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Biological systems are typically dependent on transportation networks for the efficient distribution of 

resources and information. Revealing the decentralised mechanisms underlying the generative process of 

these networks is key in our global understanding of their functions and is of interest to design, manage 

and improve human transport systems. Ants are a particularly interesting taxon to address these issues 

because some species build multi-sink multi-source transport networks analogous to human ones. Here, by 

combining empirical field data and modelling at several scales of description, we show that pre-existing 

mechanisms of recruitment with positive feedback involved in foraging can account for the structure of 

complex ant transport networks. Specifically, we find that emergent group-level properties of these 

empirical networks, such as robustness, efficiency and cost, can arise from models built on simple 

individual-level behaviour addressing a quality-distance trade-off by the means of pheromone trails. Our 

work represents a first step in developing a theory for the generation of effective multi-source multi-sink 

transport networks based on combining exploration and positive reinforcement of best sources. 

1.	Introduction	

Transport	networks	are	encountered	across	all	biological	levels,	from	the	cardiovascular	

and	respiratory	systems	in	vertebrates	[1],	to	multicellular	fungi	[2]	and	social	insect	nests	

[3].	Biological	transport	networks	achieve	global	optimisation	without	centralised	control,	

through	self-organisation	[4,5].	Studying	the	cost,	robustness	and	efficiency	of	biological	

transport	networks	can	therefore	aid	in	designing,	managing	and	improving	human	

systems	that	transport	people,	energy,	products	or	information.	

Multi-source	multi-sink	transport	networks,	in	which	commodities	and	passengers	flow	

within	complex	networks	between	multiple	locations,	pose	particular	challenges	for	design	

and	management	[e.g.	6].	These	human	transport	systems	could	benefit	from	a	better	

understanding	of	the	mechanisms	underlying	the	emergence	and	dynamics	of	biological	



multi-source	multi-sink	transport	networks,	shaped	by	evolutionary	processes.	Impressive	

transport	networks	of	this	type	are	formed	by	colonies	of	certain	"polydomous"	ant	

species,	which	are	distributed	across	multiple	spatially	separated	nests	connected	to	each	

other	and	to	foraging	patches	by	a	network	of	trails	[7].	Several	polydomous	species	form	

nest	networks	with	global	properties	making	the	structure	efficient,	low	cost	in	terms	of	

total	trail	distance	yet	still	robust	to	some	trail	disruption	[8,9].	At	the	colony	level,	

polydomous	ants	face	the	challenge	of	distributing	resources	from	multiple	sources	to	the	

many	nests	of	the	network,	resonating	with	human	multi-source	multi-sink	problems.	

Ecologically	dominant	wood	ants	(Formica	rufa	group)	can	form	especially	stable	and	

empirically	tractable	resource-exchange	networks	that	connect	numerous	nests	and	food	

patches	[10,11].	Workers	forage	from	their	habitual	nest	of	origin	either	to	trees	(food	

patches	providing	hemipteran	honeydew),	or	to	other	nests	of	the	colony	that	they	treat	as	

food	sources	[12–15].	Hence,	the	resulting	multi-source	multi-sink	transport	networks	are	

hypothesised	to	result	from	a	self-organised	process	occurring	at	the	scale	of	the	nests	

[9,16,17].	However,	little	is	known	about	the	possible	mechanisms	underlying	a	self-

organised	process	leading	to	such	networks.	Pre-existing	ant	foraging	mechanisms	are	

hypothesised	to	facilitate	the	evolution	of	polydomous	resource-exchange	networks	[15],	

but	whether	there	is	a	link	between	these	mechanisms	and	network	structure	is	uncertain.	

In	social	insects,	foraging	is	often	a	complex	decision-making	process	consisting	of	

retrieving	resources	from	an	uncertain	environment	to	a	central	depot	–	the	nest.	At	the	

macroscopic	scale,	colonies	face	the	challenge	of	optimally	allocating	workers	to	food	

resources	to	maximise	resource	intake	while	minimising	transportation	costs	[18].	An	

important	part	of	this	challenge	lies	in	the	quality-distance	trade-off,	whereby	colonies	may	

benefit	from	allocating	workers	to	either	the	most	valuable	resources	or	the	closest	ones	

(reducing	worker	loss	and	time/energetic	expenditure)	[19].	Recruitment	with	positive	

feedback	in	foraging	ants	usually	favours	the	highest	quality	resources	[20–24]	and/or	the	

closest	resources	[25,26].	Theoretical	models	combined	with	robot	experiments	show	that	

pheromone	laying	is	a	reliable	behavioural	mechanism	to	optimally	address	quality-

distance	trade-offs	[27,28].	

Here,	we	aim	to	characterise	the	candidate	mechanisms	leading	to	the	formation	of	

effective	multi-source	multi-sink	transport	networks.	Specifically,	we	investigate	the	

hypothesis	that	well-studied	foraging	mechanisms	could	explain	the	structure	of	resource	

exchange	networks	in	polydomous	ants.	We	use	field	data	on	wood	ants	to	(1)	develop	a	

pheromone-recruitment	model	whose	predictions	are	evaluated	in	terms	of	choices	

regarding	food	sources	of	varying	distance	and	quality	at	the	level	of	the	colony.	These	

predictions	are	then	used	in	a	second	model	of	network	morphogenesis	at	the	colony	level	

investigating	(2)	to	what	extent	recruitment	mechanisms	with	positive	feedback	can	

account	for	the	structural	properties	of	polydomous	resource	exchange	networks.	Rather	

than	developing	a	generative	network	model	optimising	macroscopic	metrics,	we	instead	

test	the	hypothesis	that,	through	self-organisation	and	decentralised	decision-making,	

simple	and	local	rules	of	recruitment	can	give	rise	to	complex	multi-source	multi-sink	

networks	balancing	cost,	efficiency	and	robustness	at	the	colony	level.	The	methodology	we	

follow,	combining	modelling	at	several	scales	of	description	and	empirical	field	data,	is	

summarised	in	electronic	supplementary	material,	figure	S1.	



