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Abstract	
	

Fungal	phytopathogens	interact	with	their	plant	hosts	largely	via	the	secretion	of	effectors,	which	

manipulate	and	elicit	plant	defences.	Knowledge	of	fungal	effectors	has	provided	tangible	benefits	to	

the	agricultural	industry,	and	as	such	the	search	for	novel	effectors	continues	to	be	an	active	area	of	

research.	With	the	advent	of	whole	genome	sequencing,	it	has	become	common	practice	to	

sequence	and	assemble	the	genome	of	a	pathogen,	predict	the	gene	content,	and	arrive	at	a	set	of	

putative	effectors	for	further	analysis.	In	doing	so	there	is	a	heavy	reliance	on	the	accuracy	of	each	of	

these	processes.	In	Chapter	1	I	review	the	relevant	literature	relating	to	fungal	effectors	and	their	

prediction,	and	in	Chapter	2	I	provide	a	more	focused	review	of	necrotrophic	effectors.	The	

presented	research	makes	a	novel	contribution	to	the	field	of	effector	discovery	through	the	

development	of	improved	fungal	gene	prediction	techniques,	a	detailed	investigation	into	AT-rich	

regions,	relevant	to	fungal	evolution	and	the	genomic	context	of	effectors,	and	the	provision	of	

improved	genomic	resources	and	effector	candidate	lists	for	two	important	barley	pathogens,	

Pyrenophora	teres	f.	teres	and	Pyrenophora	teres	f.	maculata.	

	

To	address	the	need	for	high	levels	of	accuracy	in	gene	prediction,	part	of	this	research,	described	in	

Chapter	3,	focused	on	improving	fungal	gene	prediction	through	the	incorporation	of	RNA-seq	data.	

The	resulting	software	tool,	CodingQuarry,	uses	a	novel	method	to	incorporate	RNA-seq	data	into	

hidden	Markov	model	gene	prediction.	CodingQuarry	was	demonstrated	to	provide	more	accurate	

gene	predictions	than	competing	software	tools	when	tested	on	the	model	organisms	

Saccharomyces	cerevisiae	and	Schizosaccharomyces	pombe.	In	Chapter	4	a	more	specific	

investigation	into	the	success	of	effector	gene	prediction	is	described.	Ab	initio	prediction	methods	

were	found	to	miss	many	effectors.	These	failures	were	due	to	factors	such	as	atypical	codon	usage,	

high	cysteine	content,	and	the	signal	peptide	sequence	accounting	for	a	large	proportion	of	the	

coding	sequence.	Despite	this,	where	effector	gene	loci	were	supported	by	RNA-seq	data,	RNA-seq	

driven	predictions	made	by	CodingQuarry	and	BRAKER1	were	able	to	capture	most	effector	genes.	

To	reduce	this	reliance	on	RNA-seq	data,	the	functionality	of	CodingQuarry	was	extended	to	target	

the	prediction	of	secreted,	cysteine-rich	genes	with	atypical	codon	usage,	improving	the	success	rate	

of	the	ab	initio	prediction	of	effectors.	CodingQuarry	will	therefore	also	be	applicable	where	

effectors	or	effector-like	genes	are	not	expressed	under	the	conditions	used	to	generate	the	RNA-

seq	data,	or	where	RNA-seq	data	is	not	available	for	the	species	or	isolate	of	interest.	

	

Many	effector	genes	are	found	within	or	close	to	AT-rich	genomic	regions.	I	therefore	focussed	on	

AT-rich	regions	within	fungal	genomes,	aiming	to	document	their	prevalence	and	properties.	A	novel	

method,	performed	by	the	software	tool	OcculterCut,	was	developed	to	facilitate	the	rapid	

assessment	and	characterisation	of	AT-rich	regions.	In	a	pilot	study	described	in	Chapter	5,	

OcculterCut	was	used	to	assess	the	AT-rich	genome	content	of	the	wheat	pathogen	Zymoseptoria	
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tritici.	In	Chapter	6,	a	comprehensive	survey	of	the	AT-rich	region	content	of	538	published	fungal	

genome	assemblies	is	described.	AT-rich	bimodal	genomes	were	found	to	be	common	within	the	

Pezizomycotina	subphylum	and	plant-associated	fungi	therein.	Coding	sequences	in	AT-rich	genome	

regions	were	shown	to	have	differing	amino	acid	and	codon	usage	to	coding	sequences	in	GC-

equilibrated	regions,	indicating	that	this	genomic	context	influences	gene	evolution	and	has	

implications	for	gene	prediction.	

	

Chapter	7	describes	a	practical	application	of	the	techniques	explored	in	this	Ph.	D.	and	other	recent	

progress	in	the	field	of	effector	discovery.	PacBio	long-read	genome	assemblies,	high	quality	RNA-

seq	driven	annotations	and	effector	candidate	lists	were	generated	for	P.	teres	f.	teres	and	P.	teres	f.	

maculata.	Both	forms	were	found	to	have	a	high	repetitive	content	and	exemplify	the	bimodal	AT-

rich	genome	type.	As	such,	the	genomic	context	of	genes	in	relation	to	these	regions	was	included	as	

a	line	of	evidence	in	assembling	lists	of	effector	candidates.	The	improved	genomic	resources	and	

assessment	of	putative	effector	genes	provide	a	powerful	resource	for	further	investigation	into	

these	pathogens.	
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Chapter	1 Literature	review	
	

Crop	losses	due	to	pathogens	are	economically	damaging	to	the	agricultural	industry	(1,2)	and	

threaten	food	security	(3).	Certain	species	of	oomycetes,	nematodes,	bacteria,	and	viruses	are	

known	to	have	phytopathogenic	lifestyles,	but	the	majority	of	crop	losses	are	due	to	plant	diseases	

caused	by	fungi.	In	Australia,	diseases	caused	by	fungal	pathogens	account	for	the	majority	of	crop	

losses	in	wheat	and	barley	(1,2)	–	the	country’s	two	most	important	crops.	Furthermore,	in	Australia	

fungal	diseases	on	pulse	crops	such	as	field	pea,	narrowleaf	lupin,	chickpea,	and	faba	bean	have	the	

potential	to	cause	100	per	cent	yield	losses	(4),	making	these	crops	high-risk	for	farmers.	As	such,	

understanding	how	fungal	pathogens	interact	with	their	plant	host	and	cause	disease	is	vital	to	

controlling	and	minimising	crop	losses	in	Australia	and	the	rest	of	the	world.	

1.1 Fungal	pathogens	of	interest	

Certain	fungal	pathogen	species	are	of	particular	relevance	to	this	Ph.	D.	thesis	either	because	they	

are	included	in	the	bioinformatic	analysis	described	in	Chapters	4-7,	or	because	they	have	

characteristics	particularly	relevant	to	the	discussion	of	fungal	effector	biology,	pathogen	evolution,	

and	effector	gene	prediction	later	in	this	review.	In	the	next	sections,	I	give	a	brief	introduction	to	

these	species,	the	diseases	they	cause,	and	their	available	genomic	resources.	An	introduction	to	

Passalora	fulva	is	given	as	this	pathogen	has	become	a	model	species	for	understanding	avirulence	

effectors,	and	is	therefore	frequently	mentioned	in	the	remainder	of	this	literature	review.	

Pyrenophora	tritici-repentis	and	Parastagonospora	nodorum	are	model	systems	for	understanding	

proteinaceous	necrotrophic	effectors	(NEs)	and	their	interactions,	which	are	discussed	in	more	detail	

in	Chapter	2.	The	repeat	and	gene	content	of	P.	tritici-repentis	is	also	compared	to	closely	related	

barley-infecting	Pyrenophora	teres	species	in	Chapter	7.	Research	that	has	been	conducted	on	the	

genome	sequence	and	effector	complement	of	Leptosphaeria	maculans	with	regards	to	AT-rich	

regions	and	repeat-induced	point	mutation	(RIP)	is	highly	relevant	to	Chapter	6,	where	AT-rich	

regions	within	fungal	genomes	are	explored	in	detail.	Zymoseptoria	tritici	is	discussed	in	Chapter	5	as	

part	of	a	review	article,	along	with	an	analysis	of	the	AT-rich	region	content	of	the	assembly.	

Pyrenophora	teres	f.	teres	and	Pyrenophora	teres	f.	maculata	are	the	focus	of	Chapter	7	and	thus	

briefly	introduced	here.	These	species	are	all	within	the	Pezizomycotina	subphylum	(class	

Dothideomycetes),	which	contains	numerous	plant	pathogens	(5)	many	of	which	now	have	whole	

genome	sequence	resources	publically	available	(Figure	1).		
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Figure	1	A	cladogram	showing	Dothideomycete	plant	pathogens	species	that	have	publically	available	genomes	sequences.	
The	species	highlighted	in	grey	are	of	particular	relevance	to	this	body	of	research.	
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1.1.1 Parastagonospora	nodorum	

P.	nodorum	(formerly	Stagonospora	nodorum)	is	a	necrotrophic	fungal	pathogen	of	wheat	and	the	

causal	agent	of	Stagonospora	nodorum	blotch	(SNB)	on	wheat.	Symptoms	appear	as	oval	or	round	

necrotic	lesions	on	the	leaves,	necrotic	bands	on	stems,	and	lesions	on	glumes	(6).	Disease	

symptoms	are	easily	confused	with	those	of	tan	spot,	caused	by	P.	tritici-repentis,	which	often	co-

infects	wheat	(7).	This	disease	has	been	of	responsible	for	particularly	severe	crop	losses	in	the	

wheat	growing	regions	of	Western	Australia,	amounting	to	an	estimated	9%	of	total	yield	losses	(1).	

During	infection,	spores	land	on	the	leaf	and	germinate,	forming	hyphae	that	enter	the	leaf	via	a	

penetration	structure	known	as	a	hyphopodium	or	through	stomata	(6).	The	genome	sequence	of	P.	

nodorum	(reference	strain	SN15)	was	the	earliest	publication	of	a	Dothideomycete	pathogen	

genome,	and	the	study	also	included	the	analysis	of	a	library	of	7,750	expressed	sequence	tags	

(ESTs)	(post	quality	filtering)	(8).	The	initial	genome	assembly	was	37	Mb	contained	within	107	

scaffolds	and	had	a	relatively	low	repetitive	content	of	4.5%	(8).	Additional	strains	SN4	and	SN79	

were	later	sequenced	and	published	for	comparative	genomic	purposes	(9).	Recently,	the	genome	

sequence	has	been	updated,	and	RNA-seq	and	proteomic	data	used	to	conduct	a	comprehensive	re-

annotation	(10).	Genomic	resources,	along	with	established	molecular	techniques,	a	worldwide	

collection	of	isolates,	and	genetically	characterised	host-mapping	populations	have	contributed	to	P.	

nodorum	becoming	a	model	organism	for	the	study	of	similar	necrotrophic	pathogens	(7).	

Furthermore,	the	characterisation	and	subsequent	study	of	P.	nodorum	effectors	have	contributed	

to	this	species	becoming	a	model	for	understanding	the	inverse	gene-for-gene	interaction	described	

in	the	review	of	necrotrophic	effectors	(NEs)	in	Chapter	2.	

