centrations	 of	 11	markers	 of	milk	 composition,	 and	we	 investigate	 the	 relative	
importance	 of	 annual	 variability,	 maternal	 identity	 and	 morphological	 traits	 in	
structuring	milk	composition.	We	then	use	variance	estimates	to	investigate	how	
a	subset	of	repeatable	milk	markers	influence	lamb	summer	survival.

6.	 Repeatability	of	milk	markers	ranged	from	0.05	to	0.64	after	accounting	for	year-
to-year	variations.	Milk	composition	was	weakly	but	significantly	associated	with	
maternal	mass	in	June	and	September,	summer	mass	gain	and	winter	mass	loss.	
Variation	explained	by	year-to-year	fluctuations	ranged	from	0.07	to	0.91	suggest-
ing	a	strong	influence	of	environmental	variability	on	milk	composition.	Milk	com-
position	did	not	affect	lamb	survival	to	weaning.

7.	 Using	 joint	models	 in	 ecological,	 physiological	 or	 behavioural	 contexts	 has	 the	
major	advantage	of	decomposing	a	(co)variance/correlation	matrix	while	being	es-
timated	with	fewer	parameters	than	in	a	“traditional”	mixed-effects	model.	The	
joint	 models	 presented	 here	 complement	 a	 growing	 list	 of	 tools	 to	 analyse	
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1  | INTRODUC TION

One	challenge	in	ecology	and	evolution	is	to	quantify	how	processes	
acting	 at	 different	 spatiotemporal	 scales	 affect	 different	 levels	 of	
biological	organization	 (Pigeon,	Bélisle,	Garant,	Cohen,	&	Pelletier,	
2013)	 and	 to	 evaluate	 how	 ecophysiological	 responses	 to	 the	 en-
vironment	 influence	 organismal	 fitness	 (Bonier,	Martin,	Moore,	 &	
Wingfield,	 2009).	 Ecophysiology	 is	 the	 study	of	 how	 the	 environ-
ment	interacts	with	organismal	physiology,	and	involves	many	phys-
iological	systems	such	as	the	immune	response	(Pigeon	et	al.,	2013),	
oxidative	stress	(McGraw,	Cohen,	Constantini,	&	Hõrak,	2010)	and	
the	stress	response	(Bonier	et	al.,	2009).	Within	each	physiological	
system	 lie	 complex	 networks	 of	 interacting	 units	 (Cohen,	Martin,	
Wingfield,	McWilliams,	&	Dunne,	2012);	the	failure	of	any	unit	may	
be	associated	with	deleterious	consequences	for	the	health	of	an	in-
dividual,	including	increased	risks	of	infections	(Arsnoe,	Ip,	&	Owen,	
2011)	 and	 decreased	 overall	 condition	 (Wikelski	 &	 Cooke,	 2006).	
Individual	 differences	 in	 physiological	 condition	 can	 contribute	 to	
variance	 in	 reproductive	 success	 and	 ultimately	 individual	 fitness	
(Seebacher	&	Franklin,	2012).

Understanding	how	variability	in	ecophysiological	systems—and	
all	 their	 interacting	 units—affects	 individual	 fitness	 is	 challenging	
(but	see	Buehler,	Versteegh,	Matson,	&	Tieleman,	2011;	Milot	et	al.,	
2014).	One	difficulty	 is	 to	obtain	 repeated	measurements	on	wild	
individuals	 of	 known	 age	 and	 life	 history	 and	 to	 reliably	 estimate	
level-	specific	correlations	among	traits	(i.e.,	within	biological	 levels	
of	organization,	e.g.,	 groups,	years	or	 individuals).	Often	measure-
ments	 of	 several	 biomarkers	 (e.g.,	 thyroid	 hormones,	 haematocrit,	
plasma	volume,	metabolic	rate—Elliott	et	al.,	2015)	are	only	available	
for	a	few	individuals,	thus	leading	to	sample	size	limitations	and	large	
numbers	of	correlated	traits.	However,	the	greatest	difficulty	mostly	
comes	 from	 unstable	 correlations	 among	 markers,	 since	 physio-
logical	 “snapshots”	may	not	 reflect	physiological	 levels	 in	previous	
life-	history	stages	(Bonier	et	al.,	2009).	Several	lines	of	enquiry	are	
thus	often	used	to	investigate	links	with	reproductive	success	or	fit-
ness.	Searching	through	all	the	biomarkers	that	distinguish	healthy	
individuals	from	unhealthy	ones	is	an	option	(Davis,	2008).	Another	
theme	 is	 to	 extract	 a	 signal	 of	 homeostasis	 as	 a	more	 holistic	 as-
sessment	of	condition	(Milot	et	al.,	2014).	Both	options	require	mul-
tiple	biomarkers,	and	disentangling	sources	and	scales	of	variation	
in	 physiological,	 ecological	 or	 behavioural	 traits	 using	 integrative	
methods	is	essential	to	ultimately	link	ecophysiology	to	fitness	and	
life-	history	strategies	in	ecological	populations.

Level-	specific	 correlations	 among	 traits	 can	be	modelled	using	
latent	 variables,	 that	 is,	 some	 unobserved	 (“latent”)	 predictors.	 In	
multivariate	generalized	mixed	models	(GLMM;	Bolker	et	al.,	2009),	
correlations	are	estimated	using	a	multivariate	random	effect	(i.e.,	a	
latent	variable;	Warton	et	al.,	2015).	The	multivariate	random	effect	
typically	is	assumed	to	have	a	completely	unstructured	(co)variance	
matrix;	the	number	of	parameters	thus	increases	quickly	as	the	num-
ber	of	traits	increases.	Latent	variable	models	are	also	a	function	of	
unmeasured	predictors;	random	effects	must	be	linearly	related	to	a	
set	of	latent	variables.	Using	factor	analysis,	a	form	of	latent	variable	
models	(Thorson	et	al.,	2015),	genetic	and	environmental	variances	
can	be	obtained	through	estimation	of	leading	eigenvectors	in	quan-
titative	genetics	(Kirkpatrick	&	Meyer,	2004;	Meyer,	2009).	Similarly,	
Walling	et	al.	 (2014)	 tackle	 the	problem	of	using	bivariate	 correla-
tions	to	study	genetic	constraints	in	life-	history	traits,	by	modelling	
multiple	 traits	altogether.	Bivariate	correlations	can	underestimate	
the	 genetic	 (co)variances	 across	 traits	 and	 be	 poor	 indicators	 of	
genetic	constraints.	 In	community	ecology,	 joint	models	of	species	
distribution	have	been	commonly	 specified	using	either	GLMM	or	
latent	variable	models	(Warton	et	al.,	2015),	where	information	(i.e.,	
correlations)	from	multiple	species	 is	considered	simultaneously	to	
study	their	responses	to	their	environment	both	individually	and	at	
the	community	 level	 (Ovaskainen	et	al.,	2017).	Recent	advances	 in	
Bayesian	modelling	allow	specification	of	appropriate	priors,	permit-
ting	uncertainty	in	the	number	of	latent	variables	(or	random	effects)	
and	sparsity	structure	(Bhattacharya	&	Dunson,	2011;	Ovaskainen	
et	al.,	2017).