2.	Pheromone	recruitment	model	(methods	and	results)	

The	combined	effects	of	food	quality	and	distance	on	foraging	traffic	in	complex	and	

dynamic	environments	have	not	been	thoroughly	investigated.	In	particular,	we	do	not	

know	how	the	number	of	ants	on	each	trail	(i.e.	the	allocation	of	workers	at	the	colony	

level)	varies	as	a	function	of	the	quality	of	the	food	source	and	the	length	of	the	trail.	The	

study	of	this	variation	is	based	on	the	idea	that	the	presence	of	an	ant	on	a	trail	can	be	seen	

at	the	colony	level	as	a	vote	of	the	individual	in	favour	of	the	resource	connected	to	the	

trail.	The	higher	this	number,	the	more	the	colony	allocates	workers	to	a	food	source	and	

votes	in	its	favour.	The	variation	in	the	number	of	ants	committed	to	a	trail	changes	with	

the	quality	of	sources	depending	on	three	mechanisms:	spontaneous	discovery	of	food	

sources	due	to	scouting,	recruitment	with	positive	feedback,	and	ants	leaving	the	trail	[29–

31].	In	this	model	(referred	to	as	the	Sumpter	and	Beekman	model	thereafter),	the	change	

in	the	number	of	ants	𝑋! 	committed	to	a	trail	𝑖	in	a	situation	where	the	focal	nest	is	

connected	to	𝐽	food	patches	of	quality	𝑞	is	

d𝑋!

d𝑡
= [𝐴 + 𝐵(𝑞! ,𝑋!)](𝑁 − 𝑋!

!

!!!

)− 𝑆(𝑋!)𝑋! ,  (1)	

where	𝐴,	𝐵	and	𝑆	are	the	per	capita	rate	of,	respectively,	spontaneous	discoveries	of	food	

sources,	recruitment	to	food	source	𝑖,	and	leaving	the	trail	𝑖	[29,30].	The	term	(𝑁 −

𝑋!
!

!!! ),	with	𝑁	the	number	of	ants	available	for	foraging	in	the	nest,	represents	the	

number	of	ants	not	committed	to	any	trail.	However,	in	the	Sumpter	and	Beekman	model	

the	three	mechanisms	do	not	depend	on	distance,	even	though	distance	probably	has	a	

great	influence	on	foraging	success.	

To	examine	how	the	quality	of	a	food	source	and	its	distance	from	the	nest	interact	to	

influence	ant	foraging,	we	reformulate	the	Sumpter	and	Beekman	model	to	make	all	three	

mechanisms	dependent	not	just	on	quality,	but	also	distance.	The	model	can	be	

reformulated	as	

d𝑋!

d𝑡
= [𝐴(𝑑!)+ 𝐵!(𝑑! , 𝑞! ,𝑋!)](𝑁 − 𝑋!

!

!!!

)− 𝑆(𝑑! , 𝑞! ,𝑋!)𝑋! ,  (2)	

where	𝑑! 	and	𝑞! 	are	the	distance	to	and	the	quality	of	the	source	𝑖.	

How	does	the	per	capita	rate	of	spontaneous	discovery	of	food	sources	𝐴(𝑑!)	depend	on	

distance?	Firstly,	we	assume	that	workers	from	a	given	nest	looking	for	food	resources	(so-

called	scouts)	are	not	homogeneously	distributed	in	space:	they	are	more	likely	to	be	found	

closer	to	their	nest	of	origin	than	elsewhere.	We	checked	this	important	assumption	in	

electronic	supplementary	material,	section	D	by	analysing	available	published	data	of	

single	Temnothorax	albipennis	ants	exploring	the	area	around	their	nest	entrance	[32].	A	

possible	underlying	behavioural	mechanism	is	that	scouts	that	are	still	looking	for	food	

have	a	probability	of	returning	to	their	home	nest	[33]	that	remains	constant	over	time	

(see	discussion	in	electronic	supplementary	material,	section	D).	With	such	a	behaviour,	



the	distribution	of	distance	of	scouting	ants	from	their	home	nest	will	be	exponential.	While	

some	ant	species	may	use	chemical	cues	to	direct	exploration	[34],	for	simplicity	we	omit	

the	effects	of	such	behaviour.	Thus,	we	write	the	rate	of	spontaneous	discovery	of	food	

sources	

𝐴(𝑑!) = 𝛼𝑒
!!!!! ,  (3)	

with	𝛼	controlling	the	per	capita	rate	of	spontaneous	discoveries	and	𝛾!	a	coefficient	of	

inverse	length	dimension	reflecting	the	range	of	foraging	of	scouts.	

We	also	assume	that	recruitment	mechanisms	mainly	rely	on	pheromone	trails,	at	least	in	

the	emergence	phase	of	the	trail;	other	processes	may	be	involved	after	the	trail	formation,	

such	as	workers	remembering	the	location	of	the	food	source.	When	scouts	find	a	food	

source,	they	lay	pheromones	on	their	way	back	to	the	nest,	in	order	to	recruit	other	

workers.	This	mechanism	can	eventually	lead	to	the	formation	of	a	trail,	through	positive	

feedback	when	reinforced	by	many	ant	passages.	The	trail	may	not	be	reinforced	if	the	rate	

of	ants	returning	to	the	nest	via	the	emerging	trail	is	too	low	because	of	the	combined	

effects	of	diffusion	and	evaporation	of	pheromones.	Increasing	the	distance	between	a	food	

source	and	the	nest	will	make	the	reinforcement	of	the	trail	harder	due	to	the	evaporation	

of	pheromones:	for	the	trail	to	be	equally	attractive	to	recruit	other	workers	when	the	

distance	is	increased,	more	ants	returning	and	depositing	pheromones	are	required	[26].	In	

this	condition,	per	capita	rate	of	recruitment	is	inversely	proportional	to	distance.	Thus,	we	

set	the	per	capita	rate	of	recruitment	to	food	source	𝑖	for	uncommitted	ants	to	

𝐵!(𝑑! , 𝑞! ,𝑋!) =
𝛾!

