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Dynamic	networks	will	not	be	considered	here	although	they	are	a	major	topic	in	
network	science	
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Esiste	un	modo	per	raggiungere	tu;e	le	masse	di	terra	(ver>ci	o	nodi)	a;raversando	
ogni	ponte	(lato,	margine,	connessione)	esa;amente	una	volta?	La	risposta	è	no:	
perché	questo	sia	possibile	ci	dovrebbero	essere	al	massimo	2	nodi	(quello	iniziale	e	
quello	finale)	con	un	numero	dispari	di	connessioni;	la	formulazione	di	Eulero	è	“Un	
qualsiasi	grafo	è	percorribile	se	e	solo	se	ha	tu5	i	nodi	di	grado	pari,	o	due	di	essi	
sono	di	grado	dispari;	per	percorrere	un	grafo	"possibile"	con	due	nodi	di	grado	
dispari,	è	necessario	par:re	da	uno	di	essi,	e	si	terminerà	sull’altro	nodo	dispari.”	
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In	italiano	Graph	theory	->	teoria	dei	grafi	
Node,	vertex	->nodo,	ver>ce;	Edge,	link->archi	(usato	più	spesso	per	i	grafi	direV),	
la>,	spigoli,	cammini	
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random	network	of	same	size,	but	with	different	average	degree,	made	with	Gephi	
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h;p://www.slideshare.net/bizer/graph-structure-in-the-web-revisited-www2014-
web-science-track	
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Here	different	edges,	represen>ng	different	methods	for	the	evalua>on	of	
cooccurrence/coexclusion,	are	shown	for	each	node;	the	graph	is	bipar>te;	two	other	
special	cases:	a	set	of	directed	edges	connec>ng	two	nodes	in	a	mul>graph	is	called	a	
quiver;	self-loops	(i.e.	edges	connec>ng	a	node	with	itself)	may	be	admissible	or	not;	
in	some	instances	a	disconnected	graph	(i.e.	a	graph	with	subnetworks	which	are	not	
connected	among	them)	can	be	generated	
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Figure	from	Wikipedia	
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Figure	from	Wikipedia	
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Wide	format	
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This	is	a	dense	table,	with	a	lot	of	0;	the	meaning	of	0	values	in	unclear:	they	might	
mean	absence	or	presence	below	the	detec>on	limit;	this	again	would	depend	on	the	
filtering	op>ons;	were	singleton	and	doubletons	discarded?	etc.	If	you	want	to	run	a	
correla>on	analysis	rows	with	many	0	would	inflate	the	correla>on;	different	library	
sizes	may	seriously	affect	
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mappa	degli	account	di	twi;er	segui>	da	@OIIOxford	Oxford	Internet	Ins>tute	
University	of	Network	h;p://oxfordinterne>ns>tute.github.io/Interac>veVis/
network/;	in	general	in	social	network	analysis		
nodes	are	called	actors	and	edges	>es	
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h;p://www.lib.noaa.gov/bibliometrics/	This	is	a	bibliographig	coupling	network;	two	
papers	are	connected	if	both	cite	the	same	paper	
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Again	an	undirected	network;	here	links	are	paper	coauthored	by	two	authors	(the	
nodes)	and	the	strength/weigth	is	the	number	of	papers;	size	of	nodes	propor>onal	
to	number	of	papers	
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a.	bipar>te	representa>on:	circles	are	metabolites,	squares	are	reac>ons;	b.	tripar>te	
representa>ons,	enzymes	are	triangles	
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here	usually	the	reac>ons/enzymes	are	on	the	edges,	but	this	may	cause	some	loss	of	
informa>on	
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h;p://core.ecu.edu/BIOL/luczkovichj/core_sound/core_sound.html.	Conven>onally	
direc>on	of	arrows	is	with	energy	flow	
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figura	supplementare	presa	da	Faust,	K.,	Sathirapongsasu>,	J.	F.,	Izard,	J.,	Segata,	N.,	
Gevers,	D.,	Raes,	J.,	&	Hu;enhower,	C.	(2012).	Microbial	Co-occurrence	Rela>onships	
in	the	Human	Microbiome.	PLoS	Computa:onal	Biology,	8(7),	e1002606.	doi:
10.1371/journal.pcbi.1002606	
Figure	S1	Significant	co-occurrence	and	co-exclusion	rela>onships	among	the	
abundances	of	clades	in	the	human	microbiome.	The	network	displays	all	significant	
phylotype	associa>ons	within	and	across	the	18	body	sites	sampled	by	the	HMP.	