Here,	we	extend	the	use	of	Bayesian	joint	modelling	to	study	the	
physiological	 processes	 that	 structure	milk	 composition	 (Figure	1).	
Milk	composition,	such	as	fat	content,	reflects	a	direct	and	expensive	
transfer	of	energy	from	mother	to	offspring	(Oftedal,	2000);	it	is	thus	
a	crucial	aspect	of	early	life	conditions	and	is	also	likely	to	have	long-	
term	effects	on	the	fitness	of	young	individuals	 (Lindström,	1999).	
Two	important	life-	history	parameters,	body	mass	and	growth	rate	
of	young	(Iverson,	Bowen,	Boness,	&	Oftedal,	1993;	Mellish,	Iverson,	
&	Bowen,	1999),	 have	been	 shown	 to	be	 influenced	by	milk	 com-
position,	but	several	other	 life-	history	parameters	can	be	affected	
by	 the	nutritive,	 immunological	 and	hormonal	 constituents	 in	milk	
(e.g.,	immune,	cognitive	and	neurobiological	development	in	infants;	
Hinde	&	Milligan,	2011).	Focusing	on	its	nutritional	aspects,	milk	is	
often	 described	 by	 two	 well-	known	 nutritive	 components—aver-
age	 fatty	 acid	 and	 protein	 concentrations—and	 total	 gross	 energy	
derived	 from	 these	 components,	 especially	 in	wild	mammals	 (e.g.,	

correlations	at	different	hierarchical	 levels	 separately	and	may	 thus	 represent	a	
partial	solution	to	the	conundrum	of	physiological	complexity.

K E Y W O R D S
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Quesnel,	MacKay,	Forsyth,	Nicholas,	&	Festa-	Bianchet,	2017;	Skibiel	
&	Hood,	2015).	Only	a	few	studies,	however,	have	investigated	the	
simultaneous	 sources	 of	 variation—environmental	 and	 individual—
on	wild	mammals’	milk	 composition	 including	mineral,	 fat,	 protein	
and	 sugar	 contents,	 despite	 their	 evolutionary	 importance	 (Cook,	
Lentfer,	Pearson,	&	Baker,	1969;	Carlini,	Márquez,	Soave,	Vergani,	&	
de	Ferrer,	1994;	see	review	by	Skibiel,	Downing,	Orr,	&	Hood,	2013	
in	captive	and	wild	species).

Here,	 we	 apply	 multivariate	 hierarchical	 modelling	 (MHM)	 to	
analyse	data	on	11	markers	of	milk	composition	of	bighorn	ewes	(Ovis 
canadensis)—fatty	 acids,	 proteins,	 sugars	 and	minerals—to	 test	 the	
hypothesis	that	milk	composition	can	have	short-	term	fitness	conse-
quences.	To	do	so,	we	(a)	evaluate	whether	mothers	show	repeatable	
individual	 differences	 in	milk	 composition	 and	 (b)	 investigate	 how	
annual	 variability	 influences	 differences	 between	mothers	 in	milk	
composition.	We	 then	 investigate	whether	 females	 allocate	 fewer	
resources	 to	 lactation	by	 linking	 important	 life-	history	parameters	
to	their	physiology.	June	and	September	female	body	mass,	female	

winter	mass	loss	and	summer	mass	gain	are	important	fitness-	related	
traits	 in	 bighorn	 sheep	 (Douhard,	 Guillemette,	 Festa-	Bianchet,	 &	
Pelletier,	2018;	Pelletier,	Réale,	Garant,	Coltman,	&	Festa-	Bianchet,	
2007).	As	body	mass	is	correlated	with	condition	in	ungulates	(Festa-	
Bianchet,	1998;	Parker,	Gillingham,	Hanley,	&	Robbins,	1993),	 it	 is	
likely	to	affect	milk	composition.	MHM	revealed	that	for	three	milk	
markers	more	than	10%	of	variation	was	explained	by	mother's	iden-
tity,	 suggesting	 that	 the	expected	 links	between	milk	 composition	
and	maternal	characteristics	are	explained	by	a	small	subset	of	mark-
ers.	We	thus	asked	whether	(c)	milk	composition	is	correlated	with	
female	June	and	September	mass	and	seasonal	mass	changes,	and	
whether	(d)	milk	composition	affects	lamb	survival	to	weaning.

The	major	advantage	of	using	 joint	modelling	 (i.e.,	MHM)	 in	an	
ecophysiology	 context	 is	 the	 decomposition	 of	 a	 (co)variance/cor-
relation	matrix	 using	 a	 reduced	 number	 of	 latent	 variables,	which	
allows	 approximation	 of	 the	 “full”	 matrix	 using	 fewer	 parameters	
than	in	a	“standard”	mixed-	effects	model.	Most	ecophysiology	stud-
ies	 have	 small	 sample	 sizes	 relative	 to	 the	 number	 of	 biomarkers	