𝑑!
𝛽!𝑋! ,  (4)	

where	𝛾!	is	the	range	of	the	recruitment	activity	(length	dimension),	reflecting	the	range	

over	which	ants	sense	pheromones,	and	𝛽! = 𝜂𝑞! 	indicates	how	much	each	ant	along	the	

trail	to	𝑖	contributes	to	the	rate	of	recruitment	to	source	𝑖,	which	is	proportional	to	quality	

𝑞! .	

As	for	the	per	capita	rate	of	ants	leaving	the	trail,	we	assume	two	distinct	effects:	(i)	there	is	

a	probability	for	ants	to	leave	a	trail	they	are	following,	which	is	constant	per	distance	unit	

and	(ii)	this	probability	decreases	when	the	strength	of	the	pheromone	trail	
!!

!!

𝛽′!𝑋! 	

increases.	𝛽′! = 𝜂′𝑞! 	depicts	the	proportional	relationship	between	the	pheromone	

strength	of	the	trail	and	quality	and	𝛾!	is	the	range	of	influence	of	the	pheromone	(length	

dimension).	Note	that	the	dimension	of	𝛽′! 	(Number	of	ants
!!
)	differs	from	𝛽! 	

(Number	of	ants
!!
×Time

!!).	Thus,	we	write	the	rate	of	leaving	the	trail	leading	to	food	

source	𝑖	as	

𝑆(𝑑!) =
𝑠𝑑!

𝐾 +
𝛾!
𝑑!
𝛽′!𝑋!

,  (5)	

with	𝑠	the	per	capita	rate	of	ants	leaving	the	trail	per	distance	unit.	The	term	𝐾	accounts	for	

possible	persistence	or	inertia	effects	which	could	be	the	result	of,	for	instance,	the	memory	

of	food	location	over	winter	or	the	establishment	of	physical	trails	over	time	improving	



efficiency	and	stability	of	chemical	trails	[12,14].	When	there	are	very	few	foragers,	a	

constant	proportion	∼
!!!

!
	of	them	are	lost	from	the	trail.	As	the	number	of	foragers	on	the	

trail	increases,	this	proportion	decreases.	Finally,	when	there	are	very	many	foragers,	a	

constant	number	of	foragers	is	lost,	∼ 𝑠𝑑! .	That	is,	the	trail	becomes	more	effective	at	

retaining	foragers	as	traffic	increases,	but	that	increased	effectiveness	saturates	for	high	

traffic	levels.	The	pheromone-recruitment	model	including	distance	𝑑! 	between	the	nest	

and	a	food	source	𝑖	can	thus	be	formulated	as	

d𝑋!

d𝑡
= 𝛼𝑒

!!!!! +
𝛾!

𝑑!
𝛽!𝑋! 𝑁 − 𝑋!

!

!!!

−
𝑠𝑑!

𝐾 +
𝛾!
𝑑!
𝛽′!𝑋!

𝑋! ,  (6)	

where	𝛾!,	𝛾!	and	𝛾!,	are	weighting	coefficients	respectively	of	inverse	length,	length	and	

length	dimensions.	These	three	parameters	control	the	effect	of	distance	on	scouting,	and	

pheromone	following	behaviour	in	recruitment	and	trail	departures,	allowing	the	model	to	

potentially	describe	the	behaviour	of	a	variety	of	ant	species	(electronic	supplementary	

material,	figure	S3).	Dimensions	of	all	variables	are	reported	in	electronic	supplementary	

material,	Table	S1.	To	validate	our	model	in	the	absence	of	empirical	data	regarding	the	

individual-scale	dynamics	of	a	system	in	which	distance	and	quality	are	varied,	we	

developed	an	agent-based	model	of	foraging	ants	compatible	with	existing	knowledge	of	

pheromone	recruitment	(see	electronic	supplementary	material,	section	A).	The	set	of	

assumptions	of	our	pheromone-recruitment	model	is	supported	by	the	agent-based	model,	

which	predicts	similar	qualitative	dynamics	(electronic	supplementary	material,	section	C	

and	figure	S4).	Namely,	both	models	predict	the	same	effects	of	colony	size	(trail	formation	

is	faster	in	larger	colonies),	quality	(trail	formation	is	faster	and	final	traffic	higher	with	

food	sources	of	higher	quality)	and	distance	(trails	are	more	difficult	to	form	when	distance	

increases).	This	demonstrates	that	the	differential-equation	model	proposed	here	

successfully	captures	the	qualitative	dynamics	generated	by	well-studied	spatially	explicit	

processes	of	individual	exploration,	recruitment,	and	leaving	the	trail	when	resources	

differ	in	both	quality	and	distance.	



	

Figure	1:	a-c).	Results	of	the	500000	simulation	runs	of	the	pheromone-recruitment	model	

(Equation	6)	with	parameters	𝛼 = 0.75 day!!,	𝛾! = 0.2 m!!,	𝛾! = 0.021 m,	𝛾! = 0.021 m,	

𝑠 = 3.5 m!! day!!,	𝐾 = 1,	𝜂 = 20 mol!! ant!! day!!,	𝜂′ = 20 mol!! ant!!	and	𝑁 = 10000.	

Distributions	of	the	average	distance	(a)	and	quality	(b)	of	exploited	food	sources	weighted	by	

the	number	of	recruited	ants	(bars).	Black	lines	are	the	available	food	source	input	

distributions,	red	line	is	a	fitted	exponential	distribution,	bars	are	simulation	results.	c).	

Weighted	average	of	the	distance	as	a	function	of	the	weighted	average	of	the	quality	for	

exploited	food	sources	(black	dots,	mean±se	of	quality	for	binned	distances).	Blue	dots	show	

the	result	of	each	simulation	run.	d).	Empirical	distribution	of	lengths	of	trails	in	F.	lugubris	

polydomous	networks.	Dotted	line	shows	the	exponential	distribution	used	as	input	in	the	

morphogenesis	model.	