Nodes	represent	phylotypes	(colored	according	to	the	body	site	in	which	they	occur)	
whereas	edges	represent	significant	rela>onships	between	phylotypes.	Edge	
thickness	reflects	the	strength	of	the	rela>onship,	and	edge	color	its	direc>onality	
(green	co-occurrence,	red	co-exclusion).		
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hub	a	node	with	a	lot	of	connec>ons,	assorta>ve	if	tends	to	connect	with	other	hubs,	
disassorta>ve	if	not;	authority:	a	node	with	a	lot	of	incoming	connec>ons	
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da	Wikipedia	centrality	refers	to	indicators	which	iden>fy	the	most	important	
ver>ces	within	a	graph;	degree	centrality	and	disease:	a	node	with	a	high	index	has	a	
high	probablity	of	catching	a	disease	flowing	through	the	network;		
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Scale	free	networks	contain	hubs	(i.e.	nodes	which	have	a	degree	largely	exceeding	
the	average)	and	are	rela>vely	robust	to	failure	(i.e.	several	edges	and	nodes	must	be	
destroyed	before	the	network	becomes	disconnected	or	fragmented;	the	network	is	
resistant	to	the	destruc>on	of	one	hub	but	if	several	fail	at	the	same	>me…).	Nodes	
with	a	low	degre	usually	have	a	high	clustering	coefficient,	and	clustering	coefficient	
distribu>on	also	follows	power	law.	the	exponent	gamma	is	usually	in	the	range	2-3.	
This	is	also	commected	to	the	small	world	phenomenon:	i.e.	small	communi>es	of	
people	which	are	highly	connected	but	in	which	one	member	is	connected	to	a	hub.	
High	degrees	of	clustering	and	hierarchic	structures	are	also	associated	with	power	
law	distribu>ons	od	the	clustering	coefficient	of	nodes	
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In	random	networks	the	node	degree	distribu>on	follows	Poisson	law	
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h;p://www.santafe.edu/media/workingpapers/02-02-005.pdf	Note	that	the	fit	is	not	
always	perfect.	There	are	several	reasons	for	this	and	models	of	combined	
distribu>ons	
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h;p://www.santafe.edu/media/workingpapers/02-02-005.pdf	
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The	authors	conclude	that	food	webs	do	not	necessarily	display	the	characteris>cs	of	
other	small	world	scale	free	networks,	and	that	show	smaller	size	and	higher	
complexity,	in	terms	of	connec>vity,	and	that	degree	distribu>ons	are	typically	
related	to	size	and	connectance.	Food	webs	with	rela>vely	high	connectance	typically	
display	uniform	distribu>ons,	webs	with	middle	connectance	tend	to	have	
exponen>al	distribu>ons,	and	webs	with	very	low	connectance	display	power–law	or	
par>al	power–law	distribu>ons.	
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A	few	words	on	the	Gephi	project,	its	development	etc.	