F IGURE  1 A	conceptual	summary	of	the	analysis	of	milk	composition	in	bighorn	sheep.	The	analyses	were	run	in	two	parts:	the	first	part	
quantified	all	sources	of	variation	in	milk	composition	using	multivariate	hierarchical	modelling	(MHM,	upper	blue	box;	colours	in	the	online	
version)	and	included	all	milk	markers;	the	second	part	investigated	whether	lamb	summer	survival	varied	as	a	function	of	milk	composition	
using	a	generalized	linear	model	(GLM,	lower	yellow	box).	Only	important	milk	markers	were	used	in	the	second	part	of	analyses.	The	orange	
boxes	refer	to	data,	the	blue	circles	to	parameters	to	be	estimated,	and	the	arrows	to	relationships	described	with	the	help	of	statistical	
distributions.	Milk	composition—represented	by	11	markers	in	matrix	Y—is	modelled	for	each	ewe	sampled	over	multiple	years	using	a	
multivariate	hierarchical	model	of	Y	over	linear	predictors	(L).	The	linear	predictor	has	a	known	variance	and	statistical	distribution.	Linear	
predictors	are	modelled	using	fixed	and	random	effects,	such	that	L = βx,	where	β	represents	the	response	of	milk	markers	to	sampling	years	
and	life-	history	traits	(matrix	X).	Variation	around	β	is	captured	by	the	(co)variance	matrix	V.	Random	terms	modelled	the	variation	in	milk	
markers	that	cannot	be	attributed	to	β.	In	our	study,	random	effects	operate	at	the	interindividual	level	using	the	Ω	(co)variance	matrix	and	
at	the	intraindividual	level	(not	illustrated),	after	controlling	for	the	covariates	in	the	fixed	part	of	the	model.	Matrix	Ω	was	modelled	using	
five	latent	variables	and	intraindividual	(co)variation	used	seven	latent	variables.	The	second	part	of	analyses	tested	whether	lamb	summer	
survival	varied	as	a	function	of	milk	composition,	including	only	milk	components	with	significant	interindividual	variation
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measured,	and	few	degrees	of	freedom,	and	may	thus	require	meth-
ods	such	as	this	one.	Globally,	the	model	structure	is	similar	to	factor	
analytic	mixed	models	used	to	analyse	multivariate	phenotypes	of	
individuals	(Walling	et	al.,	2014).	In	an	ecophysiology	context,	MHM	
also	extracts	a	maximum	of	 information	from	the	data	while	using	
a	 minimum	 number	 of	 parameters—and	 degrees	 of	 freedom—to	
estimate	 the	 model,	 similar	 to	 using	 only	 a	 few	 principal	 compo-
nents	axes	 to	quantify	 the	major	 fraction	of	variation	 in	a	dataset	
(Buehler	 et	al.,	 2011;	 Pigeon	 et	al.,	 2013).	Here,	 “ordination”	 axes,	
fixed	 effects	 and	 (co)variances	 provide	 a	 complete	 understanding	
of	ecophysiological	data	at	a	glance	and	the	number	of	latent	vari-
ables	in	MHM	is	chosen	automatically	through	an	iterative	process	
(Bhattacharya	&	Dunson,	2011).	Multivariate	factor	analyses	carry	a	
trade-	off	between	using	a	sufficiently	simple	model	that	its	param-
eters	can	be	estimated	reliably	from	available	data	and	using	a	suffi-
ciently	complex	model	that	it	can	realistically	capture	the	main	forms	
and	dimensions	of	correlation	matrices	(Meyer	&	Kirkpatrick,	2008).	
While	this	is	also	true	for	joint	modelling,	the	automatic	selection	of	
the	number	of	 latent	variables	ensures	parsimony	and	makes	 joint	
models	much	more	powerful	 in	highlighting	 structures	 in	 the	data	
than	classic	multivariate	methods.

2  | MATERIAL S AND METHODS

2.1 | Study area, population and milk sample 
collection

The	Ram	Mountain	bighorn	sheep	population	is	located	in	Alberta,	
Canada	 (52°N,	 115°W,	 elevation	 1,080–2,170	m).	 Longitudinal	
monitoring	of	this	population	began	in	1973;	lambs,	yearlings,	adult	
males	and	females	are	captured	in	a	corral	trap	baited	with	salt	and	
monitored	daily.	 Lambs	 are	marked	during	 their	 first	 summer	 and	
their	 sex	 and	 age	 are	 recorded	 with	 their	 mother's	 identity	 (see	
Jorgenson,	 Festa-	Bianchet,	 Lucherini,	&	Wishart,	 1993	 for	 details	
on	the	sampling	design).	Most	births	in	1992–2016	occurred	in	late	
spring	(median	date:	May	30	±	13.4	days),	with	80%	of	lambs	born	
within	 a	 28-	day	 period.	 Lactation	 begins	 at	 birth,	 and	weaning	 is	
assumed	 to	 occur	 around	 mid-	September.	 Most	 adult	 ewes	 are	
captured	2–5	times	from	late	May	to	late	September.	From	2011	to	
2016,	milk	samples	(5–15	ml)	were	collected	in	plastic	tubes	at	each	
capture	of	a	lactating	ewe.	We	adjusted	individual	female	mass	to	5	
June	and	15	September	(Martin	&	Pelletier,	2011);	these	dates	match	
the	yearly	minimum	and	maximum	mass	of	adults,	respectively.	To	
ensure	that	milk	samples	were	comparable	and	that	females	partly	
sustained	 the	costs	of	 lactation,	we	only	 retained	mothers	whose	
lamb	 survived	 the	 neonatal	 period.	Overall	milk	 composition	was	
quantified	for	221	samples	from	34	mothers	(3.11	±	0.95	samples/
mother/year).	Presence	of	colostrum	was	recorded	in	~35%	of	the	
34	ewes	suggesting	we	have	data	from	the	beginning	of	the	lacta-
tion	period.	Samples	were	stored	at	−20°C	until	 laboratory	analy-
ses.	Milk	yield	was	not	quantified	and	time	since	last	suckling	was	
unknown.	 All	 animal-	handling	 procedures	 were	 approved	 by	 the	
Animal	Care	Committee	of	the	Université	de	Sherbrooke,	affiliated	

with	 the	Canadian	Council	 on	Animal	 care	 (protocols	FP-	2016-	01	
and	MFB-	2014-	01).

Milk	fatty	acid,	protein,	glucose	and	lactose	concentrations	were	
quantified	using	colorimetric	methods	(Smith	et	al.,	1985;	Atwood	&	
Hartmann,	1992;	Masuko	et	al.,	2005;	See	Supporting	 Information	
Appendix	S1).	Milk	minerals—calcium	(Ca),	iron	(Fe),	magnesium	(Mg),	
phosphorus	(P),	potassium	(K),	sodium	(Na)	and	zinc	(Zn)—were	ana-
lysed	using	a	two-	step	technique.	First,	milk	samples	were	prepared	
through	microwave	 digestion,	which	 isolated	 elements	 of	 interest	
in	 an	 acid	 solution	 (Application	 Note	 AM-	5	 Revision	 10-	8,	 CEM	
Corporation	 Microwave	 Sample	 Preparation	 Manual).	 Elemental	
analysis	 with	 inductively	 coupled	 plasma-	optical	 emission	 spec-
troscopy	(ICP;	Perkin-	Elmer	ICP	Optima	4300DV)	was	then	used	to	
isolate	the	different	milk	minerals.	Fatty	acid,	protein,	glucose	and	
lactose	concentrations	are	expressed	as	a	function	of	milk	volume	
(mg/ml)	while	mineral	concentrations	are	given	in	parts	per	million	
(weight	or	volume;	ppm).	We	repeated	analyses	of	any	sample	if	the	
coefficient	of	variation	was	20%	or	more	between	replicates,	to	en-
sure	the	microplate	reads	were	reliable.	Reads	on	the	ICP	were	car-
ried	out	in	triplicates	and	several	spectral	wavelengths	were	used	to	
confirm	repeatability	for	each	mineral	except	potassium,	for	which	
only	one	wavelength	was	available.