1.1.2 Pyrenophora	tritici-repentis	

P.	tritici-repentis	is	a	necrotrophic	fungal	pathogen	that	causes	tan	spot	disease	on	wheat,	with	

symptoms	appearing	as	round	or	oval	shaped	necrotic	lesions	on	the	leaves	(11).	P.	tritici-repentis	is	

part	of	the	Pyrenophora	genus,	which	contains	barley	pathogens	P.	teres	f.	teres,	P.	teres	f.	maculata,	

and	Pyrenophora	graminicola,	as	well	as	a	seed	pathogen	Pyrenophora	semeniperda.	The	P.	tritici-

repentis	reference	(isolate	Pt-1C-BFP)	genome	was	sequenced	using	Sanger	technology	with	scaffold	

placement	assisted	by	an	optical	map	(12).	The	resulting	assembly	was	37.8	Mbp	contained	within	

just	47	scaffolds.	A	non-pathogenic	isolate	and	an	additional	pathogenic	isolate	were	sequenced	

using	Illumina	short-read	technology	(12).	Comparisons	between	the	three	assemblies	indicated	that	

transposon	activity	had	played	a	key	role	in	the	evolution	of	pathogenicity	in	this	species	(12).	

1.1.3 Pyrenophora	teres	f.	teres	and	Pyrenophora	teres	f.	maculata	

P.	teres	f.	teres	and	P.	teres	f.	maculata	are	fungal	pathogens	that	cause	net	form	of	net	blotch	and	

spot	form	of	net	blotch	(respectively)	on	barley.	The	disease	symptoms	of	both	forms	appear	on	the	

leaves,	but	have	a	different	appearance.	Net	form	of	net	blotch	appears	as	necrotic	lines	that	run	

along	the	leaf	veins	and	are	connected	by	occasional	transverse	streaks	of	necrosis,	forming	a	criss-
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cross	or	net	pattern	(13).	Spot	form	of	net	blotch	presents	as	oval	or	round	necrotic	lesions	

surrounded	by	a	yellow	chlorotic	halo	(13).	Phylogenetic	analysis	suggests	that	P.	teres	f.	teres	and	P.	

teres	f.	maculata	diverged	from	one	another	around	519	kya	ago,	and	diverged	from	P.	tritici-

repentis	around	8.04	Mya	ago	(14).	The	genome	sequence	of	P.	teres	f.	teres	isolate	0-1	was	

published	in	2010	(15),	assembled	from	paired-end	short-read	data	from	the	Solexa	sequencing	

platform.	The	resulting	assembly	was	42	Mbp	contained	within	146,737	scaffolds,	although	most	of	

these	were	short	fragments	and	80%	of	the	genome	was	contained	within	6,684	scaffolds.	Whole	

genome	sequence	resources	are	not	publically	available	for	P.	teres	f.	maculata.	

1.1.4 Leptosphaeria	maculans	

L.	maculans	is	a	fungal	pathogen	that	infects	brassica	crops,	in	particular	oilseed	rape	(also	known	as	

canola).	It	causes	stem	canker	or	blackleg,	with	disease	symptoms	appearing	as	greyish-green	

collapsed	cotyledon	and	leaf	tissue	(16).	L.	maculans	is	considered	to	be	a	hemibiotroph	(16).	The	

genome	sequence	of	L.	maculans	‘brassicae’	(isolate	v23.1.3)	was	published	in	2011	(17).	The	

assembly	was	45	Mbp	contained	within	76	scaffolds	and	was	found	to	have	a	relatively	high	

component	of	repeats,	accounting	for	around	one	third	of	the	assembly	(17).	Interestingly,	the	

genome	was	reported	to	be	composed	of	a	mosaic	of	GC-equilibrated	regions	and	gene	sparse	AT-

rich	regions,	formed	through	the	activity	of	repeat-induced	point	mutation	(RIP)	(17).	This	bimodal	

genome	type	is	explored	in	detail	in	Chapter	6.	

1.1.5 Zymoseptoria	tritici	

Z.	tritici	(syn.	Mycosphaerella	graminicola)	is	a	wheat	pathogen	and	the	cause	of	septoria	leaf	blotch,	

with	disease	symptoms	appearing	as	necrotic	lesions	with	chlorotic	borders	on	leaves.	Unlike	the	

other	pathogens	described	so	far,	which	are	within	the	order	Pleosporales,	Z.	tritici	is	from	the	order	

Capnodiales	(Figure	1).	Z.	tritici	is	phylogenetically	distant	from	S.	nodorum	and	P.	tritici-repentis,	

however	differentiating	the	diseases	each	cause	can	be	difficult	due	to	their	frequent	co-infection	of	

wheat	and	similar	symptoms.	During	infection,	hyphae	extend	along	the	leaf	and	enter	the	plant	leaf	

through	stomata	(18,19).	Z.	tritici	has	a	period	of	latent	infection	before	lesions	appear,	at	which	

point	the	pathogen	switches	to	a	necrotrophic	phase.	This	two-phase	mode	of	infection	means	that	

Z.	tritici	is	generally	described	as	a	hemibiotroph.	The	reference	genome	sequence	(IPO323)	was	

published	in	2011	(18).	Whole-genome	shotgun	sequencing	using	three	libraries	with	differing	insert	

sizes	(2-3,	6-8,	and	35-40	kb)	resulted	in	a	near	complete	genome	assembly,	consisting	of	21	

assembled	chromosomes	amounting	to	37.9	Mb	(18).	The	assembly	was	found	to	be	around	17%	

repetitive	with	genomic	evidence	of	repeat-induced	point	mutation	(RIP)	(20).	Bioinformatic	

resources	and	research	on	Z.	tritici	are	reviewed	in	Chapter	5,	along	with	an	analysis	of	the	AT-rich	

region	content	of	the	genome	assembly.	
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1.1.6 Passalora	fulva	

P.	fulva	(syn.	Cladosporium	fulvum)	is	a	fungal	pathogen	that	causes	leaf	mould	on	susceptible	

Solanum	lycopersicon	(tomato)	plants.	The	taxonomic	classification	of	P.	fulva	places	it	within	the	

Mycosphaerellaceae	family,	along	with	Z.	tritici	and	the	pine	pathogen	Dothistroma	septosporum.	

During	infection	by	P.	fulva,	conidia	germinate	on	the	leaf	surface	producing	hyphae	that	enter	the	

plant	leaf	through	stomata	(21).	Disease	symptoms	appear	as	white	mould	on	the	leaf	that	turns	

brown	when	the	fungus	sporulates,	as	well	as	leaf	wilting	and	curling	due	to	stomata	blockages	(21).	

P.	fulva	is	considered	to	be	a	non-obligate	biotroph	(22).	The	genome	sequence	of	P.	fulva	was	

published	in	2012,	along	with	that	of	the	closely	related	D.	septosporum	(22).	The	genome	was	

sequenced	using	paired	end	shotgun	454	reads,	assembling	into	61	Mb	within	2,664	scaffolds	(22).	P.	

fulva	was	found	to	have	a	high	repetitive	content	of	around	47%	(22).	An	assessment	of	the	AT-rich	

region	content	of	the	P.	fulva	genome	is	made	in	Chapter	6.	

1.2 Fungal	Effectors	

Plants	are	considered	to	have	two	main	lines	of	defence	against	pathogen	colonisation:	basal	and	

effector	triggered	(23–26).	Basal	immunity	relies	on	recognising	molecular	patterns	that	typify	

pathogens,	termed	pathogen-associated	molecular	patterns	(PAMPs),	triggering	a	defence	response	

from	the	plant	resulting	in	PAMP-triggered	immunity	(PTI).	In	fungal	pathogen-plant	interactions,	a	

well-known	example	of	a	PAMP	is	chitin,	which	forms	a	key	structural	component	of	fungal	cell	walls.	

Recognition	of	chitin	by	the	plant	has	been	shown	to	trigger	the	production	of	plant	chitinases	that	

degrade	chitin	thus	suppressing	fungal	growth.	Plant	defence	responses	can	also	be	initiated	by	the	

recognition	of	their	own	degraded	polymer	molecules,	termed	danger-	or	damage-associated	

molecules	(DAMPs)(24,25,27).	For	example,	one	way	fungi	derive	nutrition	is	from	plant	

carbohydrates	through	the	activity	of	carbohydrate	degrading	enzymes	(Carbohydrate-Active	

enZymes	-	CAZys).	The	activity	of	these	enzymes	releases	molecules	from	the	plant	cell	wall,	which	

are	then	recognised	by	the	plant	as	DAMPs.	The	recognition	of	these	ubiquitous	PAMPS	and	DAMPs	

differs	from	the	recognition	of	specific	molecules,	termed	effectors,	that	forms	the	second	line	of	

plant	defence.	

	

Effectors	are	molecules	produced	by	the	pathogen	that	interact	with	the	host	to	allow	the	pathogen	

to	evade	host	recognition,	trigger	defence	responses,	and/or	cause	or	increase	virulence.	

Most	known	effectors	are	secreted	proteins,	although	there	are	some	examples	of	small	RNAs	(28)	

and	secondary	metabolites	(29)	also	acting	as	effectors.	Secondary	metabolite	effectors	in	the	form	

of	host-selective	toxins	(HSTs)	are	reviewed	in	more	detail	in	Chapter	2.	Effectors	are	either	secreted	

into	the	extracellular	space	and	interact	in	the	apoplast	or	xylem	of	the	plant,	or	are	taken	up	by	the	

plant	cell	and	interact	within	the	cytoplasm.	In	the	case	of	obligate	biotrophs	species	such	as	

Blumeria	spp.,	Puccinia	spp.,	and	Melampsora	lini,	effectors	are	delivered	via	specialised	feeding	

structures	called	haustoria	that	penetrate	the	host	cell	(30).	The	species	introduced	in	this	review	—	
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and	indeed	most	known	fungal	pathogens	—	are	not	obligate	biotrophs	and	the	mode	by	which	

effectors	enter	the	host	cell	is	unknown	(31).	Some	effectors	function	to	inhibit	PTI	and	overcome	

basal	plant	immunity.	For	example,	certain	effectors	have	been	shown	to	function	to	prevent	PTI	

that	can	occur	through	recognition	of	chitin.	The	P.	fulva	effector	Ecp6	has	been	shown	to	bind	to	

chitin	molecules,	effectively	hiding	them	from	the	plants	recognition	mechanisms	and	preventing	PTI	

(32–34).	There	are	also	subsets	of	effectors	that	interact	with	the	host	in	a	different	or	additional	

way	to	those	whose	only	known	function	is	to	inhibit	PTI.	These	effectors	can	be	can	be	grouped	into	

the	set	of	effectors	that	are	avirulence	determinants,	termed	avirulence	effectors	(Avrs),	and	

necrotrophic	effectors	(NEs).	

1.2.1 Avirulence	effectors	

Encompassed	within	the	broader	category	of	effectors	are	avirulence	(Avr)	genes.	An	Avr	gene	

product	interacts	with	the	product	of	a	matching	host	resistance	(R)	gene,	triggering	plant	defences	

(23,26).	This	usually	culminates	in	a	hypersensitive	response	(HR)	by	the	plant	leading	to	immunity.	