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Fare	qualche	esempio	dopo	
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Expecta>ons	from	evolu>on	in	bacteria	and	bacteriophages	
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Many	S.	thermophilus	matrices	are	more	modular	than	random	expecta>ons,	this	is	
probably	due	to	the	CRISPR-CAS	system	
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Many	S.	thermophilus	matrices	are	more	modular	than	random	expecta>ons,	this	is	
probably	due	to	the	CRISPR-CAS	system	
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Many	S.	thermophilus	matrices	are	more	modular	than	random	expecta>ons,	this	is	
probably	due	to	the	CRISPR-CAS	system	
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Differences	in	isola>on	strategy	may	contribute	
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Number	of	papers	rising	steadily,	more	than	100	at	the	>me	of	wri>ng	this	
presenta>on.	evolu>on	of	methods	in	food	microbial	ecology,	from	counts+isola>on	
to	cul>va>on	independent	methods	(DGGE,	tRFLP,	clone	libraries)	to	amplicon	
targeted	NGS	to	metagenomics.	Number	of	studies	published	on	amplicon	targeted	
metagenomics	87+,	44+	in	last	two	years	
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this	and	the	following	slides	from	h;p://users.ugent.be/~avierstr/nextgen/
Next_genera>on_sequencing_web.pdf;	visit	also	h;p://
www.molecularecologist.com/next-gen-fieldguide-2014/	
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only	some	of	this	steps	may	be	performed	in	your	lab;	generally	sent	out	to	services	
(darker	boxes);	issues	with	extrac>on	from	different	matrices,	extracellular	DNA,	
contamina>on	with	mitochondrial/chloroplast,	ac>ve	vs	inac>ve,	bacteria	resistant	to	
lysis	
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This	is	a	dense	table,	with	a	lot	of	0;	the	meaning	of	0	values	in	unclear:	they	might	
mean	absence	or	presence	below	the	detec>on	limit;	this	again	would	depend	on	the	
filtering	op>ons;	were	singleton	and	doubletons	discarded?	etc.	If	you	want	to	run	a	
correla>on	analysis	rows	with	many	0	would	inflate	the	correla>on;	different	library	
sizes	may	seriously	affect	
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point	2	needs	unploVng,	labour	intensive,	cannot	get	the	exact	data,	difficult	to	
compare.	So,	approach	1	leaves	the	biases/differences	related	to	target,extrac>on/
amplifica>on,	playorm/protocol,	2	almost	useless,	3	affected	by	several	biases	but	at	
least	biases	are	known	
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includes	the	equivalent	of	almost	20%	of	published	studies,	so	it	is	reasonably	
representa>ve	
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The	ra>onale	behind	FoodMicrobionet.	FoodMicrobionet	as	a	database	designed	for	
network	analysis	tools	FoodMicrobionet	tools,	examples	in	the	following	slides	
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The	flowchart	in	network	representa>on:	filter	
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on	the	le{	a	graph	showing	weighted	degree	(sum	of	abundances)	as	a	func>on	of	
rela>ve	occurrence	(frequency	in	samples)	for	meat	products;	on	the	right	
abundance	of	different	phyla	in	different	food	groups	A02xxx	are	cheeses	and	milks,	
A48	starters,	A049S	meat	products,	A01QX	fresh	meat	
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le{	beef	all	samples	(similar	to	>me	0):	187	nodes,	diameter	5,	ave	degree	35.15,	
right	beef,	spoiled;	obtained	using	conet/cytoscape,	measure	co-occurrence/co-
exlusion,	not	necessarily	interac>ons,		
Microbial	interac>on	network	analysis	on	selected	datasets	showed	that	the	
complexity	(in	terms	of	network	size,	average	path	length	and	modularity)	of	OTU-
OTU	networks	increased	with	the	complexity	of	the	microbial	community.	It	was	
lowest	for	kefir	and	for	undefined	starters	and	fresh	cheeses,	increased	in	surface	
ripened	cheese,	and	was	largest	for	raw	meat	samples.	However,	it	was	lower	than	
that	found	in	other	microbial	communi>es	(human	microbiome,	soil	and	other	
environmental	microbial	communi>es),	with	no	fit	of	the	potewr	law,	clustering	
coefficients	usually	higher	than	corresponding	random	networks.	As	a	comparison:	
Deng	et	al.,	provided	stats	for	networks	from	environmental	and	human	sources;	
network	size	ranged	from	107	to	254	nodes,	the	node	degree	distribu>on	showed	a	
good	fit	of	the	power	law	for	all	networks	and	the	modularity	(which	measures	the	
occurrence	of	modules	which	are	strongly	interconnected)	was	significantly	higher	
than	that	of	random	networks,	while	the	occurrence	of	a	hierarchical	structure	was	
variable	
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Faust	data	from	the	ini>al	cohort	of	the	Human	microbiome	project,	239	individuals	
18	habitats,	network	with	197	clades	(several	taxonomic	levels)	with	2005	significant	
rela>onships	
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As	a	comparison:	Deng	et	al.,	provided	stats	for	networks	from	environmental	and	
human	sources;	network	size	ranged	from	107	to	254	nodes,	the	node	degree	
distribu>on	showed	a	good	fit	of	the	power	law	for	all	networks	and	the	modularity	
(which	measures	the	occurrence	of	modules	which	are	strongly	interconnected)	was	
significantly	higher	than	that	of	random	networks,	while	the	occurrence	of	a	
hierarchical	structure	was	variable	
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