2.2 | Maternal traits

In	vertebrates,	mass	is	generally	positively	associated	with	reproduc-
tive	 success	or	 survival	 (Stearns,	 1992)—but	body	mass	 integrates	
skeletal	size	and	body	condition,	which	may	differentially	influence	
reproductive	 success	and	 respond	 to	different	 selective	pressures	
(Festa-	Bianchet,	1998).	Body	mass	mediates	the	influence	of	density	
and	weather	on	population	dynamics	of	large	mammalian	herbivores	
(Bonenfant	et	al.,	2009)	but	mass	changes	may	better	reflect	female	
body	condition	since	it	 is	relative	to	mass	at	the	beginning	of	each	
season	 (Pelletier	 et	al.,	 2007).	 Stored	 reserves	 used	 for	 reproduc-
tion	may	be	better	measured	by	mass	changes	than	absolute	body	
mass,	especially	 in	 “capital”	breeders	 (Stephens,	Boyd,	McNamara,	
&	Houston,	2009).	Bighorn	ewes	that	lost	or	weaned	lambs	gained,	
respectively,	 12%	 and	 14%	 less	 mass	 during	 summer	 than	 non-	
lactating	females	(Douhard	et	al.,	2018).	Maternal	winter	mass	loss	
is	indirectly	linked	to	increased	lamb	mortality	the	following	winter,	
through	reduced	summer	lamb	growth	(a	measure	of	maternal	repro-
ductive	effort	during	lactation;	Martin	&	Festa-	Bianchet,	2010).	We	
therefore	evaluate	the	effect	of	both	mass	in	June	and	September	
and	mass	changes	during	the	previous	winter	and	current	summer	
on	milk	composition	of	bighorn	ewes.

Our	 aim	 was	 to	 determine	 the	 reproductive	 consequences	 of	
winter	mass	 loss	 and	 summer	mass	 gain	on	milk	while	 accounting	
for	 initial	mass.	We	 first	 calculated	absolute	 summer	mass	gain	as	
the	difference	between	autumn	and	June	mass	 in	year	t.	Absolute	
winter	mass	loss	was	the	difference	between	June	mass	in	year	t and 
autumn	mass	in	year	t	−	1	(Douhard	et	al.,	2018).	We	then	calculated	
a relative	winter	mass	 loss	as	the	residual	of	a	regression	between	
autumn	mass	 in	year	 t	−	1	and	absolute	winter	mass	 loss	 (Douhard	



     |  861Journal of Animal EcologyRENAUD Et Al.

et	al.,	2018).	Large,	negative	values	of	residuals	represent	individuals	
that	lost	more	mass	over	winter	than	expected	from	their	body	mass	
the	previous	autumn.	Similarly,	we	measured	relative	summer	mass	
gain	 as	 the	 residuals	of	 a	 regression	between	 June	maternal	mass	
and absolute	 summer	gain	 (Douhard	et	al.,	2018).	Relative	 summer	
gain	and	winter	 loss	were	 thus	 included	as	explicative	variables	 in	
models	of	milk	components	(Figure	1).

2.3 | Statistical analyses

To	investigate	the	presence	of	differences	between	mothers	and	cor-
relations	between	physiological	markers,	we	modelled	milk	concen-
trations	 for	 each	macronutrient	 and	mineral	 using	 a	Bayesian	 joint	
modelling	 approach.	 Figure	2a,b	 conceptually	 illustrates	 the	 struc-
ture	of	the	data.	For	a	milk	sample	from	ewe	i	(out	of	n),	m milk com-
ponents	were	measured.	Using	these	data,	we	investigated	how	milk	
composition	was	structured	at	the	individual	level	of	biological	organ-
ization	by	including	a	random	effect	in	the	model	and	sampling	year	
as	a	covariate.	As	such,	we	assumed	that	mother's	 identity	was	the	
dominant	factor	structuring	milk	nutrient	composition	and	thus	cap-
tured	among-	individual	differences.	We	also	modelled	residual	corre-
lations	by	including	a	random	term	at	the	sample	level	(E	in	Figure	2c).

Because	 milk	 nutrients	 followed	 a	 Gaussian	 distribution	
across	 the	samples,	 the	model	we	used	 in	 this	 study	can	also	be	
understood	as	a	sophisticated	factor	analysis.	The	random	terms,	
accounted	 for	 with	 the	 one	 set	 of	 latent	 variables,	 varied	 with	
mother's	 identity	 (H)	 and	 sample	 (E)	 and	were	weighted	by	 their	
associated	regression	coefficients	(Λ)	(Figure	2b).	Specifically,	the	
joint	 model	 used	 to	 characterize	 milk	 composition	 accounts	 for	
sampling	 year	while	 investigating	 the	 variance	 of	mother's	 iden-
tity	and	sample	together	in	the	same	model	using	latent	variables	
(Figures	1	and	2b,c).

Latent	variables	can	be	used	to	model	interactions	among	milk	
components	by	assuming	that	Λ.j	~	N(0,	Ω),	where	Ω	is	a	covariance	
matrix.	 It	 is	 important	 to	 be	 aware	 that	Ω	 can	 also	 be	 calculated	
back	 through	Λt Λ where t	 is	 a	matrix	 transpose.	 The	 covariance	
matrix	Ω	can	be	used	to	assess	how	the	different	milk	components	
are	 related.	 However,	 to	make	 the	 interpretation	 of	Ω	 easier,	 we	
converted	it	to	a	correlation	matrix	with	values	ranging	from	−1	to	1.	
To	visualize	the	relationships	among	pairs	of	milk	components,	a	few	
approaches	can	be	used.	In	this	study,	we	propose	to	look	at	the	cor-
relations	at	the	individual	(Figure	3a)	and	residual	levels	(Figure	3b)	
directly.	Uncertainties—95%	credible	 intervals—around	correlation	
estimates	 were	 also	 calculated	 (referred	 to	 as	 “significant”	 when	

F IGURE  2  (a)	Ecophysiological	data	used	in	joint	modelling	of	bighorn	ewe	milk	composition,	Ram	Mountain,	Alberta,	Canada,	
2011–2016.	Milk	samples	(denoted	as	the	Y	matrix)	include	milk	nutrient	concentrations	collected	from	34	ewes	(mothers)	over	6	years.	
Each	milk	sample	represents	a	sampling	unit.	Mothers	were	sampled	repeatedly	within	seasons	(F1,	F2,	…)	as	conceptually	illustrated	by	
the	random	effect	presented	on	the	right	of	matrix	Y.	(b)	In	the	joint	model,	the	importance	of	the	random	effect	was	quantified	using	
latent	variables	and	their	associated	regression	coefficients	to	weight	the	importance	of	the	latent	variables.	Note	that	because	the	same	
mother	was	sampled	multiple	times	during	the	study	and	through	the	6	years	sampling	period,	this	redundancy	resulted	in	having	the	same	
value	associated	to	either	mother's	identity	for	latent	variables.	This	particularity	of	these	latent	variables	is	essential	for	the	model	to	be	
constructed.	It	is	caricaturized	in	the	figure	by	the	white	and	grey	blocks	in	the	illustration	of	matrix	H,	defining	mother's	identity.	(c)	The	
exact	definition	of	the	joint	model	is	expressed	here	in	matrix	notation,	which	also	includes	a	random	term	for	the	sample-	level	(residual)	
variance	(E).	In	this	modelling	approach,	the	regression	coefficients	associated	to	mother's	identity	(Λ)	are	estimated	by	controlling	for	the	
regression	coefficients	measuring	the	importance	of	sampling	year	(β).	The	structure	and	number	of	the	latent	variables	(H)	were	estimated	
following	the	procedure	described	by	Bhattacharya	and	Dunson	(2011)
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95%	CI	did	not	span	zero;	Supporting	Information	Figures	S1	and	S2	
in	Appendix	S4).