The	HR	is	a	defence	mechanism	enacted	by	the	plant	whereby,	though	localised	cell	death,	the	plant	

cuts	off	the	pathogens	food	source	thus	preventing	infection.	As	such,	the	presence	of	the	fungal	

effector	and	plant	resistance	genes	leads	to	effector-triggered	immunity.	This	gene–for–gene	

interaction	was	initially	hypothesised	in	the	1940s	with	reference	to	the	interaction	between	

Melampsora	lini,	the	causal	agent	of	flax	rust,	and	flax	(35,36).	The	first	fungal	avirulence	effector	to	

be	cloned	was	Avr9	from	the	tomato	pathogen	Passalora	fulva	(37),	around	50	years	after	Flors	

landmark	paper.	Since	then,	a	number	of	fungal	avirulence	effectors	have	been	identified	and	

characterised,	in	some	cases	with	their	corresponding	host	R	gene.		

	

In	the	presence	of	a	non-resistant	host,	many	Avrs	are	often	either	known	to	or	presumed	to	act	as	

virulence	factors,	contributing	to	pathogenicity.	For	some	avirulence	effectors,	a	primary	role	as	

virulence	factors	has	been	determined.	For	example,	the	P.	fulva	effector	Avr4	protects	fungal	

hyphae	against	hydrolysis	by	plant	chitinases	by	binding	to	chitin	(38,39).	Avr2	inhibits	cysteine	

proteases,	which	play	a	role	in	plant	defences	(39,40).	In	the	presence	of	their	respective	R	genes	

(Cf-4	and	Cf-2),	both	proteins	interact	with	the	pathogen	to	induce	a	HR.	In	these	cases,	the	primary	

role	of	the	effector	is	overridden	by	host	recognition,	resulting	in	the	effector	also	being	an	

avirulence	determinant.	It	is	presumed	that	Avr	type	effectors	have	an	effector	function	in	the	

absence	of	host	recognition	but	this	has	not	only	been	demonstrated	for	a	subset	of	the	known	Avrs.		

	

The	evolution	and	change	of	Avr	genes	and	their	matching	plant	R	genes	is	an	arms	race	between	

host	and	pathogen.	The	pathogen	population	evolves	effectors	to	overcome	plant	defences,	and	the	

plant	population	responds	by	evolving	mechanisms	by	which	to	specifically	recognise	effectors.	In	

the	absence	of	host	recognition,	loss	of	an	Avr	gene	confers	a	fitness	penalty,	the	degree	of	which	

depends	on	the	intrinsic	function	of	the	effector.	When	challenged	with	a	resistant	host,	loss	or	
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modification	of	the	Avr	gene	allows	the	pathogen	to	evade	host	recognition.	This	can	occur	through	

deletions,	point	mutations,	and/or	transposon	insertion	within	the	Avr	gene	(23,26).	Importantly,	

the	mode	by	which	host	resistance	is	overcome	differs	between	different	Avr	genes	and	pathogens.	

For	example,	the	only	observed	route	to	overcome	Rlm4	recognition	of	the	L.	maculans	effector	

protein	AvrLm4-7	is	a	single	mutation	altering	a	glycine	residue	to	an	arginine	(41).	In	contrast,	

complete	deletion	of	the	L.	maculans	Avr	gene	AvrLm1	was	found	to	be	the	most	common	

adaptation	to	overcome	Rlm1	mediated	resistance	(42).	In	P.	fulva,	single	point	mutations	to	Avr4	

result	in	unstable	but	functional	proteins	that	are	not	recognised	by	the	R	gene	Cf-4	(43,44).	This	

method	of	recognition	avoidance	differs	from	those	seen	affecting	Avr4E,	which	is	more	commonly	

deleted	or	rendered	non-functional	(44).	These	examples	suggest	different	fitness	penalties	

associated	with	the	loss	of	different	effector	genes	and	that	selection	favours	different	kinds	of	

adaptations	(44).	Additionally,	pathogens	and	individual	avirulence	genes	may	differ	in	the	

evolutionary	mechanisms	available	to	bypass	resistance	and	in	their	evolutionary	potential	—	a	point	

discussed	in	more	detail	later	in	this	chapter.	

1.2.2 Necrotrophic	effectors	

Another	sub-set	of	effectors	are	“necrotrophic”	effectors	(NEs),	including	what	has	been	traditionally	

termed	host-selective	toxins	(45).	Due	to	the	difficultly	in	distinctly	classifying	pathogens	according	

to	their	lifestyle	(discussed	further	in	Chapter	2),	for	the	purposes	of	this	review	NEs	are	not	solely	

considered	to	be	effectors	produced	by	necrotrophic	pathogens,	but	rather	effectors	that	interact	

with	the	host	in	a	way	that	promotes	or	has	the	potential	to	promote	infection	by	inducing	necrosis	

or	chlorosis.	This	definition	thus	encompasses	the	effectors	produced	by	necrotrophic	pathogens,	

but	also	extends	to	similarly	functioning	effectors	produced	by	pathogens	that	do	not	exclusively	

employ	a	necrotrophic	lifestyle.	NEs	have	been	shown	to	function	in	many	plant	pathogen	

interactions,	including	those	involving	the	wheat	pathogens	P.	nodorum	and	P.	tritici-repentis	

introduced	earlier	in	this	chapter.	Strong	evidence	has	been	presented	that	NEs	also	function	in	the	

barley–P.	teres	interaction	(46),	making	this	class	of	effectors	of	particular	relevance	to	this	body	of	

research.	Briefly,	one	of	the	important	similarities	between	certain	NEs	and	Avrs	is	that	they	are	

specifically	recognised	by	the	host.	A	crucial	difference	is	that	host	recognition	of	a	NE	can	lead	to	

susceptibility,	as	in	some	cases	the	pathogen	exploits	host	resistance	mechanisms	to	its	advantage.	A	

detailed	review	of	NEs	is	included	separately	in	Chapter	2.	

1.2.3 Pathogen	accelerated	evolutionary	mechanisms	and	effector	evolution	

Pathogens	are	under	strong	selective	pressure	to	overcome	host	resistance.	Plant	pathogenic	fungi	

are	concentrated	in	the	Dothideomycete,	Leotiomycete,	and	Sordariomycete	families	within	the	

Pezizomycotina	subphylum.	There	are	common	themes	to	the	evolutionary	mechanisms	seen	among	

these	pathogenic	fungi	that	may	contribute	to	their	success	as	pathogens.	In	many	cases	these	

evolutionary	mechanisms	have	been	shown	to	contribute	to	the	pathogens	ability	to	modify,	

expand,	or	reduce	its	effector	repertoire	to	overcome	plant	resistance.	Here,	genome	evolution	
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through	transposon	activity,	repeat-induced	point	mutation,	dispensable	chromosomes,	and	

horizontal	gene	transfer	(HGT)	are	reviewed.	While	not	the	only	mechanisms	of	fungal	genome	

evolution,	these	mechanisms	operate	in	addition	to	normal	evolution	and	have	been	identified	as	

being	particularly	relevant	to	the	evolution	of	effectors.	

	

Effectors	have	been	observed	to	frequently	be	closely	associated	with	repetitive	elements	and	in	

some	cases	repeat	dense	regions	(12,17,47,48).	Transposon	activity	contributes	to	genetic	diversity.	

There	is	enormous	variation	in	the	repetitive	content	and	overall	size	of	fungal	pathogen	genomes	

(49),	as	well	as	examples	of	pathogen	genomes	being	larger	than	closely	related	non-pathogenic	

species.	Obligate	biotrophs	in	particular	have	been	observed	to	have	extremely	large	repeat	rich	

genomes	(50).	For	example,	the	barley	powdery	mildew	pathogen	Blumeria	graminis	f.	sp.	hordei	

assembled	to	around	120	Mbp,	with	a	transposable	elements	accounting	for	most	(64%)	of	the	

genome	(51).	To	put	this	genome	size	into	context,	the	genomes	of	necrotrophic	plant	pathogens	

Sclerotinia	sclerotiorum	and	Botrytis	cinerea	—	also	from	the	Leotiomycete	family	—	have	genomes	

of	around	38–39	Mb	and	lower	repetitive	components	of	around	7%	and	less	than	1%	respectively	

(52).	It	has	been	proposed	that	the	rampant	propagation	of	transposons	seen	in	the	genomes	of	

obligate	biotrophs	has	been	a	key	component	to	their	evolution	and	the	evolution	of	their	effectors	

(50).	The	“bigger	can	be	better”	concept	(53)	has	been	used	to	describe	such	genomes	—	not	solely	

limited	to	the	obligate	biotrophs	—	where	the	evolutionary	advantages	conferred	by	transposon	

activity	and	genome	expansion	outweigh	the	fitness	penalty	that	arises	from	having	to	repair	and	

replicate	a	large	genome.	In	other	cases	a	direct	involvement	of	transposon	activity	in	adaptation	to	

host	resistance	has	been	observed	(54,55).	In	some	cases	repeats	have	accumulated	to	form	repeat	

dense	regions,	resulting	in	a	state	of	genome	compartmentalisation.	

	

Some	pathogens	have	non-essential	chromosomes,	termed	dispensable	chromosomes,	which	are	

specific	to	certain	pathogen	isolates	or	lineages	(56–59).	For	example,	formae	speciales	of	Fusarium	

oxysporum	can	be	distinguished	by	the	presence	or	absence	of	certain	lineage	specific	chromosomes	

(57,60).	These	dispensable	chromosomes	tend	to	be	repeat	rich,	devoid	of	housekeeping	genes,	and	

in	some	cases	have	been	shown	to	harbour	effectors	or	other	genes	with	a	role	in	pathogenicity	or	

host	specificity.	The	wheat	pathogen	Z.	tritici	has	8	dispensable	or	accessory	chromosomes	that	have	

been	described	as	a	“cradle	for	adaptive	evolution”	(61).	This	terminology	refers	to	the	potential	for	

these	chromosomes	to	diversify	more	rapidly	than	the	core	genome,	similarly	to	repeat-rich	regions,	

due	to	the	fitness	cost	of	mutations	being	lower	on	non-essential	chromosomes	compared	to	the	

core	chromosomes.	

	

Certain	fungi	—	particularly	within	the	Pezizomycotina	subphylum	—	have	a	genome	defence	

mechanism	called	repeat-induced	point	mutation	(RIP).	RIP	was	first	observed	in	the	in	the	genome	

of	the	model	organism	Neurospora	crassa	(62),	peppering	repeats	(over	400bp	and	80%	similarity	in	
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N.	crassa	(63,64))	with	cytosine	to	thymine	(C	to	T)	mutations	(and	guanine	to	adenine	(G	to	A)	

mutations	on	the	reverse	strand).	These	mutations	introduce	stop	codons	into	the	open-reading	

frames	of	transposons,	rendering	them	inactive	and	protecting	the	organism	from	the	detrimental	

effects	of	transposon	activity.	The	resulting	genomic	signature	of	RIP	activity	is	a	low	GC-content	in	

RIP	affected	regions,	and	in	most	cases	a	TpA	bias	resulting	from	the	preferential	mutation	of	CpA	

dinucleotides	(65).	The	presence	and	activity	of	RIP	could	be	expected	to	prevent	the	discussed	

benefits	of	transposon	activity	to	pathogen	evolution,	and	the	absence	of	the	genes	necessary	for	

RIP	from	the	genomes	of	obligate	biotrophs	has	been	noted	(51).	Despite	this,	many	pathogen	

genomes	have	evidence	of	RIP	activity	and,	curiously,	evidence	of	RIP	capability	is	seen	in	some	

pathogens	that	also	have	a	high	repeat	content	(49).	A	well-known	example	of	this	is	seen	in	the	

genome	assembly	of	L.	maculans,	in	which	around	one	third	of	the	genome	assembly	is	repetitive	

(17).	In	L.	maculans,	repeats	have	accumulated	into	repeat	dense	regions	degraded	by	RIP,	giving	the	

genome	a	bimodal	GC-content	that	alternates	between	AT-rich	and	GC-equilibrated	genome	regions.	