We	ran	simulations	of	the	pheromone	recruitment	model	in	a	simple	configuration	with	

one	central	nest	and	five	food	sources	(electronic	supplementary	material,	section	B).	The	

quality	and	the	distance	between	food	sources	and	the	nest	are	both	uniformly	distributed	

(𝒰(0,20)	and	𝒰(0,55)	respectively).	To	evaluate	the	decentralised	choice	of	ants	at	the	



colony	level	from	the	dynamics	of	trail	formation	in	our	pheromone-recruitment	model,	the	

state	after	5000	time	steps	is	saved	and	the	average	distance	and	average	quality	weighted	

by	the	number	of	ants	committed	to	the	trails	are	monitored	for	each	simulation.	We	find	

that	(i)	the	distribution	of	the	weighted	average	distances	to	exploited	food	sources	is	

exponential	(figure	1a)	and	(ii)	the	distribution	of	the	weighted	average	quality	of	exploited	

food	sources	is	biased	towards	better	quality	food	sources	compared	to	the	initial	

distribution	(figure	1b).	Qualitatively	similar	results	were	observed	for	another	set	of	

parameters	(electronic	supplementary	material,	figure	S3).	These	results	show	that	in	this	

model,	ants	successfully	address	the	trade-off	between	distance	and	quality	by	minimising	

distance	to	food	sources,	while	simultaneously	selecting	for	higher	quality	on	average.	As	a	

result,	short	trails	are	favoured	but	long	trails	can	still	persist	if	the	food	source	is	valuable	

to	the	nest	(figure	1c).	To	optimise	the	allocation	of	workers	by	considering	both	quality	of	

resources	and	distance	thus	results	in	a	geometric	distribution	of	the	rank	of	distance	of	

the	chosen	sources	(electronic	supplementary	material,	figure	S2).	

To	assess	the	hypothesis	that	polydomous	networks	are	generated	by	pheromone-

recruitment	foraging	mechanisms,	we	next	compared	the	properties	of	foraging	trails	

generated	by	our	model	to	those	found	in	empirical	red	wood	ant	networks.	Polydomous	

ant	colony	networks	formed	by	a	range	of	species	are	not	well	described	by	rules	

minimising	the	total	length	of	trails,	for	instance	by	being	connected	only	to	nearest	nodes	

(i.e.	nests	or	food	patches);	instead	there	are	additional	long	trails	connecting	distant	nests	

together	[8].	By	analysing	an	extensive	field	dataset	collected	over	7	years	on	red	wood	

ants,	Formica	lugubris	(see	electronic	supplementary	material,	section	F	for	empirical	

method	details),	we	show	that	wood	ants	do	not	always	make	connections	with	the	closest	

nest	only	(electronic	supplementary	material,	figure	S8a)	and	that	the	length	of	the	trails	is	

exponentially	distributed	(figure	1d).	This	last	result	shows	that,	in	general,	wood	ants	

favour	short	trails	but	that	long	trails	can	persist.	This	is	true	for	foraging	trails	connecting	

a	nest	with	a	food	source,	and	also	for	internest	trails	connecting	a	pair	of	nests.	The	

distributions	of	both	lengths	of	internest	and	of	foraging	trails	are	very	similar	(figure	1d),	

suggesting	a	common	underlying	mechanism,	in	line	with	a	former	finding	that	

polydomous	ants	treat	other	nests	of	their	colony	in	the	same	way	as	food	sources	[15].	

This	underlying	mechanism	results	in	exponentially-distributed	trail	lengths,	as	found	in	

our	pheromone-recruitment	model	(figure	1b);	this	congruence	lends	support	to	the	idea	

that	recruitment	with	positive	feedback	is	the	mechanism	in	question.	While	the	pattern	of	

favouring	short	trails	plus	additional	long	trails	connecting	distant	nests	has	been	observed	

from	snapshots	of	networks	across	several	species	[8],	we	show	here	that	it	is	a	property	

that	persists	over	time	and	account	for	its	origin.	We	show	that	recruitment	with	positive	

feedback	used	in	foraging	is	compatible	with	the	distributions	of	trail	lengths	found	in	

polydomous	networks.	Yet,	are	these	simple	individual	behavioural	mechanisms	sufficient	

to	predict	the	structure	of	polydomous	networks	in	red	wood	ants?	



3.	Network	morphogenesis	model	(methods	and	results)	

To	address	this	question,	we	developed	a	generative	colony-level	model	of	network	

morphogenesis	which	uses	a	set	of	simple	mechanistic	rules	compatible	with	the	

hypotheses	and	predictions	of	our	pheromone-recruitment	model	of	foraging	dynamics.	

This	model	builds	networks	following	four	assumptions:	

1. Nodes	(nests	and	trees)	are	spatially	set	in	sequence,	with	distance	between	

sequential	nodes	drawn	from	the	empirical	exponential	distributions	of	distance	

between	connected	nodes	(figure	1d)	

2. Once	all	nodes	have	been	set,	connections	between	nodes	rely	on	a	distance-based	

rule	and	are	set	from	the	empirical	geometrical	distributions	(electronic	

supplementary	material,	figure	S8a	and	c),	in	agreement	with	the	predictions	of	the	

pheromone-recruitment	model	

3. Each	nest	draws	a	few	connections	with	other	nodes,	in	line	with	the	predictions	of	

our	pheromone-recruitment	model.	Namely,	each	nest	draws	only	one	internest	

connection	(but	can	accept	additional	connections	from	other	nests)	and	a	few	

connections	to	trees	following	the	empirical	distribution	(electronic	supplementary	

material,	figure	S8b)	

4. There	is	no	trail	intersection,	in	agreement	with	empirical	observations.	

We	simulate	the	generation	of	100000	networks	(electronic	supplementary	material,	figure	

S7)	and	investigate	their	structural	properties	(electronic	supplementary	material,	section	