“Fe”	 concentration	was	 log-	transformed	 to	meet	 normality	 as-
sumptions.	None	of	the	other	response	variables	diverged	enough	
from	normality	to	be	of	concern	for	parameter	estimation.	We	cen-
tred	 and	 scaled	 all	 continuous	 variables	 to	 remove	 the	 effect	 of	

measurement	 units.	 The	 model	 parameters	 were	 estimated	 using	
Markov	 chain	Monte	 Carlo	 (MCMC).	We	 carried	 out	 5	 runs	 each	
with	a	different	set	of	starting	values	using	130,000	 iterations	 in-
cluding	30,000	burn-	in	iterations;	that	is,	the	first	30,000	iterations	
were	discarded	prior	to	using	the	remaining	100,000	iterations	for	
estimation	and	inference	(details	on	the	analyses	are	in	Supporting	
Information	Appendices	S2	and	S3).	We	assessed	model	convergence	
using	the	Gelman–Rubin	statistics	and	assumed	all	parameters	con-
verged	when	the	Gelman–Rubin	statistic	was	<1.1.	The	models	were	
refitted	with	an	additional	100,000	iterations	until	all	parameters	of	
the	model	converged.	All	Gelman–Rubin	statistics	converged	after	
100,000	iterations	(with	the	additional	30,000	burn-	in);	thus,	the	pa-
rameter	estimates	presented	in	this	study	were	calculated	from	the	
first	of	our	five	runs.	All	values	of	the	Gelman–Rubin	statistics	were	
below	1.08	(see	all	values	in	Supporting	Information	Appendix	S3).	
We	carried	out	all	joint	modelling	analyses	with	the	“HMSC”	package	
(Blanchet,	Tikhonov,	&	Norberg,	2017)	 through	R	version	3.3.3	 (R	
Core	Team,	2017).	Using	the	function	“Rsquared”,	we	calculated	co-
efficients	of	determination	(R2)	to	quantify	the	explanatory	power	of	
both	the	overall	model	and	each	response	variable.	The	upper	limit	
of	any	of	 these	R2	measure	 is	always	1,	which	corresponds	 to	 the	
ideal	 case	where	 the	model	 completely	 replicates	 the	 data.	Using	
R2	and	variation	partitioning,	we	expected	to	gain	a	deeper	under-
standing	of	how	yearly	and	individual	variations	were	important	in	
structuring	different	milk	components.	By	including	mother's	iden-
tity	as	a	random	effect,	we	partitioned	the	explained	variation	in	the	
model	between	random	and	fixed	effects	using	the	function	“vari-
Part”	of	“HMSC”.	Repeatability	(R)	was	estimated	for	each	trait	as	the	
among-	individual	variance	(VI)	divided	by	total	phenotypic	variance	
(VP)	 (where	VP	 is	 the	phenotypic	variance	conditional	on	 the	 fixed	
effects,	i.e.,	VP = VI + VR)	(Nakagawa	&	Schielzeth,	2010).	Prior	spec-
ification	for	the	joint	model	was	based	on	Bhattacharya	and	Dunson	
(2011)	(see	Supporting	Information	Appendix	S2).

Finally,	we	used	results	from	joint	modelling	to	further	explore	
the	effects	of	life-	history	parameters	on	physiology	and	whether	or	
not	milk	composition	is	related	to	lamb	summer	survival	(Figure	1).	
We	 investigated	 the	 influence	 of	 maternal	 body	 mass	 and	 mass	
changes	on	a	selected	subset	of	milk	parameters	for	which	interin-
dividual	variation	was	detected	to	test	the	hypothesis	that	heavier	
mothers	and	mothers	affording	greater	mass	changes	should	have	
“better”	milk	 than	 lighter	 ones.	 This	 new	multivariate	model	 con-
tained	 two	 random	 effects	 of	 mother's	 and	 sample	 identity	 and	
included	sampling	year	(a	six-	level	factor),	lamb	age	and	one	of	stan-
dardized	June	or	September	maternal	mass,	summer	or	winter	mass	
changes	 as	 fixed	effects.	We	 finally	modelled	weaning	probability	
(0	=	lamb	died	during	 summer,	1	=	survived	 to	weaning)	 as	a	 func-
tion	of	the	subset	of	milk	components	to	test	the	hypothesis	that,	
relative	to	mothers	that	lost	their	lambs	over	summer,	mothers	that	
weaned	 their	 lamb	 in	mid-	September	 should	have	a	different	milk	
composition.	We	adjusted	three	milk	components	with	30%	of	 in-
terindividual	 variation—Fe,	 K,	 Na—to	 50	days	 after	 lambing,	 using	
linear	mixed-	effect	models,	so	that	milk	composition	would	be	com-
parable	among	females.	Sampling	year	and	lamb	age	were	included	

F IGURE  3 Matrix	plots	show	correlations	between	pairs	of	
milk	components	at	the	individual	and	residual	levels	in	bighorn	
sheep,	Ram	Mountain,	Alberta,	Canada,	2011–2016.	Posterior	
means	and	quantiles	from	joint	modelling	were	used.	In	(a),	the	
matrix	represents	correlations	at	the	individual	level,	that	is	
among	mothers.	In	(b),	residual	(i.e.,	intraindividual)	correlations	
are	illustrated.	Blue	represents	negative	correlations	and	red	
represents	positive	correlations	between	pairs	of	markers	(online	
version).	Correlations	are	bounded	between	−1	and	1.	Plots	were	
drawn	using	the	“corrplot”	function	from	the	“corrplot”	R	package
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as	fixed	effects,	and	lamb	age	was	included	as	a	random	slope	over	
female	 identity	to	account	for	 female's	variability	 in	milk	composi-
tion.	We	used	the	resulting	adjusted	milk	markers,	with	parturition	
date	and	sampling	year,	as	explicative	variables	to	test	whether	milk	
components	 affected	weaning	 probability.	 Summer	mortality	 only	
occurred	in	3	years;	thus,	a	generalized	linear	model	was	used	since	
a	GLMM	did	not	converge.	We	carried	out	all	univariate	linear	mixed-		
and	 random-	effects	models	 using	 the	 “lmer”	 function	 available	 in	
the	“lme4”	R	package	(Bates,	Mächler,	Bolker,	&	Walker,	2015),	and	
we	used	the	function	“confint”	to	obtain	95%	confidence	 intervals	
around	parameter	estimates.	We	calculated	conditional	R2 accord-
ing	to	Nakagawa	and	Schielzeth	(2013).	Parameter	estimates	are	re-
ported	as	β	values	with	their	95%	confidence	intervals.