Adding	interest	to	this,	L.	maculans	effector	genes	(AvrLm1,	AvrLm2,	AvrLm4-7,	AvrLm6,	and	

AvrLmJ1)	were	found	to	be	located	within	these	otherwise	gene-sparse	regions	(66–69).	

Furthermore,	RIP	has	been	demonstrated	to	be	instrumental	in	the	pseudogenisation	of	effectors,	

allowing	L.	maculans	to	rapidly	evolve	to	evade	host	recognition	and	overcome	plant	resistance	

(17,69–71).	As	such,	there	is	evidence	that	RIP	is	not	only	a	genome	defence	mechanism,	but	also	a	

driver	of	evolution.	

	

The	terminology	“two-speed”	genome	evolution	was	first	coined	in	reference	to	the	transposon-rich	

regions	in	the	genome	of	the	Oomycete	pathogen	Phytophthora	infestans	(72).	The	two-speed	

genome	evolution	terminology	has	since	been	frequently	used	in	fungal	genomics	to	describe	where	

transposon	activity,	dispensable	chromosomes,	and	in	some	cases	RIP	contribute	to	a	situation	

where	parts	of	a	fungal	genome	diversify	and	evolve	more	rapidly	than	others	(61,73,74).	

	

In	addition	to	transposon-mediated	mechanisms	for	genome	evolution	and	adaptation,	fungal	

pathogens	are	also	able	to	evolve	via	the	acquisition	of	genetic	material	via	HGT.	It	is	possible	that	

HGT	allows	fungal	pathogens	to	acquire	novel	effectors	from	other	species.	This	was	the	case	for	P.	

tritici-repentis,	which	famously	acquired	the	ToxA	effector	from	P.	nodorum	via	HGT	(75).	Strong	

evidence	has	also	been	presented	that	the	pea	pathogenicity	(PEP)	gene	cluster	in	Nectria	

haematococca	was	acquired	through	HGT	(76).	While	HGT	is	not	exclusive	to	fungal	pathogens	

(77,78)	or	indeed	fungi,	it	has	been	shown	to	be	more	prevalent	with	the	pathogen-rich	

Pezizomycotina	subphylum	(77).	Furthermore	it	has	been	suggested	that	HGT	may	play	an	important	

role	in	the	evolution	of	phytopathogens	(79,80).	
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1.2.4 Crop	protection	

Breeding	crop	varieties	for	resistance	to	pathogens	was	conducted	long	before	its	genetic	basis	was	

understood.	For	example,	in	Australia	the	pioneering	work	of	William	Farrer	in	breeding	for	wheat	

rust	resistance	was	carried	out	in	the	late	19th	century,	prior	to	the	rediscovery	of	Mendel’s	insights	

into	inheritance	(81).	These	days,	knowledge	of	effectors	assists	in	the	development	of	molecular	

markers,	which	allow	new	lines	to	be	screened	for	resistance.	More	recently,	the	provision	of	

effector	protein	solutions	to	breeders	has	allowed	assays	to	be	carried	out	on	new	lines,	offering	a	

rapid	and	comparatively	high-throughput	method	by	which	to	assess	resistance.	This	strategy	has	

been	highly	successful	in	reducing	sensitivity	of	Australian	wheat	cultivars	to	NEs	produced	by	S.	

nodorum	and	P.	tritici-repentis,	with	savings	due	to	disease	reduction	estimated	at	$50	million	(82).	

NEs	and	crop	protection	are	reviewed	in	more	detail	in	Chapter	2.	An	advantage	of	breeding	for	

resistance	is	that	it	reduces	the	reliance	on	other	disease	control	measures	such	as	fungicides.	

Although	these	breeding	strategies	are	highly	effective,	the	arms	race	between	host	and	pathogen	

continues.	Once	identified	or	bred,	resistant	crop	varieties	are	widely	used,	exerting	enormous	

selective	pressure	on	virulent	pathogen	species	or	virulent	alleles	within	a	population.	As	a	result,	

the	continued	monitoring	and	knowledge	of	a	pathogen’s	effector	complement	are	necessary	for	the	

continued	provision	and	selection	of	crop	varieties.	

1.3 Identifying	novel	effectors	
Given	the	importance	of	effectors	to	virulence	and	tangible	benefits	of	effector	discovery	to	

industry,	the	identification	of	effectors	is	a	principal	area	of	research.	Pioneering	effector	/	

avirulence	gene	discovery	generally	used	map-based	cloning	techniques,	but	with	the	advent	of	

whole	genome	sequencing	a	number	of	additional	methods	have	emerged.	Genome	sequencing	of	

fungi	began	with	model	organisms;	firstly	the	yeast	Saccharomyces	cerevisiae,	and	some	years	later	

filamentous	fungi	N.	crassa	(83)	and	Aspergillus	nidulans	(84).	In	2005	Magnaporthe	grisea	marked	

the	first	filamentous	fungal	pathogen	to	have	its	genome	sequence	published	(85).	Since	then,	

hundreds	of	fungal	genome	sequences	have	been	published,	including	many	plant	pathogens.	Whole	

genome	sequence	data	has	become	a	powerful	resource	in	selecting	putative	effectors	for	

laboratory	confirmation,	reviewed	in	the	following	paragraphs	and	summarised	in	Figure	2.	
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Figure	2	A	flow	chart	showing	the	main	steps	(black	boxes)	in	effector	gene	prediction.	Sources	of	evidence	feeding	into	
effector	prediction	are	shown	in	light	grey,	and	contributing	data/information	is	listed	in	the	dark	grey	boxes.	

1.3.1 Selecting	effector	candidates	

The	identification	of	candidate	effectors	from	larger	sets	of	genes	is	recognised	as	a	continuing	

bioinformatic	challenge	(86).	Experimental	testing	of	putative	effectors	is	time	consuming	and	labour	

intensive,	ideally	suited	to	small	sets	of	candidate	effectors.	Unfortunately,	the	genomes	of	fungal	

pathogens	contain	hundreds	of	genes	that	could	potentially	encode	effectors	(24).	Reducing	the	size	

of	this	set	by	bioinformatic	methods	can	be	a	trade	off	between	strict	criteria	that	may	exclude	some	

effectors	versus	lax	criteria	that	include	a	large	number	of	other	secreted	proteins.	Bioinformatic	

methods	used	to	predict	effectors	generally	relate	to	properties	of	their	protein	sequence,	

homology,	comparative	genomics,	genomic	context,	as	well	as	the	incorporation	of	expression	data	

and	proteomic	data	where	available	(86,87).	

1.3.1.1 Protein	sequence	analysis	

Early	discoveries	of	small,	cysteine-rich,	species-specific	effectors	set	in	place	the	idea	that	these	

protein	characteristics	are	typical	of	effectors.	These	characteristics	have	been	used	to	conduct	

genome	wide	searches	for	effector	candidates.	While	using	these	criteria	has	in	some	cases	been	

successful,	we	now	have	numerous	examples	of	effectors	that	would	have	—	if	relying	on	these	

criteria	alone	—	gone	undetected.	For	example,	the	L.	maculans	effector	protein	AvrLm1	only	has	

one	cysteine	(66).	Furthermore,	there	is	variation	in	the	published	literature	in	what	qualifies	a	

protein	as	cysteine-rich,	with	examples	defining	cysteine-rich	as	3%	cysteine	(88),	4%	cysteine	(60),	

and	a	percentage	one	standard	deviation	above	the	mean	expected	value	(87).	While	known	

effectors	are	generally	small,	some	are	larger	than	what	would	typically	be	defined	as	small.	For	

example,	the	M.	lini	effector	protein	AvrM	is	314	amino	acids	long	and	36	kDa	and	the	Glomus	

intraradices	effector	protein	SP7	is	36	kDa	and	311	amino	acids.	Both	of	these	are	longer	than	some	
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of	the	commonly	employed	definitions	of	“small”	such	as	<	30kDa	(87),	150	amino	acids	(88),	and	

200	amino	acids	(60).	In	identifying	effector	candidates	in	P.	nodorum,	predicted	genes	were	given	a	

cumulative	score	using	criteria	relating	to	secretion	prediction,	size,	cysteine	content,	proximity	to	

repeats,	presence	in	other	isolates,	proteomic	evidence,	oomycete	effector	RLXR	or	ToxA-like	RGD	

motifs,	and	expression	profile.	An	advantage	of	this	technique	was	that	a	small	size	and	high	cysteine	

content	were	not	required	characteristics,	but	rather	contributed	to	the	overall	likelihood	a	protein	

may	be	an	effector.	This	technique	resulted	in	the	identification	of	Tox1.	Sperschneider	et	al.	(89)	

recently	applied	a	machine	learning	method	to	effector	prediction	from	sets	of	secreted	proteins.	

This	method	was	validated	on	known	effectors,	and	does	not	use	pre-determined	criteria	or	cutoffs	

based	on	perceived	effector	properties.	It	is	possible	that	using	this	method	will	unveil	novel	

effectors	that	are	not	small	and	cysteine-rich.	

	

The	identification	of	common	motifs	has	been	a	successful	strategy	in	identifying	effectors	in	

oomycete	pathogens.	For	example,	the	RLXR	motif	is	present	in	the	N-terminal	sequence	of	many	

known	oomycete	effectors	and	has	been	shown	to	be	necessary	for	translocation	into	the	host	cell.	

While	it	has	been	suggested	that	there	may	be	common	motifs	among	fungal	effectors	(90,91),	

conclusive	evidence	of	this	has	not	yet	been	found.	The	RGD	sequence	in	P.	tritici-repentis	and	P.	

nodorum	effector	ToxA	has	been	shown	to	been	necessary	for	localisation	into	the	host	cell	(92),	and	

it	has	been	suggested	that	this	may	be	a	motif	common	to	other	effectors.	Interestingly,	the	RGD	

motif	is	not	conserved	in	the	ToxA-homologue	effector	in	C.	heterostrophus	(93).	