E).	We	compare	structural	properties	of	simulated	and	empirical	networks	collected	over	7	

years	on	red	wood	ants,	Formica	lugubris	(see	electronic	supplementary	material,	section	F	

for	empirical	method	details),	by	evaluating	a	combination	of	network	features	

encompassing	nest	centrality,	network	average	efficiency,	robustness	and	cost,	following	

established	approaches	[8–10,17].	We	measure	nest	centrality	using	betweenness	

centrality,	which	is	the	total	number	of	shortest	paths	between	pairs	of	nests	in	the	

network	which	pass	through	a	particular	nest.	Network	average	efficiency	is	the	average	of	

the	inverse	shortest	path	lengths	between	any	pair	of	nodes	(tree	or	nest).	Network	

robustness	is	defined	as	the	proportion	of	edges	that	can	be	removed	from	a	network	

without	disconnecting	the	network	[following	8].	We	evaluate	network	cost	by	looking	at	

the	relationship	between	the	total	trail	length	and	the	number	of	nodes	(nests	and	trees)	in	

the	networks.	We	also	consider	other	emergent	metrics	such	as	the	distance	between	nests	

and	the	number	of	internest	trails	per	nest.	

We	find	that	the	betweenness	centrality	of	the	simulated	networks	resembles	the	empirical	

distribution	(figure	2a).	Most	nodes	in	polydomous	networks	have	a	low	betweenness	

centrality.	The	networks	generated	by	the	model	show	a	similar	distribution	of	average	

efficiency,	compared	to	the	empirical	networks:	in	both	cases,	most	networks	are	relatively	

inefficient,	but	there	is	a	long	tail	of	more	efficient	networks	(figure	2b).	The	empirically-

determined	average	path	length	and	network	connectivity	control	the	mode	in	average	

efficiency,	while	the	empirically-determined	minimum	inter-node	distance	places	an	upper		



	

Figure	2:	Network	properties	in	empirical	and	simulated	networks.	Distributions	(a)	of	the	

betweenness	centrality	normalised	by	the	size	of	the	network,	(b)	of	the	average	efficiency	and	

(c)	of	network	robustness	in	empirical	data	(blue	histograms)	and	in	the	model	(red	

histograms).	d).	Average	total	length	of	trails	in	empirical	(blue	dots)	and	in	simulated	(red	

dots)	networks.	Bars	show	standard	error.	In	(a-d),	“Random	node”	(brown	bars	and	dots)	

and	“Closest	node”	(green	bars	and	dots)	refer	to	control	simulations	where	the	rule	to	

connect	nodes	is	respectively	set	to	random	connections	and	connections	with	the	closest	

nodes.	Statistics	computed	on	100000	simulated	networks	for	each	model	setting.	



	

Figure	3:	Structural	properties	of	empirical	and	simulated	networks.	a).	Empirical	

distributions	of	distances	to	nests	(solid	blue)	and	connected	nests	only	(dashed	blue).	Solid	

red	and	dashed	red	lines	correspond	to	the	same	distributions	from	the	simulations	of	our	

morphogenesis	model.	Grey	dotted	line	shows	the	distribution	used	as	input	in	the	model.	

Empirical	distributions	(bars)	of	(b)	the	number	of	internest	trails	per	nest	and	(c)	nests	per	

network.	Red	dots	show	the	predictions	of	our	morphogenesis	model.	d).	Distributions	of	the	

average	number	of	trees	per	nest,	in	empirical	data	(blue	histogram)	and	in	simulated	

networks	(red	histogram).	In	(a-d),	“Random	node”	(brown	lines,	dots	and	bars)	and	“Closest	

node”	(green	lines,	dots	and	bars)	refer	to	alternate	models	which	only	differ	in	their	rules	to	

connect	nodes,	respectively	set	to	random	connections	and	connections	with	the	closest	nodes.	

Statistics	computed	on	100000	simulated	networks	for	each	model	setting.	

limit	on	average	efficiency.	For	network	robustness	𝑅,	we	find	that	both	empirical	and	

simulated	networks	have	on	average	a	robustness	close	to	0.5	and	distributed	between	0.2	

and	0.8	(figure	2c).	There	is	however	a	discrepancy	between	empirical	and	simulated	



networks,	with	empirical	network	having	a	peak	at	𝑅 = 0	not	found	in	simulated	networks.	

A	null	robustness	indicates	a	minimum	spanning	tree	network	structure,	in	which	any	edge	

removal	results	in	disrupting	the	network	global	connection.	The	presence	of	a	peak	at	

𝑅 = 0	in	empirical	data	might	be	a	result	of	warm	and	dry	weather	in	recent	years	(see	

ESM,	section	E2).	We	find	overall	that	the	network	cost,	as	represented	by	the	relationship	

between	the	total	length	of	trails	and	the	number	of	nodes,	is	very	similar	in	empirical	and	

simulated	networks	(figure	2d).	Our	morphogenesis	model	also	captures	the	distribution	of	

distances	between	all	nests,	even	including	those	which	are	not	connected	–	this	is	an	

emergent	property	since	the	input	distribution	used	to	spatially	set	nodes	is	calculated	only	

from	connected	nodes	(figure	3a).	Drawing	only	one	internest	connection	per	nest	appears	

to	be	sufficient	to	generate	the	entire	degree	distribution	of	internest	trails	per	nest	(figure	

3b);	this	supports	the	idea	that	foraging	mechanisms,	usually	favouring	a	small	number	of	

trails	from	each	nest,	are	compatible	with	the	morphogenesis	of	F.	lugubris	polydomous	

networks.	