3  | RESULTS

The	 model	 converged	 after	 a	 total	 of	 five	 and	 seven	 latent	 vari-
ables	 were	 selected	 to	 describe	 inter-		 and	 intraindividual	 vari-
ances,	 respectively.	 Coefficient	 of	 determination	 (R2),	 averaged	
across	 all	 components,	 was	 0.74.	 Response	 variable-	specific	 R2 
varied	between	0.48	 (Fe)	and	0.98	 (P)	 (Figure	4,	Table	1;	 see	com-
parison	 with	 univariate	 analyses).	 Sampling	 year	 and	 mother's	
identity,	 respectively,	 explained,	 on	 average	 across	 all	 compo-
nents,	 ~29%	 and	 ~8%	 of	 total	 variation	 of	 the	 milk	 composition	
data	 (Figure	4).	 Figure	5	 illustrates	 the	 marginal	 posterior	 distri-
bution	of	parameter	estimates	of	 sampling	years;	 all	 95%	CI	over-
lapped	zero.	 Intraindividual	variation	was	modelled	as	 the	 residual	
variance	and	explained	~37%	of	total	variation	in	milk	composition.	
Repeatability	estimates	(ranging	between	0	and	1,	1	being	perfectly	

F IGURE  4 Variance	partitioning	in	milk	composition	among	
random	and	fixed	effects	in	bighorn	ewes,	Ram	Mountain,	Alberta,	
Canada,	2011–2016.	Each	bar	corresponds	to	one	milk	component	
and	is	ordered	according	to	the	variable-	specific	coefficient	of	
determination	(R2),	in	increasing	order.	Effects	of	sampling	year	
(fixed	effect)	are	shown	in	dark	blue,	while	mother	effects	(random	
effect)	are	presented	in	light	blue;	residual	variance	appears	in	
turquoise	(online	version).	The	legend	shows	mean	values	over	
the	milk	components,	multiplied	by	the	proportion	of	explained	
variance.	The	plot	was	generated	using	function	“variPart”	available	
in	the	“HMSC”	R	package	(Blanchet	et	al.,	2017) TA
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repeatable)	 obtained	 from	 the	 joint	 model,	 after	 conditioning	 on	
year,	 ranged	 from	 0.04	 (Mg)	 to	 0.64	 (K;	 mean	 R	=	0.22,	 Table	1,	
Supporting	Information	Figures	S3	and	S4	in	Appendix	S4).	Posterior	
modes	 were	 “distinct”	 from	 zero	 in	 lactose,	 Ca,	 K,	 Fe,	 Na	 and	 P	
(Supporting	 Information	 Figures	 S3	 and	 S4	 in	 Appendix	 S4—see	
the	comparison	with	a	GLMM	in	Supporting	Information	Figures	S5	 
and	S6	in	Appendix	S4).

Multivariate	hierarchical	modelling	of	milk	composition	revealed	
new	associations	that	were	not	evident	from	correlations	among	raw	
values	(Figure	3	and	Supporting	Information	Figure	S7	in	Appendix	
S4).	 At	 the	 individual	 level,	 credible	 intervals	 around	 two	 pairs	 of	
correlations	did	not	span	zero:	Lactose	–	K	(r	=	0.88	[−0.99	to	−0.49])	
and	K	–	Ca	(r	=	0.76	[−0.99	to	−0.02],	Supporting	Information	Figure	
S1	 in	Appendix	 S4).	We	 identified	 two	major	 classes	 of	 nutrients:	
macronutrients	(proteins,	fatty	acids,	glucose,	and	lactose),	and	min-
erals,	 which	 almost	 always	 correlated	 positively	 with	 each	 other,	
though	not	significantly	(Figure	3a).	Several	residual	correlations	re-
mained	(Figure	3b);	these	represented	residual	 (co)variances	at	the	
intraindividual	level	(E,	Figure	2c).

A	reduced	set	of	physiological	markers	was	used	 in	our	subse-
quent	analyses	and	included	Fe,	K	and	Na	concentrations	as	response	

variables,	which	 had	 at	 least	 30%	of	 their	 explained	 variance	 due	
to	mother's	identity.	Since	lactating	bighorn	ewes	gain	less	summer	
mass	than	non-	lactating	ones	(Douhard	et	al.,	2018;	Festa-	Bianchet,	
1998),	 we	 simultaneously	 included	 sampling	 year,	 lamb	 age,	 stan-
dardized	 June	and	September	mass,	 and	winter	and	summer	mass	
changes,	as	fixed	covariates	in	a	new	joint	model	of	milk	composition	
to	investigate	whether	a	female's	mass	changes	correlated	with	her	
milk	composition	 (Figure	1).	Full	parameter	estimates	are	 reported	
in	 Supporting	 Information	 Table	 S1	 in	 Appendix	 S4.	 Effects	 of	 
June	 (βJune	mass	=	−0.02	[−0.73	to	0.67])	and	September	 (βSept	mass = 
0.00	[−0.75	to	0.76])	maternal	mass	on	milk	composition	were	neg-
ligible	(Figure	6).	Similar	results	were	obtained	when	all	milk	param-
eters	were	 included	as	response	variables	 (Supporting	 Information	
Table	S2	in	Appendix	S4).

The	lack	of	effect	of	standardized	maternal	June	and	September	
mass,	 and	 mass	 changes	 on	 milk	 composition	 were	 confirmed	 by	

F IGURE  6 Density	plots	summarizing	the	marginal	posterior	
of	the	regression	parameters	linking	milk	composition	to	
sampling	year,	June	and	September	maternal	mass,	summer	
mass	gain,	winter	mass	loss,	lamb	summer	survival	and	lamb	age	
in	bighorn	sheep,	Ram	Mountain,	Alberta,	Canada,	2011–2016.	
Standardized	maternal	and	lamb	traits	were	directly	included	as	
fixed	effects	in	the	joint	model	of	milk	composition.	Mother's	
identity	and	a	sample-	level	factor	were	included	as	random	
effects.	The	shaded	region	under	the	curve	represents	the	95%	
uncertainty	intervals,	and	the	horizontal	line	represents	99%	of	
the	full	marginal	distribution	(for	graphical	purpose).	The	vertical	
black	line	represents	the	mean	parameter	estimate	across	all	
markers.	The	vertical	grey	line	is	drawn	on	zero	for	reference.	
Detailed	parameter	estimates	and	95%	credible	intervals	for	all	
combinations	of	response	variables	and	covariates	are	given	in	
Supporting	Information	Table	S2.	This	plot	was	constructed	with	
the	“bayesplot”	R	package