1.3.1.2 Protein	homology	evidence	

Effectors	are	often	species-specific	and	an	absence	of	homologues	in	related	species	has	been	used	

to	identify	candidate	effectors.	While	in	many	cases	this	still	holds	true,	weak	homologues	to	

effectors	have	increasingly	being	identified	with	growing	genomic	resources,	meaning	homology	to	

known	effectors	can	also	be	used	to	identify	novel	effectors.	One	example	of	this	is	the	necrotrophic	

effector	ToxA,	which	was	thought	to	be	present	only	in	P.	tritici-repentis	and	P.	nodorum	(via	a	

recent	horizontal	gene	transfer	event	(75)).	More	recent	studies,	using	increased	genomic	resources	

for	related	species,	have	found	that	ToxA	is	part	of	a	larger	gene	family	with	homologues	present	in	

many	species	(93).	The	Cochliobolus	heterostrophus	homologue	of	ToxA,	ChToxA,	was	found	to	

function	as	a	necrotrophic	effector	in	its	interaction	with	the	host	plant,	corn	(93).	Other	examples	of	

effectors	with	homologues	in	other	species	further	demonstrate	that	effectors	are	not	necessarily	

species	specific	(94,95).	In	addition	to	the	general	protein	sequence	databases	such	as	Uniprot	and	

NCI’s	protein	databank,	there	are	some	databases	of	particular	use	to	pathogenomics	such	as	the	

Pathogen	Host	Interaction	Database,	which	contains	proteins	and	the	results	of	analysis	on	their	

interaction	with	their	hosts.	Homology	to	protein	family	(Pfam	(96))	domains	can	be	used	as	

evidence	that	a	protein	is	not	an	effector	(24),	or	in	some	cases	(such	as	the	LysM	domain)	used	as	

evidence	that	a	protein	may	be	an	effector	(97).	
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1.3.1.3 Comparative	genomics	

Comparative	genomics	can	help	to	identify	novel	effectors.	In	one	of	the	early	applications	of	whole	

genome	sequence	data	to	effector	discovery,	the	genome	sequences	of	multiple	isolates	of	M.	

oryzae	were	compared	and	differences	associated	with	differing	avirulence	phenotypes	(98).	This	

resulted	in	the	characterization	of	3	effectors:	AVR-Pia,	AVR-Pii,	and	AVR-Pik/km/kp.	Other	studies	

have	also	compared	isolates	of	the	same	species	to	identify	candidate	effectors	by	correlating	

presence	and	absence	variation	with	different	phenotypes	or	looking	for	genes	with	evidence	of	

positive	selection	(87).	In	another	method,	publically	available	pathogenic	and	non-pathogenic	

species	were	compared	to	find	genes	that	were	enriched	in	pathogen	genome	but	absent	from	non-

pathogen	genomes	(90).	The	developed	pipeline	presented	candidate	effectors	for	Fusarium	

oxysporum,	Fusarium	graminearum,	and	P.	nodorum.	Encouragingly,	selected	sets	of	likely	effector	

candidates	included	the	known	P.	nodorum	and	F.	oxysporum	effectors.		

1.3.1.4 Genomic	context	

Whole	genome	sequences	of	fungi	have	helped	to	illuminate	the	genomic	context	of	effectors,	in	

many	cases	showing	effectors	to	be	close	to	repeats	or	within	repeat-rich	or	unstable	genome	

regions.	This	information	has	in	turn	in	some	cases	been	used	as	a	line	of	evidence	that	a	gene	may	

be	an	effector.	These	genome	regions	are	gene-sparse,	meaning	the	set	of	genes	within	such	regions	

is	generally	small.	In	the	case	of	L.	maculans,	repeat	regions	are	RIP	degraded,	AT-rich,	and	harbour	

numerous	effectors	and	effector	candidates	(17,66,67).	It	is	possible	that	knowledge	of	AT-rich	

regions	may	be	relevant	to	the	prediction	of	effectors	in	other	pathogens.	

1.3.1.5 Expression	profile	

Known	effectors	are	up-regulated	during	infection,	and	in	planta	expression	or	an	expression	profile	

similar	to	known	effectors	can	be	used	as	evidence	that	a	gene	may	encode	an	effector.	For	

example,	in	identifying	P.	nodorum	effector	candidates	microarray	data	was	used	to	identify	genes	

with	an	expression	profile	similar	to	characterised	effectors	SnToxA	and	SnTox3,	resulting	in	the	

identification	of	SnTox1	(87).	The	advent	of	RNA-seq	has	offered	another	high-throughput	method	

for	expression	profiling	and	does	not	rely	on	the	genome	annotation	as	with	microarray	

experiments,	meaning	it	can	be	used	to	identify	novel	transcripts	(99).	In	planta	libraries	from	

different	infection	time	point	can	be	used	to	find	genes	that	are	up-regulated	during	infection.	This	

can	then	be	used	as	a	line	of	evidence	that	these	genes	may	encode	effectors	(100–102).	

1.3.1.6 Proteomic	data	

Protein	samples	can	be	analysed	using	mass	spectrometry,	returning	peptide	weights	that	can	then	

matched	to	a	reference	set	of	protein	sequences,	evidencing	the	presence	of	that	protein	in	the	

sample.	This	proteomics	data	can	be	used	as	another	line	of	evidence	when	finding	candidate	

effectors.	For	example,	proteomics	data	from	proteins	secreted	by	the	pathogen	can	provide	

additional	evidence	—	for	example,	alongside	secretion	prediction	—	that	a	protein	is	secreted	(103).	
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In	some	cases	a	particular	size	fraction	of	proteins	can	be	separated	and	shown	to	trigger	a	

hypersensitive	response	or	disease	symptoms	when	infiltrated	into	the	host	plant	and	proteomic	

analysis	of	these	active	fractions	can	then	be	used	to	identify	candidate	effectors.	This	approach	was	

used	to	analyse	active	fractions	from	P.	nodorum,	resulting	in	the	identification	of	SnTox3	(104).		

1.3.1.7 Structural	analysis	

There	have	been	some	studies	that	support	the	notion	that	effectors	that	do	not	share	sequence	

homology	may	be	structurally	similar.	For	example,	a	similar	β-sandwich	fold	has	been	observed	in	

the	experimentally	determined	structure	of	ToxA	from	P.	tritici-repentis	and	AvrL567	from	

Melampsora	lini	(105).	Structural	similarity	between	AvrPiz-t,	AvrPia,	and	Avr1-CO39	avirulence	

effectors	from	Magnaporthe	grisea	and	ToxB	from	P.	tritici-repentis	has	also	been	observed	in	

experimentally	determined	structures	(106).	This	finding	was	applied	to	predict	novel	effector	

candidates	in	M.	grisea	by	searching	for	proteins	with	a	predicted	secondary	structure	similar	to	that	

seen	in	the	experimentally	determined	M.	grisea	effectors	(106).		

1.3.2 Pathogenomics	for	effector	prediction	

The	selection	of	effector	candidates	builds	on	the	foundations	of	the	pathogen	genome	assembly	

and	the	predicted	gene	set.	As	such,	in	addition	to	the	described	challenges	of	selecting	putative	

effectors	from	larger	gene	lists,	there	are	challenges	presented	by	generating	accurate	genome	

assemblies	and	gene	predictions.	Some	of	these	challenges	are	not	limited	to	pathogenomics	and	

are	common	to	fungal	genomics	and	indeed	the	genomics	of	any	organism,	although	some	are	

particularly	relevant	to	pathogenomics	and	the	study	of	effectors.	

1.3.2.1 Genome	assembly	

Genome	assembly	is	the	first	step	in	the	studying	the	genome	of	an	organism.	The	choice	of	

sequencing	platform	has	a	great	bearing	on	both	cost	and	the	quality	of	the	resulting	assembly.	

Sanger	sequencing	was	used	in	early	fungal	genome	sequencing	projects	(83–85),	and	generally	

results	in	a	high	quality	assembly.	However,	Sanger	sequencing	is	expensive,	time-consuming,	and	

labour	intensive	(107)	and	therefore	unsuitable	for	many	fungal	genome	sequencing	projects.	Next	

generation	sequencing	has	allowed	many	fungal	species	to	be	rapidly	sequenced	at	low	cost,	

although	the	resulting	assemblies	can	be	fragmented,	owing	to	the	difficulty	in	assembling	repetitive	

regions	from	short	read	data.	The	common	result	is	that	the	bulk	of	coding	regions	are	assembled,	as	

is	usually	judged	by	the	proportion	of	conserved	eukaryotic	orthologues	present	in	the	genome	

(108–110),	although	repetitive	regions	and	genes	encoded	within	repeat	rich	may	not	be	present	

within	the	assembly.	Further	compounding	this,	some	fungal	species	have	a	mechanism	called	

repeat	induced	point	mutation	(RIP),	which	peppers	repeat	regions	with	C	to	T	and	G	to	A	transitions	

resulting	in	AT-rich	repeat	regions	(111).	Some	sequencing	platforms	are	biased	toward	higher	

coverage	in	higher	GC	regions	(112),	meaning	these	AT-rich	repeat	regions	receive	lower	sequencing	

coverage	than	other	regions.	In	terms	of	effector	prediction,	if	a	gene	has	not	been	assembled	it	will	
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not	be	included	in	gene	lists	from	which	effectors	are	selected.	When	considering	that	many	effector	

genes	have	been	found	within	or	close	repetitive	regions	and	in	some	cases	AT-rich	regions	

(17,66,104),	incomplete	or	fragmented	assemblies	are	particularly	at	risk	of	missing	effectors	(113)	

or	obscuring	their	genomic	context.	Recently,	PacBio	long-read	sequencing	has	emerged	as	a	cost	

effective	sequencing	platform.	Reads	typically	have	a	high	error	rate,	but	can	either	be	corrected	

using	low	error	rate	short-reads	(114)	or,	with	sufficient	coverage,	can	self-corrected	(115).	Using	

self-correction,	shorter	PacBio	reads	are	aligned	to	the	longer	reads	consensus	corrected	reads	are	

formed	and	subsequently	assembled	(115).	PacBio	sequencing	and	assembly	has	been	applied	to	

fungal	pathogens	(116),	and	it	has	been	suggested	that	this	technology	may	be	beneficial	to	effector	

prediction	by	way	of	better	assembly	of	repetitive	regions	(113).	

1.3.2.2 Gene	prediction	

Gene	prediction	forms	the	basis	for	downstream	analysis	of	organisms.	Gene	prediction	methods	

have	traditionally	been	divided	into	extrinsic	and	intrinsic	or	ab	initio	methods.	Ab	initio	or	intrinsic	

methods	use	information	contained	within	the	genome	alone	to	make	predictions.	Ab	initio	methods	

usually	make	predictions	by	distinguishing	coding	sequences,	introns,	and	intergenic	sequences	

based	differing	patterns	of	nucleotide	frequencies	associated	with	each	feature.		Extrinsic	methods	

use	information	from	outside	the	genome	sequence	to	assist	in	annotation.	This	evidence	can	be	in	

the	form	of	protein	homology,	proteomic	peptide	alignments,	or	transcript	sequence	alignments.	

Often	methods	employ	a	combinatory	approach,	either	within	a	single	tool	or	by	running	multiple	

different	gene	prediction	tools	in	a	pipeline.	