To	assess	the	importance	of	the	connection	rule	in	our	model,	we	ran	further	simulations	

with	two	other	rules	of	node	connection:	a	first	one	in	which	connections	between	

available	nodes	are	made	randomly	and	a	second	one	in	which	connections	between	

available	nodes	are	always	made	between	the	closest	nodes	(respectively	“Random	node”	

in	brown	and	“Closest	node”	in	green	on	figures	2	and	3)	–	all	other	aspects	of	the	model	

being	the	same.	These	simulations	allow	us	to	compare	our	model	to	alternative	rules	

where	ants	do	not	take	the	distance-quality	trade-off	into	account	but	may	still	minimise	

transportation	costs.	These	additional	simulations	show	that	our	model	outperforms	both	

alternative	rules;	our	model	is	the	only	one	to	perform	well	against	empirical	data	in	all	the	

metrics	analysed.	When	connections	are	made	randomly,	results	are	only	slightly	worse	

than	our	model	regarding	the	nest	centrality,	the	average	network	efficiency,	the	network	

robustness	and	the	number	of	nests	per	colony	(figures	2a-c	and	3c),	but	are	substantially	

worse	regarding	the	cost	and	the	average	number	of	trees	per	nest	(figures	2d	and	3d).	The	

model	with	connections	made	only	to	closest	nodes	performs	worse	than	our	model	across	

all	metrics.	The	poor	performance	of	these	alternative	rules	underscores	the	importance	of	

a	rule	of	node	connection	based	on	the	distance-quality	trade-off	in	generating	networks	

similar	to	empirical	ant	polydomous	networks.	

4.	Discussion	

We	have	shown	that	simulated	networks	of	a	morphogenesis	model	are	consistent	with	

ecologically	significant	structural	and	geometric	properties	of	empirical	red	wood	ant	

polydomous	networks.	Moreover,	using	a	pheromone-recruitment	model,	we	show	that	the	

underlying	assumptions	of	our	morphogenesis	model	are	compatible	with	mechanisms	of	

recruitment	with	positive	feedback.	These	findings	suggest	that	common	coordination	and	

decision-making	mechanisms	might	govern	the	morphogenesis,	the	growth	and	the	

dynamics	of	polydomous	transport	networks	in	ant	colonies.	The	co-option	of	a	pre-

existing	essential	behaviour	(foraging)	might	explain	why	polydomy	has	evolved	several	

times	in	ants	[7].	Positive	feedback	mechanisms,	balancing	quality	and	spatial	factors,	could	

be	one	of	the	key	elements	of	a	self-organising	process	leading	to	the	morphogenesis	of	



polydomous	networks.	In	agreement	with	empirical	data	and	theoretical	predictions,	we	

show	that	positive	feedback	mechanisms	favour	the	exploitation	of	a	few,	close	and	high	

quality	sources.	In	polydomous	networks	however,	trails	connect	not	only	nests	to	food	

sources	but	also	nests	to	other	nests.	Ants	in	polydomous	colonies	can	treat	other	nests	

similarly	to	food	sources	[15];	our	results	suggest	that	similar	processes	underlie	the	

emergence	of	both	foraging	and	internest	trails.	There	is	clearly	a	trade-off	between	

(potential)	quality	of	resources	and	distance	to	these	resources	that	mechanisms	of	

recruitment	successfully	address	—	ultimately,	this	may	be	an	essential	element	shaping	

the	structure	of	polydomous	networks.	Our	study	suggests	that	mechanisms	of	recruitment	

could	be	under	additional	selection	pressures	in	polydomous	ants,	since	they	not	only	

control	foraging	activity	but	potentially	also	the	cost,	efficiency	and	robustness	of	

transporting	resources	between	nests.	To	better	understand	how	differing	ecological	

pressures	may	shape	the	evolution	of	polydomy	in	ants,	future	work	could	evaluate	the	

quantitative	predictions	of	pheromone-recruitment	models	for	network	performance	

metrics	across	species	that	differ	in	foraging	dynamics	and	network	structures.	

Our	work	represents	a	first	step	in	developing	a	theory	for	the	structure	of	biological	multi-

source	multi-sink	transport	networks.	It	highlights	both	the	potential	of	generative	models	

relying	on	explicit	behavioural	mechanisms	in	reaching	this	goal	as	well	as	the	suitability	of	

the	polydomous	ant	network	system	to	investigate	mechanisms	of	formation	of	transport	

networks.	Our	research	suggests	that	polydomous	ant	networks	can	be	generated	via	a	

sequence	of	behaviour	consisting	of	(i)	an	exploratory	phase	to	discover	potential	resource	

sources	and	(ii)	a	selection	phase	to	establish	trails	towards	the	best	sources	based	on	a	

positive	feedback	mechanism.	This	sequence	is	common	to	self-organised	biological	

networks	found	for	instance	in	fungi	[2]	or	slime	moulds	[5,35].	We	note	that	the	networks	

of	the	polydomous	ant	system	mapped	in	the	field	rarely	show	any	trail	intersections,	so	

are	planar	graphs	without	Steiner	points	[8],	unlike	networks	of	polydomous	ants	collected	

under	laboratory	conditions	[36]	or	networks	of	slime	moulds	[5].	The	study	of	the	

consequences	of	the	absence	of	trail	intersections	and	Steiner	points	in	the	network	

structure	and	properties,	for	instance	by	using	the	modelling	framework	developed	in	this	

article,	may	help	to	establish	further	general	principles	of	self-organised	biological	

networks.	While	the	topology	of	the	resulting	networks	differ	between	the	ant,	fungal	and	

slime	mould	systems,	the	striking	resemblance	of	their	underlying	mechanisms	indeed	

suggest	a	unifying	theory	of	self-organised	biological	networks	based	on	the	combination	of	

exploration	and	positive	reinforcement	of	best	sources.	Such	a	unifying	theory	could	have	

broad	practical	applications	for	generating	networks	with	different	properties	under	

various	conditions.	

	

Acknowledgments	

We	thank	the	National	Trust	for	allowing	the	fieldwork	to	be	performed	on	their	land.	This	work	was	funded	by	NSF	award	IOS	

1755425	(V.L.,	M.C.D.-M.	and	E.J.H.R)	and	NSF	award	IOS	1755406	(S.P.).	The	field	data	were	collected	under	studentships	

funded	by	the	NERC	ACCE	DTP	(Grant	code:	NE/L002450/1)	and	the	National	Trust.	We	also	thank	three	anonymous	reviewers	

for	their	supportive	and	considered	comments	during	the	review	process.	