F IGURE  5 Density	plots	summarizing	the	marginal	posterior	
distributions	of	the	regression	parameters	linking	milk	composition	
to	sampling	year	in	bighorn	sheep,	Ram	Mountain,	Alberta,	Canada,	
2011–2016.	Mother's	identity	and	a	sample-	level	factor	were	
included	as	random	effects.	The	shaded	region	under	the	curve	
represents	the	95%	uncertainty	intervals,	and	the	horizontal	line	
represents	99%	of	the	full	marginal	distribution	(for	graphical	
purpose).	The	vertical	black	line	represents	the	mean	parameter	
estimate	across	all	markers.	The	vertical	grey	line	is	drawn	on	zero	
for	reference.	This	plot	was	constructed	with	the	“bayesplot”	R	
package
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an	additional	analysis	to	investigate	whether	these	traits	should	be	
quantified	 as	 consequences	 of	 variation	 in	 milk	 composition.	 We	
included	maternal	variables	and	milk	components	as	response	vari-
ables,	and	sampling	year	and	lamb	age	as	covariates	 in	a	new	joint	
model.	Heavier	mothers	in	June	and	September,	and	mothers	show-
ing	greater	mass	gain	and	greater	mass	loss	than	predicted	by	their	
initial	mass,	had	increased	concentration	of	fatty	acids	in	their	milk	
(Supporting	 Information	Figures	S8	and	S9	 in	Appendix	S4).	 Lamb	
survival	to	weaning	was	either	not	related	or	marginally	related	to	
milk	composition	 (βfe	=	10.66	 [−1.92	to	29.19],	βk	=	−1.28	 [−4.24	to	
0.81],	βna	=	−4.74	[−12.83	to	−0.92]),	suggesting	little	to	no	impact	of	
milk	composition	on	survival	in	this	sample.

4  | DISCUSSION

Joint	modelling	allowed	us	 to	quantify	 individual	differences	 in	11	
milk	 macronutrients	 and	 minerals	 jointly	 with	 their	 level-	specific	
correlations,	 after	 accounting	 for	 annual	 variation	 in	milk	 compo-
sition.	 Level-	specific	 correlations	 are	 difficult	 to	 estimate	 because	
small	sample	sizes	and	large	number	of	correlated	traits	often	char-
acterize	ecological	studies.	Standard	multilevel	or	mixed	modelling	
approaches	 facilitate	 breakdown	 of	means,	 but	 not	 of	 correlation	
structures,	across	hierarchical	 levels	(but	see	Macciotta,	Vicario,	&	
Cappio-	Borlino,	2006).	Using	 this	 framework,	we	 found	 that	year-	
to-	year	 variability	 accounted	 for	 approximately	 one-	third	 of	 the	
total	variance	in	milk	composition.	Importantly,	we	found	small	but	
significant	repeatable	 intermother	differences	 in	milk	composition.	
Around	10%	of	explained	variance	was	due	to	maternal	identity	in	all	
components	except	fatty	acid,	Mg	and	P	concentrations.	Maternal	
mass	and	mass	changes	were	positively	associated	with	milk	 fatty	
acid	concentration,	but	we	found	no	effect	of	milk	composition	on	
lamb	survival	to	weaning.

Our	 study	 reveals	 little	 to	 moderate	 individual	 differences	
in	 milk	 composition	 after	 accounting	 for	 year-	to-	year	 variations.	
Repeatability	 estimates	provided	by	 joint	modelling	 averaged	0.22	
across	all	milk	components;	K	concentration	was	the	most	repeatable	
component.	We	suggest	that	using	full	information	from	correlated	
markers	 and	 latent	 variables	 to	 parameterize	 (co)variance	matrices	
provide	increased—and	fast—parameter	estimates	similar	to	available	
methods	in	quantitative	genetics	(Meyer,	2009;	Walling	et	al.,	2014).	
The	maternal	variance	component	for	fatty	acid	concentration—and	
other	markers—was	systematically	low,	potentially	because	unmea-
sured	environmental	variables	explain	most	variation	in	this	trait.	This	
is	in	contrast	with	studies	reporting	considerable	between-	individual	
variation	in	milk	fat	content	in	wild	mammals	(e.g.,	harbour	and	grey	
seals;	Lang,	Iverson,	&	Bowen,	2005,	2009).	Our	low	sample	size—six	
sampling	years—may,	however,	prevent	generalization	on	a	mother's	
ability	to	acquire	resources	and	modulate	milk	composition	according	
to	year-	to-	year	variation.	One	important	question	is	whether	or	not	
correlation	structure	within	milk	composition	would	be	stable	over	
time.	Our	repeatability	estimates	showed	a	tendency	for	some	milk	
components	to	be	constant	within	individuals,	but	it	is	also	possible	

that	 physiology	 changes	 as	 individuals	 age	 (Beamonte-	Barrientos,	
Velando,	 Drummond,	 &	 Torres,	 2010;	 Nussey,	 Watt,	 Pilkington,	
Zamoyska,	&	McNeilly,	2012).	Only	continued	monitoring	and	 lon-
ger	datasets	would	provide	better	repeatability	estimates	and	would	
help	to	assess	whether	or	not	milk	composition	can	be	qualified	using	
individual	covariances	between	traits.

Individual-	level	correlations—estimated	through	five	latent	vari-
ables—among	 macronutrients	 and	 among	 minerals	 were	 mostly	
positive,	 while	 correlations	 between	macronutrients	 and	minerals	
were	mostly	 negative.	 Large	 uncertainties	 remained	 around	most	
correlation	 estimates,	 and	 several	 residual	 correlations	 remained	
unexplained	 by	 the	model.	 The	 only	 significant	 associations	were	
lactose	 –	 K	 and	 Ca	 –	 K;	 both	 were	 negative	 correlations.	 What	
generated	 these	 biological	 associations	 is	 unknown,	 but	 all	 these	
markers	were	 also	 repeatable	 among	mothers.	 Temporal	 variation	
in	nutrient	availability	partly	explains	associations	among	minerals,	
and	between	mass	gain	and	minerals	found	in	the	forage	of	migrat-
ing	caribou	(Oster,	Barboza,	Gustine,	Joly,	&	Shively,	2018).	For	in-
stance,	P	and	K	are	associated	with	photosynthetic	parts	and	decline	
as	plants	senesce,	while	Ca,	Fe	and	Zn	are	 tied	 to	structural	com-
ponents	and	may	 increase	 in	concentration	with	plant	 senescence	
(Oster	et	al.,	2018).	Individuals	would	integrate,	through	changes	in	
body	mass	and	composition,	temporal	variation	in	nutrient	content;	
associations	between	milk	nutrients	could	similarly	be	explained,	but	
perhaps	only	the	most	stable	macro-		or	micronutrients	would	show	
associations	at	the	individual	level.