1.3.2.2.1 Extrinsic	methods	

Protein	homology	can	be	used	to	assist	in	gene	prediction	by	aligning	known	proteins	from	another	

species	to	the	genome.	Regions	of	protein	homology	can	indicate	the	presence	of	a	gene,	and	

detailed	alignments	can	delineate	intron	and	exon	boundaries.	A	popular	program	employing	protein	

homology	is	GeneWise	(117),	which	has	now	been	replaced	by	Exonerate.	Accuracy	depends	on	the	

level	of	homology	between	the	known	protein	sequence	and	the	homologous	version	within	the	

genome	of	interest,	with	accuracy	decreasing	with	decreasing	homology	(117).	Homology	tends	to	

drop	off	at	the	start	and	end	of	the	protein,	meaning	predictions	that	are	incomplete	at	the	3’	or	5’	

end	of	the	coding	sequence	are	common	(118).	Protein	sequences	in	databases	are	often	the	result	

of	prediction	themselves,	and	there	is	a	growing	risk	of	propagating	errors	made	in	other	gene	

prediction	efforts.	Furthermore,	in	fungal	genomics	and	in	particular	pathogenomics,	a	high	

proportion	of	the	genes	within	an	organism	are	either	unique	or	not	present	in	a	well-annotated	

model	organism	(85).	This	means	a	heavy	reliance	ab	initio	gene	prediction	and	experimental	

evidence	from	the	species	or	isolate	of	interest	is	inevitable.		

	

Expressed	sequence	tags	(ESTs)	are	short	(~100bp)	sequences	of	cDNA.	These	can	be	aligned	to	the	

genome	and	assist	in	gene	prediction	by	indicating	an	expressed	region	and	in	some	cases	intron	
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boundaries.	Full-length	cDNAs,	sequenced	using	Sanger	sequencing,	can	be	informative	for	gene	

prediction	but	are	prohibitively	costly	and	rarely	used	(118).	Deep	sequencing	of	cDNA	using	short	

read	next	generation	sequencing	technologies,	termed	RNA-seq,	has	emerged	as	a	cost	effective	way	

to	improve	gene	prediction.	Reads	can	be	aligned	to	the	genome	and	assembled	into	transcripts,	or	

assembled	and	the	resulting	transcript	sequences	subsequently	aligned	to	the	genome.	Spliced	read	

/	transcript	alignments	clearly	delineate	intron	boundaries,	and	in	many	case	read	coverage	spans	

the	full	length	of	the	transcribed	region.	Studies	reporting	improvements	to	gene	annotation	via	the	

use	of	RNA-seq	data	are	now	numerous	(119–122).	One	of	the	drawbacks	of	this	type	of	evidence	is	

that	it	relies	on	the	genes	having	been	expressed	under	the	conditions	used	to	generate	the	data.	

	

Data	from	proteomics	is	another	type	of	data	that	can	be	used	in	gene	prediction	both	to	validate	

gene	models	predicted	by	other	methods	or	provide	evidence	to	support	gene	model	corrections	or	

the	annotation	of	novel	genes	(123).	Short	peptide	hits	are	typically	aligned	to	the	predicted	

proteome	or	to	a	6-frame	translation	of	the	genome	or	transcriptome.	Proteomic	data	has	the	

distinct	advantage	over	transcript	data	in	that	it	confirms	translation	of	a	protein,	rather	than	just	

expression,	and	gives	information	about	the	translation	frame.	Proteomic	data	does	not	elucidate	

the	full	structure	of	the	gene,	and	needs	to	be	used	in	conjunction	with	other	methods.	Proteomics	

can	be	particularly	useful	in	confirming	the	translation	of	short	open	reading	frames	within	

transcribed	regions	(118),	and	can	be	a	powerful	resource	to	use	in	conjunction	with	transcriptomic	

data	(10,48).	This	is	relevant	to	the	prediction	of	effector	genes,	as	they	are	often	small	and	can	

therefore	be	difficult	to	distinguish	from	randomly	occurring	ORFs	which	are	not	translated.	

1.3.2.2.2 Ab	initio	prediction	

Hidden	Markov	models	(HMMs)	were	first	applied	to	eukaryotic	gene	prediction	in	the	90s	(124),	

and	since	have	dominated	the	domain	of	ab	initio	gene	prediction.	HMM	gene	predictions	utilise	a	

set	of	states	based	on	the	known	structural	features	of	genes.	These	states	may	differ	from	one	

predictor	to	the	next	but	typically	include	states	to	describe	exons,	introns,	and	intergenic	

sequences.	The	most	likely	series	of	states	to	describe	a	nucleotide	sequence	is	determined	

computationally.	Each	state	has	a	content	model,	which	is	used	to	calculate	the	probability	that	a	

particular	stretch	of	nucleotide	sequence	belongs	to	that	state.	For	example,	for	states	describing	

coding	sequence,	the	content	model	is	typically	a	periodic	Markov	chain,	usually	of	order	4	or	5	

(124,125).	As	such,	parameters	are	based	on	the	frequency	of	k-mers	5	or	6	nucleotides	long	and	are	

calculated	separately	for	each	reading	frame.	The	prediction	accuracy	of	HMMs	is	far	from	perfect,	

and	annotations	based	solely	on	ab	initio	prediction	will	contain	a	significant	proportion	of	errors.	

Training	sets	of	genes	are	required	to	derive	the	parameters	necessary	to	make	predictions	and	it	

has	been	shown	that	predictions	are	most	accurate	when	derived	from	the	species	of	interest	(126).	

Gathering	a	set	of	genes	for	training	purposes	can	be	a	challenge.	The	HMM	gene	predictor	SNAP	

addressed	this	by	using	a	bootstrapping	method	whereby	parameters	from	a	related	species	were	

used	to	make	predictions	which	were	then	used	to	train	species	specific	parameters,	thereby	
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improving	gene	prediction	accuracy	(126).	GeneMark-ES	was	the	first	eukaryotic	HMM	gene	

predictor	to	employ	a	self-training	method,	requiring	only	the	genome	of	interest	as	input	(127).	

Extrinsic	methods	can	also	be	used	to	generate	a	training	set	of	genes.	Aligning	a	well-conserved	set	

of	proteins	to	the	genome	of	a	novel	species	(for	example,	using	GeneWise	or	Exonerate)	may	

deliver	a	sufficiently	large	set	of	genes	for	training.	Transcript	data	can	also	be	used	to	obtain	a	

training	set	of	genes	structures.	

1.3.2.2.3 Pipelines	and	combinatory	approaches	

Different	prediction	methods	and	implementations	tend	to	have	differing	strengths	and	weaknesses.	

As	such,	pipelines	combining	gene	prediction	software	and/or	results	have	been	developed	such	as	

EVidenceModeler	(128),	JAMg	,	SnowyOwl	(129),	MAKER	(130,131),	and	BRAKER1	(132).	AUGUSTUS	

pioneered	the	incorporation	of	EST	evidence	into	HMM	gene	prediction	(133),	by	awarding	gene	

models	in	agreement	with	this	data	higher	probability	scores.	Protocols	for	AUGUSTUS	have	since	

extended	its	use	to	RNA-seq	data.	The	incorporation	of	RNA-seq	data	and	other	forms	of	evidence	

into	gene	prediction	continues	to	be	an	active	area	of	study.	

1.3.2.2.4 Application	to	effector	prediction	

Downstream	analysis	of	predicted	protein	sets	to	find	effector	candidates	relies	on	accurate	gene	

prediction	to	minimise	incorrect	coding	sequences	being	chosen	as	effector	candidates	and	ensure	

genuine	effectors	are	part	of	the	predicted	proteome.	Gene	prediction	of	effectors	has	been	

suggested	to	be	poor	(82,113).	For	example,	Avr5	(P.	fulva)	(48)	and	SnTox1	(P.	nodorum)	(R.	Syme,	

personal	communication)	were	both	missed	by	gene	prediction	software.	Furthermore,	several	

properties	of	effectors	suggest	gene	prediction	accuracy	could	be	particularly	problematic	for	

effectors.	Many	effectors	have	only	weak	or	no	homology	to	proteins	in	others	species,	meaning	that	

homology	based	gene	prediction	does	not	help	to	annotate	these	genes.	Effectors	are	generally	

small,	and	the	prediction	of	small	genes	and	small	exons	is	known	to	be	a	challenge	in	gene	

prediction.	The	possible	role	of	HGT,	as	was	the	case	for	SnToxA	(75),	means	that	codon	usage	for	an	

effector	may	be	atypical	for	the	species	it	has	been	transferred	into.	It	is	also	possible	that	effector	

genes	located	close	to	RIP	affected	or	hyper-mutated	regions	may	have	differing	codon	and/or	

amino	acid	biases,	contributing	to	prediction	inaccuracies.	Effectors	with	an	unusually	high	cysteine	

content	may	be	a	particular	challenge	for	gene	prediction.	Cysteines	are	under-represented	in	

coding	sequences	when	considering	their	expected	frequency	based	on	nucleotide	frequencies.	In	a	

comprehensive	gene	mining	effort	carried	out	on	plant	species	Arabidopsis	thaliana	and	Oryza	sativa	

it	was	found	that	small	cysteine-rich	proteins	had	been	poorly	predicted	in	previous	predicted	gene	

sets,	and	many	novel	examples	of	these	resembling	antimicrobial	peptides	were	identified	(134).	

This	finding	has	been	echoed	in	fungal	gene	annotation	update	papers	where	the	identification	of	

novel	small	cysteine-rich	peptides	has	been	reported	(10,135).	
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1.4 Thesis	introduction	
The	field	of	effector	discovery	has	progressed	substantially	with	the	study	of	fungal	pathogen	

genome	sequences.	Despite	this	progress,	the	number	of	pathogen	species	with	genomic	resources	

exceeds	the	number	of	species	with	characterised	and	cloned	effectors.	Furthermore,	in	species	

where	effectors	have	been	identified	additional	effectors	remain	undiscovered.	There	is	abundant	

room	for	improvement	in	the	prediction	of	effectors,	both	in	the	way	putative	effectors	are	short-

listed	from	larger	gene	lists	and	in	the	pathogenomics	that	precedes	this.	This	body	of	research	

makes	a	novel	contribution	to	fungal	effector	gene	prediction	through	improvements	to	gene	

prediction,	an	improved	understanding	of	AT-rich	regions	in	fungal	genomes,	and	the	provision	of	

improved	genomic	resources	and	effector	candidate	lists	for	barley	pathogens	P.	teres	f.	teres	and	P.	

teres	f.	maculata.	

	 	

Chapter	2	supplements	this	main	literature	review	with	a	detailed	review	of	research	into	NEs.	For	

completeness,	both	secondary	metabolite	and	proteinaceous	NEs	are	reviewed,	however	the	

research	chapters	of	this	thesis	address	the	prediction	of	proteinaceous	effectors.	Many	pathogenic	

species	are	known	to	employ	NEs,	including	P.	teres	f.	teres	(Chapter	7).	This	review	highlights	

similarities	between	the	properties	of	NEs	and	Avrs,	supporting	the	use	of	similar	effector	prediction	

methods	for	proteinaceous	effectors	from	the	two	groups.	Past	work	by	the	Centre	for	Crop	and	

Disease	Management	(formally	the	Australian	Centre	for	Necrotrophic	Fungal	Pathogens)	on	NEs	has	

been	instrumental	in	breeding	resistant	wheat	varieties	in	Australia,	and	these	past	successes	

motivate	this	research.		