Data	Accessibility	

Code	implementing	the	agent-based	model	and	the	model	of	network	morphogenesis	is	available	on	figshare	

https://doi.org/10.6084/m9.figshare.c.5309864	



Competing	Interests	

The	authors	declare	no	competing	interest.	

Authors'	Contributions 

V.L.,	M.C.D.-M.	and	E.J.H.R.	designed	research;	V.L.	performed	research;		H.L.	contributed	to	developing	the	individual-based	

model;	S.E.,	D.D.R.B.	and	E.J.H.R.	provided	the	empirical	data;	V.L.	analysed	data	with	feedback	from	S.P.,	M.C.D.-M.	and	

E.J.H.R.;	V.L.	wrote	the	paper	with	assistance	of	all	authors. 

References	

1.		 Banavar	JR,	Maritan	A,	Rinaldo	A.	1999	Size	and	form	in	efficient	transportation	

networks.	Nature	399,	130–132.	(doi:10.1038/20144)	

2.		 Bebber	DP,	Hynes	J,	Darrah	PR,	Boddy	L,	Fricker	MD.	2007	Biological	solutions	to	

transport	network	design.	Proceedings	of	the	Royal	Society	B:	Biological	Sciences	274,	2307–

2315.	(doi:10.1098/rspb.2007.0459)	

3.		 Perna	A,	Valverde	S,	Gautrais	J,	Jost	C,	Solé	R,	Kuntz	P,	Theraulaz	G.	2008	Topological	

efficiency	in	three-dimensional	gallery	networks	of	termite	nests.	Physica	A:	Statistical	

Mechanics	and	its	Applications	387,	6235–6244.	(doi:10.1016/j.physa.2008.07.019)	

4.		 Buhl	J,	Hicks	K,	Miller	ER,	Persey	S,	Alinvi	O,	Sumpter	DJT.	2009	Shape	and	efficiency	

of	wood	ant	foraging	networks.	Behavioral	Ecology	and	Sociobiology	63,	451–460.	

(doi:10.1007/s00265-008-0680-7)	

5.		 Tero	A,	Takagi	S,	Saigusa	T,	Ito	K,	Bebber	DP,	Fricker	MD,	Yumiki	K,	Kobayashi	R,	

Nakagaki	T.	2010	Rules	for	Biologically	Inspired	Adaptive	Network	Design.	Science	327,	

439.	(doi:10.1126/science.1177894)	

6.		 Ibarra-Rojas	OJ,	Delgado	F,	Giesen	R,	Muñoz	JC.	2015	Planning,	operation,	and	

control	of	bus	transport	systems:	A	literature	review.	Transportation	Research	Part	B:	

Methodological	77,	38–75.	(doi:10.1016/j.trb.2015.03.002)	

7.		 Debout	G,	Schatz	B,	Elias	M,	Mckey	D.	2007	Polydomy	in	ants:	What	we	know,	what	

we	think	we	know,	and	what	remains	to	be	done.	Biological	Journal	of	the	Linnean	Society	

90,	319–348.	(doi:10.1111/j.1095-8312.2007.00728.x)	

8.		 Cook	Z,	Franks	DW,	Robinson	EJH.	2014	Efficiency	and	robustness	of	ant	colony	

transportation	networks.	Behavioral	Ecology	and	Sociobiology	68,	509–517.	

(doi:10.1007/s00265-013-1665-8)	

9.		 Cabanes	G,	Wilgenburg	E	van,	Beekman	M,	Latty	T.	2015	Ants	build	transportation	

networks	that	optimize	cost	and	efficiency	at	the	expense	of	robustness.	Behavioral	Ecology	

26,	223–231.	(doi:10.1093/beheco/aru175)	

10.		 Ellis	S,	Franks	DW,	Robinson	EJH.	2017	Ecological	consequences	of	colony	structure	

in	dynamic	ant	nest	networks.	Ecology	and	Evolution	7,	1170–1180.	

(doi:10.1002/ece3.2749)	



11.		 Burns	DDR,	Franks	DW,	Parr	C,	Hawke	C,	Ellis	S,	Robinson	EJH.	2020	A	longitudinal	

study	of	nest	occupancy,	trail	networks	and	foraging	in	a	polydomous	wood	ant	population.	

Insectes	Sociaux	(doi:10.1007/s00040-020-00777-2)	

12.		 Rosengren	R.	1971	Route	fidelity,	visual	memory	and	recruitment	behaviour	in	

foraging	wood	ants	of	the	genus	Formica:	Hymenoptera,	Formicidae.	Helsinki:	Societas	pro	

Fauna	et	Flora	Fennica.		

13.		 Rosengren	R,	Fortelius	W.	1986	Ortstreue	in	foraging	ants	of	the	Formica	rufa	group	

—	Hierarchy	of	orienting	cues	and	long-term	memory.	Insectes	Sociaux	33,	306–337.	

(doi:10.1007/BF02224248)	

14.		 Gordon	DM,	Rosengren	R,	Sundström	L.	1992	The	allocation	of	foragers	in	red	wood	

ants.	Ecological	Entomology	17,	114–120.	(doi:10.1111/j.1365-2311.1992.tb01167.x)	

15.		 Ellis	S,	Robinson	EJH.	2016	Internest	food	sharing	within	wood	ant	colonies:	

Resource	redistribution	behavior	in	a	complex	system.	Behavioral	Ecology	27,	660–668.	

(doi:10.1093/beheco/arv205)	

16.		 Ellis	S,	Franks	DW,	Robinson	EJH.	2014	Resource	redistribution	in	polydomous	ant	

nest	networks:	Local	or	global?	Behavioral	Ecology	25,	1183–1191.	