Despite	 the	 link	 between	 body	mass	 and	 condition	 in	 bighorn	
sheep	(Festa-	Bianchet,	1998;	Festa-	Bianchet,	Gaillard,	&	Jorgenson,	
1998),	 June	 and	 September	 maternal	 mass,	 and	 seasonal	 mass	
changes,	showed	little	or	no	association	with	milk	composition,	ex-
cept	when	fatty	acid	concentration	and	maternal	traits	where	all	in-
cluded	as	response	variables	in	the	joint	model.	Mothers	showing	a	
greater	mass	gain	and	winter	mass	loss	than	expected	by	their	June	
and	previous	September	mass,	respectively,	showed	increased	fatty	
acid	concentration.	Year-	to-	year	variations	potentially	impacted	fatty	
acid	concentration	via	maternal	mass	changes,	partly	explaining	pos-
itive	 associations	between	 fatty	 acid	 concentrations	 and	maternal	
traits,	and	a	very	low	individual	variance	component	in	this	marker.	
We	acknowledge,	however,	that	the	use	of	residuals	to	calculate	sea-
sonal	mass	 changes—“controlling”	 for	 initial	mass—may	 lead	 to	 bi-
ased	parameter	estimates	and	more	importantly,	omits	uncertainty	
around	parameter	estimates,	compared	to	using	multiple	regressions	
(Freckleton,	2002).	Our	effect	sizes	may	be	overestimated	because	
correlated	 variables	 are	 used	 in	 residual	 regressions	 and	 we	 thus	
suggest	caution	in	interpreting	biological	conclusions.	Nevertheless,	
seasonal	mass	changes	are	 likely	 to	better	 reflect	associations	be-
tween	a	female's	body	condition	and	milk	composition	than	maternal	
mass	per	se.	Our	results	support	studies	showing	the	importance	of	
stored	energy	to	sustain	the	costs	of	reproduction,	that	is	“capital”	
breeding	 (Festa-	Bianchet,	1998;	Williams	et	al.,	 2017).	 In	 addition,	
our	results	support	the	contention	that	females	in	better	“condition”	
would	afford	to	increase	the	amount	of	fat	in	milk	(Barboza,	Parker,	
&	Hume,	2009;	Mavrogenis	&	Papachristoforou,	1988).
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The	difficulty	in	detecting	strong	links	between	physiology	and	
life-	history	traits	suggests	that	correlations	between	milk	compo-
sition	and	fitness	reported	in	previous	studies	(Landete-	Castillejos,	
García,	 &	 Gallego,	 2001;	 Landete-	Castillejos,	 García,	 López-	
Serrano,	 &	 Gallego,	 2005;	 Quesnel	 et	al.,	 2017;	 Skibiel	 &	 Hood,	
2015)	might	be	driven	by	a	direct	influence	of	environmental	varia-
tion	and	not	by	a	maternal	strategy.	Our	data	cannot	clearly	distin-
guish	whether	mothers	have	no	control	on	the	content	of	their	milk	
or	have	“flexible”	milk	composition	in	face	of	environmental	varia-
tion.	Milk	composition	differs	among	mothers,	despite	the	lack	of	
clear	evidence	that	females	with	a	surplus	of	energy	allocate	that	
energy	to	milk.	Importantly,	milk	composition	showed	no	associa-
tion	with	lamb	weaning	probability,	but	we	included	only	females	
that	 gave	 birth	 and	 lactated	 in	 our	 analyses.	 Females	 unable	 to	
produce	lambs	do	not	appear	in	the	analyses,	which	generates	an	
“invisible	fraction”	in	our	study,	that	is	individuals	subject	to	viabil-
ity	 selection	before	 the	 trait	 is	measured	 (Grafen,	1988).	Several	
reasons	for	not	reproducing	include	low	body	condition	or	infertil-
ity	during	conception;	correlations	between	these	traits	and	future	
reproductive	 success	may	not	 involve	milk	 composition	 at	 all,	 as	
analyses	of	individual	fitness	are	necessarily	conditioned	on	the	in-
dividuals	that	are	actually	observed.	It	is	also	possible	that	females	
reduce	 their	 own	 survival	 to	maintain	 lactation	 and	 to	 prioritize	
their	lamb's	survival	to	weaning,	similar	to	age-	related	resource	ac-
quisition	and	allocation	strategies	in	female	Soay	sheep	(Ovis aries,	
Garnier	 et	al.,	 2017;—but	 see	 Festa-	Bianchet	 &	 Jorgenson,	 1998	
for	“selfish”	strategies	in	bighorn	ewes).	The	effects	of	lactation	on	
lamb	survival	would	 thus	become	difficult	 to	detect	unless	 long-	
term	female	survival	is	also	investigated.	Finally,	perhaps	females	
allocate	resources	primarily	to	milk	production	or	are	able	to	pro-
duce	milk	of	adequate	“quality”	to	sustain	their	lambs,	regardless	of	
annual variation in the environment.

Joint	 modelling	 offers	 an	 active	 avenue	 to	 partition	 variation	
into	 spatial,	 temporal,	 ecological	 and/or	 individual	 components	 in	
physiological	traits.	Similar	to	other	physiological	systems	(e.g.,	the	
immune	system—Pigeon	et	al.,	2013),	milk	composition	may	not	be	
captured	 by	 one	 or	 two	 components;	 the	 interpretation	 of	multi-
ple	markers	 is	 challenging	due	 to	 their	 large	numbers,	 their	 level-	
specific	correlations	and	their	variability	across	temporal	and	spatial	
scales.	Latent	variables	are	especially	useful	to	extract	information	
from	multiple,	correlated	markers	in	view	of	low	sample	sizes	typ-
ical	of	ecological	 studies.	MHM	complements	multivariate	models	
(e.g.,	 “character	 state”	models;	 Houslay	 &	Wilson,	 2017;	Houslay,	
Vierbuchen,	 Grimmer,	 Young,	 &	Wilson,	 2018)	 in	 unravelling	 the	
relative	contributions	of	phenotypic	plasticity	and	adaptive	change	
in	physiological	 and	behavioural	variation,	 and	could	be	easily	ex-
tended	beyond	the	ecophysiology	of	lactation	to	other	physiological	
systems.	Low	repeatability	in	milk	components,	and	few	correlations	
at	 the	 among-	individual	 level	 could	 indicate	 plastic	 strategies	 to	
cope	with	varying	abiotic	or	biotic	conditions	(Buehler	et	al.,	2012).	
As	ecological	conditions	can	influence	the	degree	of	individual	vari-
ation	 in	physiological	markers	and	fitness	simultaneously	 (Graham	
et	al.,	 2010;	 Marrot,	 Garant,	 &	 Charmantier,	 2015),	 studies	 on	

ecophysiology	would	gain	in	assessing	first	the	sources	of	variability	
in	markers.	If	the	research	goal	is	to	link	physiological	performance	
(e.g.,	 a	 physiological	 “score”)	 to	 fitness,	 repeatable	markers	 at	 the	
individual	level	should	be	used	especially	if	markers	are	repeatable	
over	the	same	time	frame	that	fitness	variance	is	being	assayed	(e.g.,	
lifetime	 fitness	 or	 a	 period	 of	 overwinter	 mortality).	 Considering	
ecological	complexity	within	a	single	framework	should	encourage	
further	research	to	facilitate	incorporation	of	physiological	markers	
with	demographic	fitness	parameters,	and	to	tease	apart	the	rela-
tive	 importance	of	evolutionary	and	ecological	processes	 involved	
in	ecophysiological	systems.
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