	

As	discussed,	gene	prediction	is	an	important	step	in	effector	prediction	pipelines.	Chapter	3,	

presented	as	a	published	paper,	explores	automated	gene	prediction	in	fungal	genomes	through	the	

incorporation	of	RNA-seq	data.	A	novel	method	was	used	to	incorporate	RNA-seq	derived	data	into	

hidden	Markov	model	gene	prediction.	Benchmarking	the	resulting	tool,	CodingQuarry,	against	high-

quality	gene	sets	from	model	fungal	species	S.	cerevisiae	and	Schizosaccharomyces	pombe	

demonstrated	91.3%	and	90.4%	of	genes	were	predicted	correctly	(respectively)	—	4–5%	better	than	

the	next	best	performing	competing	software.	Further	benefits	of	the	CodingQuarry	methodology	

were	demonstrated	in	CodingQuarry’s	ability	to	handle	gene	loci	with	overlapping	UTRs,	frequently	

seen	in	fungal	genomes	due	to	their	high	gene	density.	

	

In	Chapter	4	the	specific	application	of	gene	prediction	techniques	to	the	prediction	of	fungal	

effectors	is	explored.	Known	effectors	are	generally	poorly	predicted	by	ab	initio	methods.	Effector	

gene	prediction	improvements	are	found	using	RNA-seq	driven	methods	employed	by	CodingQuarry	

and	BRAKER1,	but	only	where	effector	loci	are	well	supported	by	RNA-seq	data.	CodingQuarry	is	

extended	to	target	the	prediction	of	secreted	effector-like	genes.	This	improves	prediction	without	

relying	on	RNA-seq	data	at	effector	loci.	This	approach	can	therefore	be	used	to	identify	effector-like	
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genes	that	are	not	expressed	under	the	conditions	used	for	RNA-seq	or	where	RNA-seq	data	is	not	

available	for	the	species	or	isolate	of	interest.		

	

Motivated	by	reports	of	effector	encoding	genes	within	or	close	to	AT-rich	regions,	Chapter	5	and	

Chapter	6	report	on	an	investigation	into	AT-rich	regions	in	fungal	genomes.	In	this	study	I	aim	to	

develop	a	consistent	method	for	AT-rich	region	identification	and	then	apply	this	to	determine	the	

prevalence	and	properties	of	AT-rich	regions.	Chapter	5	describes	a	pilot	study	investigating	AT-rich	

regions	in	Z.	tritici,	which	is	presented	as	part	of	a	published	review	article.	Chapter	6	gives	a	detailed	

description	of	a	novel	method	to	characterise	AT-rich	regions.	This	automates	genome	segmentation	

to	allow	the	identification	of	regions	with	differing	GC-content,	and	automatically	determines	

whether	the	genome	has	distinct	AT-rich	regions.	Importantly,	the	choice	of	GC-content	cut-off	to	

define	AT-rich	regions	is	done	on	a	per	genome	basis.	Chapter	6	also	describes	the	application	of	

OcculterCut	in	a	detailed	investigation	into	the	prevalence	and	properties	of	AT-rich	regions	in	over	

500	fungal	genomes.	This	study	demonstrates	that	AT-rich	regions	are	common	within	the	genomes	

of	fungal	species	within	the	Pezizomycotina	subphylum.	Analysis	of	the	gene	content	of	AT-rich	

regions	highlights	possible	implications	for	gene	prediction	accuracy	in	AT-rich	regions	due	to	

differing	patterns	of	amino	acid	use	and	atypical	codon	usage	(when	compared	to	coding	sequences	

in	GC-equilibrated	genome	regions).	

	

Chapter	7	describes	a	practical	application	of	pathogenomics	and	effector	gene	prediction	methods	

to	two	barley	pathogens	P.	teres	f.	teres	and	P.	teres	f.	maculata.	PacBio	single-molecule	real-time	

(SMRT)	long-read	and	Illumina	short-read	genome	sequence	data	is	used	to	generate	high	quality	

genome	assemblies.	The	new	P.	teres	f.	teres	(isolate	Won1-1)	assembly	was	14.7	Mb	larger	than	the	

previously	published	assembly	(isolate	0-1).	Analysis	of	the	repeat	content	found	the	P.	teres	f.	teres	

assembly	to	be	44.2%	repeats	and	the	P.	teres	f.	maculata	assembly	to	be	25.7%.	The	predictions	of	

CodingQuarry,	AUGUSTUS,	and	GeneMark-ET	were	combined	using	EVidenceModeler	to	generate	a	

high-quality	RNA-seq	driven	annotation	of	the	coding	sequences	of	each	species.	Additional	steps	

were	taken	to	ensure	that	putative	secreted,	RNA-seq	supported	coding	sequences	were	included	in	

the	annotation.	Finally,	the	properties	of	coding	sequences	that	are	typically	associated	with	

effectors	were	assessed	and	recorded.	This	provides	a	resource	for	future	research,	as	the	

bioinformatic	assessment	of	putative	effectors	can	be	used	to	complement	expression	profiles,	

proteomic	data,	and	comparisons	with	other	isolates.	
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Chapter	2 Necrotrophic	effectors	
	

One	of	the	traditionally	held	views	of	necrotrophic	pathogens	has	been	that	they	have	simplistic	

modes	of	infection	when	compared	to	biotrophic	pathogens.	Biotrophs	were	thought	to	have	

complex	host-specific	mechanisms	by	which	they	subvert	and	evade	host	defences,	whereas	

necrotrophs	were	thought	to	blindly	unleash	a	tirade	of	destructive	non-host-specific	mechanisms	to	

kill	host	tissues.	The	complex	mechanisms	of	infection	hypothesised	for	biotrophs	have	certainly	

been	shown	to	be	true,	as	is	evident	when	considering	the	intricate	host-specific	nature	of	the	

avirulence	effectors	secreted	by	biotrophic	pathogens	discussed	elsewhere	in	this	chapter.	Yet	in	a	

revolutionary	time	for	necrotrophic	pathogen	research,	complex	species-specific	host	manipulation	

has	also	been	shown	to	function	in	necrotrophic	fungal	pathogen-plant	interactions.	

	

Amidst	this,	the	idea	that	pathogens	fit	neatly	into	two	or	even	three	classes	describing	their	lifestyle	

has	fallen	out	of	favour	(50,136).	It	has	been	commonplace	to	describe	pathogens	as	biotrophs	or	

necrotrophs	—	the	former	deriving	nutrients	from	live	cells	and	the	latter	from	dead	cells.	An	

additional	class	of	hemibiotrophs	has	been	used	describe	pathogens	that	infect	in	a	two-phase	

manner,	beginning	with	a	symptomless	latent	phase	before	switching	to	necrotrophy.	For	example,	

the	hemibiotrophic	wheat	pathogen	Zymoseptoria	tritici	has	a	latent	(biotrophic)	phase	of	more	than	

10	days	before	switching	to	necrotrophy	(19),	effectively	living	as	both	a	biotroph	and	a	necrotroph.	

While	these	clear-cut	lifestyle	categories	are	attractively	simple,	the	defining	features	of	each	group	

have	eroded	away	with	anomalies	and	exceptions	—	and	not	only	due	to	the	aforementioned	

insights	regarding	modes	of	infection.	For	example,	with	no	clear	definition	of	what	length	latent	

phase	qualifies	a	pathogen	as	hemibiotrophic,	we	can	easily	find	examples	within	the	published	

literature	of	pathogens	receiving	conflicting	classifications.	Furthermore,	arguably	every	necrotroph	

has	at	least	a	short	latent	phase	and	could	therefore	be	considered	a	hemibiotroph	(50).	

	

By	these	arguments	it	is	clear	that	there	would	be	little	value	in	considering	the	effectors	produced	

by	necrotrophic	pathogens	as	different	from	the	effectors	produced	by	biotrophic	pathogens.	There	

is,	however,	value	in	considering	the	sub-set	of	“necrotrophic”	effectors	(NEs)	as	effectors	that	have	

a	positive	or	potentially	positive	effect	on	pathogenicity	(from	the	pathogen’s	point	of	view)	by	

inducing	necrosis	or	chlorosis	in	specific	genotypes	of	the	host	species.	By	this	definition,	and	in	

agreement	previous	publications	(45,137),	the	set	of	NEs	encompasses	what	have	traditionally	been	

termed	host-selective	toxins	(HSTs).	These	effectors	are	capable	of	independently	re-producing	all	or	

some	of	the	disease	symptoms	induced	by	the	pathogen	and	are	a	diverse	group	(Table	1),	including	

proteins	and	structurally	diverse	secondary	metabolites.		
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Table	1	A	list	of	published	fungal	necrotrophic	effectors.*	

Pathogen	 Host	 Effector	 Structure	 R-gene	 Target	 Reference	

Cochliobolus	

heterostrophus	

		

corn	 T-toxin	 linear	polyketide	 ?	 URF13		 (138)	

corn	 ChToxA	 protein	 ?	 	?	 (93)	

Pyronellaea	zeae-

maydis	

oats	 PM-toxin	 linear	polyketide	 ?	 URF13	 	(139)	

Cochliobolus	

carbonum	

corn	 HC-toxin	 cyclic	tetrapeptide	 Hm1	 Histone-

deacetylases	

(140)	

Cochliobolus	

victoriae	

oats	 victorin	 cyclic	chlorinated	

pentapeptide	

Vb	/	

LOV1	

NB-LRR	

protein	

(141)	

Alternaria	

alternata	

		

Japanese	

pear	

AK-toxin	 epoxy-decatrienoic	ester	 ?	 ?	 (142)	

strawberry	 AF-toxin	 epoxy-decatrienoic	ester	 ?	 ?	 (143)	

tangerine	 ACT-toxin	 epoxy-decatrienoic	ester	 ?	 ?	 (59)	

apple	 AM-toxin	 cyclic	tetrapeptide	 ?	 ?	 (144)	

tomato	 AAL-toxin	 aminopentol	ester	 Asc-1	 ?	 (145)	

rough	

lemon	

ACR(L)-toxin	 terpenoid	 ?	 	?	 (146)	

Parastagonospora	

nodorum	

		

wheat	 ToxA	 protein	 Tsn1	 ToxABP1,	

PR1-5	

(75,147)	

wheat	 Tox1	 protein	 Snn1	 ?	 (87)	

wheat	 Tox3	 protein	 Snn3	 ?	 (104)	

Pyrenophora	

tritici-repentis	

		

wheat	 ToxA	 protein	 Tsn1	 ToxABP1	 (148)	

wheat	 ToxB	 protein	
Tsc2	

	?	 (149)	

Botrytis	cinerea	 multiple	 NEP1-like	 proteins	 ?	 	?	 (150)	

Rhynchosporium	

secalis	

barley	 NIP1	 protein	 Rrs1	 PM	ATPase	 (151)	

*	Included	are	proteinaceous	NEs	(produced	by	fungal	pathogens	targeting	plant	hosts)	that	have	been	cloned	and	secondary	

metabolite	NEs	that	have	had	their	structure	characterized.		