(doi:10.1093/beheco/aru108)	

17.		 Bottinelli	A,	Wilgenburg	E	van,	Sumpter	DJT,	Latty	T.	2015	Local	cost	minimization	

in	ant	transport	networks:	From	small-scale	data	to	large-scale	trade-offs.	Journal	of	The	

Royal	Society	Interface	12,	20150780.	(doi:10.1098/rsif.2015.0780)	

18.		 Baddeley	RJ,	Franks	NR,	Hunt	ER.	2019	Optimal	foraging	and	the	information	theory	

of	gambling.	Journal	of	The	Royal	Society	Interface	16,	20190162.	

(doi:10.1098/rsif.2019.0162)	

19.		 Pirrone	A,	Stafford	T,	Marshall	JAR.	2014	When	natural	selection	should	optimize	

speed-accuracy	trade-offs.	Frontiers	in	Neuroscience	8,	73.	(doi:10.3389/fnins.2014.00073)	

20.		 Beckers	R,	Deneubourg	JL,	Goss	S,	Pasteels	JM.	1990	Collective	decision	making	

through	food	recruitment.	Insectes	Sociaux	37,	258–267.	(doi:10.1007/BF02224053)	

21.		 Beckers	R,	Deneubourg	JL,	Goss	S.	1993	Modulation	of	trail	laying	in	the	ant	Lasius	

niger	(Hymenoptera:	Formicidae)	and	its	role	in	the	collective	selection	of	a	food	source.	

Journal	of	Insect	Behavior	6,	751–759.	(doi:10.1007/BF01201674)	

22.		 Jeanson	R,	Deneubourg	J-L,	Grimal	A,	Theraulaz	G.	2004	Modulation	of	individual	

behavior	and	collective	decision-making	during	aggregation	site	selection	by	the	ant	Messor	

barbarus.	Behavioral	Ecology	and	Sociobiology	55,	388–394.	(doi:10.1007/s00265-003-

0716-y)	

23.		 Heredia	A,	Detrain	C.	2005	Influence	of	seed	size	and	seed	nature	on	recruitment	in	

the	polymorphic	harvester	ant	Messor	barbarus.	Behavioural	Processes	70,	289–300.	

(doi:10.1016/j.beproc.2005.08.001)	



24.		 Reid	CR,	Latty	T,	Beekman	M.	2012	Making	a	trail:	Informed	Argentine	ants	lead	

colony	to	the	best	food	by	U-turning	coupled	with	enhanced	pheromone	laying.	Animal	

Behaviour	84,	1579–1587.	(doi:10.1016/j.anbehav.2012.09.036)	

25.		 Wilson	EO.	1962	Chemical	communication	among	workers	of	the	fire	ant	Solenopsis	

saevissima	(Fr.	Smith)	1.	The	Organization	of	Mass-Foraging.	Animal	Behaviour	10,	134–

147.	(doi:10.1016/0003-3472(62)90141-0)	

26.		 Goss	S,	Aron	S,	Deneubourg	JL,	Pasteels	JM.	1989	Self-organized	shortcuts	in	the	

Argentine	ant.	Naturwissenschaften	76,	579–581.	(doi:10.1007/BF00462870)	

27.		 Font	Llenas	A,	Talamali	MS,	Xu	X,	Marshall	JAR,	Reina	A.	2018	Quality-Sensitive	

Foraging	by	a	Robot	Swarm	Through	Virtual	Pheromone	Trails.	In	Swarm	Intelligence	(eds	

M	Dorigo,	M	Birattari,	C	Blum,	AL	Christensen,	A	Reina,	V	Trianni),	pp.	135–149.	Springer	

International	Publishing.		

28.		 Talamali	MS,	Bose	T,	Haire	M,	Xu	X,	Marshall	JAR,	Reina	A.	2020	Sophisticated	

Collective	Foraging	with	Minimalist	Agents:	A	Swarm	Robotics	Test.	Swarm	Intelligence	14,	

25–56.	(doi:10.1007/s11721-019-00176-9)	

29.		 Beekman	M,	Sumpter	DJT,	Ratnieks	FLW.	2001	Phase	transition	between	disordered	

and	ordered	foraging	in	Pharaoh’s	ants.	Proceedings	of	the	National	Academy	of	Sciences	98,	

9703.	(doi:10.1073/pnas.161285298)	

30.		 Sumpter	DJT,	Beekman	M.	2003	From	nonlinearity	to	optimality:	Pheromone	trail	

foraging	by	ants.	Animal	Behaviour	66,	273–280.	(doi:10.1006/anbe.2003.2224)	

31.		 Sumpter	D,	Pratt	S.	2003	A	modelling	framework	for	understanding	social	insect	

foraging.	Behavioral	Ecology	and	Sociobiology	53,	131–144.	(doi:10.1007/s00265-002-

0549-0)	

32.		 Hunt	ER,	Baddeley	RJ,	Worley	A,	Sendova-Franks	AB,	Franks	NR.	2016	Ants	

determine	their	next	move	at	rest:	Motor	planning	and	causality	in	complex	systems.	Royal	

Society	Open	Science	3,	150534.	(doi:10.1098/rsos.150534)	

33.		 Wehner	R,	Srinivasan	MV.	1981	Searching	behaviour	of	desert	ants,	genus	

cataglyphis	(Formicidae,	Hymenoptera).	Journal	of	comparative	physiology	142,	315–338.	

(doi:10.1007/BF00605445)	

34.		 Devigne	C,	Detrain	C.	2002	Collective	exploration	and	area	marking	in	the	ant	Lasius	

niger.	Insectes	Sociaux	49,	357–362.	(doi:10.1007/PL00012659)	

35.		 Tero	A,	Kobayashi	R,	Nakagaki	T.	2006	Physarum	solver:	A	biologically	inspired	

method	of	road-network	navigation.	Information	and	Material	Flows	in	Complex	Networks	

363,	115–119.	(doi:10.1016/j.physa.2006.01.053)	

36.		 Latty	T,	Ramsch	K,	Ito	K,	Nakagaki	T,	Sumpter	DJT,	Middendorf	M,	Beekman	M.	2011	

Structure	and	formation	of	ant	transportation	networks.	Journal	of	The	Royal	Society	

Interface	(doi:10.1098/rsif.2010.0612)	