	

Some	NEs	are	involved	in	an	inverse	gene–for–gene	interaction	with	host	susceptibility	genes.	In	an	

inverse	gene-for-gene	interaction,	the	effector	gene	product	interacts	with	the	product	of	a	

matching	host	susceptibility	gene,	resulting	in	host	susceptibility	(45,152).	Multiple	studies	now	

support	that	certain	pathogens	use	the	host	defences	to	their	advantage	(153,154)	tricking	the	plant	

into	killing	its	own	cells	rather	than	the	pathogen	directly	killing	the	plant	cells.	This	can	occur	in	a	

similar	manner	to	avirulence	and	resistance	(Avr	and	R)	gene	product	interactions,	in	that	the	

necrotrophic	effector	and	recognition	gene	product	interact	inducing	a	hypersensitive	response	(HR).	

Local	cell	death,	while	preventing	colonisation	by	pathogens	reliant	on	live	tissue,	provides	a	food	

source	for	a	pathogen	capable	of	deriving	nutrients	from	dead	tissue.	As	such,	presence	of	both	the	

NE	and	matching	recognition	gene	lead	to	a	susceptible	interaction,	and	absence	of	either	the	NE	or	
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the	recognition	gene	confers	resistance.	This	has	been	frequently	termed	effector	triggered	

susceptibility	(ETS).		

	

2.1 Secondary	metabolite	host-selective	toxins	as	necrotrophic	

effectors	

Some	fungal	pathogens	produce	secondary	metabolite	toxins	that	interact	with	certain	hosts	to	

induce	infection.	These	toxins	have	traditionally	been	termed	host-selective	toxins	(HSTs),	and	form	

a	structurally	and	chemically	diverse	group	(155).	The	activity	of	HSTs	and	their	role	in	infection	is	

sufficient	to	consider	them	effectors,	and	supported	by	parallels	between	the	function	of	these	

toxins	and	other	effectors.	Here,	some	of	the	well-known	secondary	metabolite	NEs	are	described.	

	

The	first	HST	to	be	discovered	was	AK-toxin	in	1933,	a	necrosis	inducing	epoxy-decatrienoic	acid	

ester	produced	by	the	Japanese	pear	infecting	pathotype	of	Alternaria	alternata	(156).	Deletion	of	

one	or	more	of	the	genes	involved	in	the	biosynethesis	of	AK-Toxin	has	been	shown	to	result	in	loss	

of	virulence	(157).	Since	the	discovery	of	AK-toxin,	other	pathotypes	of	A.	alternata	have	also	been	

found	to	produce	secondary	metabolite	NEs	(Table	1).	In	each	case	the	NE	is	the	single	determinant	

of	pathogenicity	and	host	range	(158).	The	chemical	structures	of	six	of	the	seven	Alternaria	spp.	

HSTs	have	been	determined,	the	exception	being	AT-toxin	from	the	tobacco	infecting	pathotype.	AK-

Toxin	and	the	toxins	of	the	strawberry	and	pear	infecting	pathotypes,	AT-Toxin	and	ACT-toxin,	are	

structurally	analogous	esters	of	a	9,10-epoxy-8-hydroxy-9-methyl-decatrienoic	acid	(158).	

	

Victorin	is	a	cyclic	pentapeptide	produced	by	Cochliobolus	victoriae,	the	fungal	pathogen	responsible	

for	Victoria	blight	on	oat	(Avena	sativa).	Victorin	induces	cell	death	in	certain	varieties	of	oat	leading	

to	susceptibility.	The	susceptibility	gene,	named	Vb,	has	not	been	cloned	but	strong	evidence	

supports	it	being	the	same	gene	that	confers	resistance	to	crown	rust,	caused	by	the	obligate	

biotroph	Puccinia	coronata	(159).	The	more	experimentally	tractable	Arabidopsis	thaliana	was	also	

found	to	be	sensitive	to	victorin	(160),	and	the	sensitivity	gene	LOV1,	encoding	a	nucleotide-binding	

leucine-rich	repeat	(NB-LRR)	protein	resembling	an	R-gene,	has	been	cloned	(161).	

	

A	related	Cochliobolus	species,	Cochliobolus	carbonum,	causes	Northern	corn	leaf	spot	and	ear	rot	

on	corn.	C.	carbonum	produces	a	cyclic	tetrapeptide	called	HC-toxin,	which	responsible	for	increased	

virulence	on	susceptible	corn	plants	(140).	HC-toxin	does	not	elicit	defence	responses	but	rather	acts	

to	suppress	plant	defences.	Susceptibility	is	conferred	by	lack	of	the	Hm1	gene,	which	encodes	an	

enzyme	that	detoxifies	HC-toxin	(162).	Hm1	was	the	first	plant	resistance	gene	to	be	cloned.	While	

HC-toxin	is	produced	by	a	necrotrophic	pathogen	and	is	a	HST,	it	is	different	to	the	other	effectors	

described	here	in	that	it	supresses	rather	than	evokes	host	defences,	and	in	that	susceptibility	is	

conferred	by	the	lack	rather	than	presence	of	a	host	gene.	
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Cochliobolus	heterostrophus	race	T	produces	a	polyketide	toxin	called	T-toxin.	Race	T	isolates	are	

highly	virulent	on	corn	varieties	carrying	the	Texas	male	sterile	cytoplasm	(T-cms),	due	to	an	

interaction	between	T-toxin	and	a	protein	named	URF13	present	in	these	cultivars	(163,164).	This	

interaction	interferes	with	the	functioning	of	the	mitochondria	resulting	in	cell	death	and	increased	

virulence.	Pyronellaea	zeae-maydis	(formally	Mycosphaerella	zeae-maydis)	produces	secondary	

metabolite	analogous	to	T-toxin	named	PM-toxin,	which	is	required	for	virulence	on	T-cms	corn	

varieties	(139).		

	

The	wheat	pathogen	Pyrenophora	tritici-repentis	secretes	two	well-characterised	proteinaceous	

effectors	(discussed	in	the	next	section)	as	well	as	a	less	well-characterised	secondary	metabolite	

toxin	named	ToxC	(165).	ToxC	induces	chlorosis	on	susceptible	wheat	genotype.	The	structure	of	

ToxC	and	genes	required	for	its	synthesis	are	as	yet	unknown.	

2.2 Proteinaceous	necrotrophic	effectors	

The	necrotrophic	effector	ToxA	was	identified	in	wheat	pathogen	P.	tritici-repentis	in	the	late	90s	

and	has	since	been	arguably	one	of	the	most	studied	proteinaceous	NEs.	Sensitivity	to	ToxA	results	

in	necrosis	and	relies	on	the	presence	of	the	recognition	gene	Tsn1.	Tsn1	is	one	of	few	NE	

recognition	genes	that	have	been	cloned,	and	encodes	a	NB-LRR	protein.	During	a	sensitive	

interaction,	ToxA	localises	to	the	mesophyll	cells	(166)	and	binds	to	a	chloroplast	localised	protein	

named	ToxABP1	and	plastocyanin	(167,168).	Reactive	oxygen	species	then	accumulate	followed	by	

cell	death.	Determination	of	the	ToxA	crystal	structure	revealed	a	solvent	exposed	loop	harbouring	

an	RGD	motif	(169),	which	has	been	shown	to	be	required	for	translocation	into	the	host	cell	(92).	

Until	recently,	P.	tritici-repentis	could	not	be	transformed,	hampering	efforts	to	identify	novel	

effectors	due	to	their	symptoms	being	masked	by	ToxA	(170).	The	development	of	a	ToxA	knockout	

(170)	marks	a	major	step	forward	in	the	study	of	this	pathogen.	A	first	report	of	NE	epistasis	was	

recently	made	in	the	P.	tritici-repentis	–	wheat	interaction,	where	ToxA	was	shown	to,	in	interaction	

with	certain	wheat	genotypes,	reduce	the	spread	of	chlorosis	typically	induced	by	other	NEs	(171).		

	

A	second	P.	tritici-repentis	effector,	ToxB,	has	also	been	cloned	(149).	ToxB	encodes	a	small	6.6	kDa,	

64	amino	acid	long	protein	that	induces	chlorosis	on	susceptible	wheat	lines.	While	ToxA	is	

ubiquitous	in	Australian	isolates	of	P.	tritici-repentis,	ToxB	is	generally	absent	(172).	ToxB	is	present	

in	multiple	copies	in	some	isolates,	with	as	many	as	9	copies	estimated	to	be	present	in	race	5	

isolates	(173).	A	ToxB	homologue,	toxb,	sharing	86%	amino	acid	similarity	with	ToxB	was	also	found	

in	non-pathogenic	P.	tritici-repentis	isolates	(173).		

	

The	Parastagonospora	nodorum-wheat	interaction	has	developed	into	a	model	system	for	

understanding	this	inverse	gene-for-gene	interaction.	Three	S.	nodorum	effectors	have,	to	date,	
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been	cloned.	The	first	of	these,	SnToxA,	was	identified	due	to	its	near	perfect	homology	(99.7%	

amino	acid	identity)	to	the	characterised	P.	tritici-repentis	effector	ToxA.	Strong	evidence	supports	

this	being	an	intriguing	instance	of	recent	(within	the	last	century)	horizontal	gene	transfer	in	which	

P.	tritici-repentis	was	the	recipient	species	(75).	It	has	been	demonstrated	that	SnToxA	interacts	with	

the	same	wheat	susceptibility	gene,	Tsn1,	as	the	P.	tritici-repentis	ToxA	(75).	ToxA	has	been	shown	to	

interact	with	a	dimeric	pathogenesis-related	protein	named	PR1-5	in	wheat,	with	results	suggesting	

a	site-specific	interaction	between	the	proteins	may	cause	ToxA-induced	necrosis	(147).	In	a	

proteomic	and	metabolomic	study	of	wheat	in	response	to	ToxA,	ToxA	was	found	to	disrupt	

photosynthesis	and	cause	an	oxidative	burst	(153).	The	results	of	this	study	suggested	that	the	P.	

nodorum	ToxA	has	a	comparable	mode	of	action	to	P.	tritici-repentis	ToxA	(153).	Metabolomic	

profiling	of	ToxA-infiltrated	wheat	found	plant	secondary	metabolites	were	induced	in	response	to	

the	effector,	and	demonstrated	that	serotonin	acts	as	a	phytoalexin	against	P.	nodorum	(174).	

	

Following	the	identification	of	SnToxA	in	P.	nodorum,	a	mapping	and	proteomics	approach	led	to	the	

identification	of	SnTox3	—	a	gene	encoding	a	25.8	kDa	protein	with	six	cysteine	residues	that	

interacts	with	the	wheat	resistance	gene	Snn3	(104).	Subsequent	studies	showed	SnTox3	to	induce	

cell	death	by	a	differing	mechanism	to	that	employed	by	ToxA	(175).		

	

The	identification	of	SnTox1	utilised	the	published	genome	sequence	(8),	using	a	bioinformatic	

scoring	system	based	on	the	protein	properties,	genomic	context,	and	inter-isolate	comparisons	to	

arrive	at	a	list	of	putative	effectors	(87).	This	remains	an	unusual	study	in	the	sense	that,	while	

publications	frequently	report	putative	effectors,	the	bioinformatic	determination	of	effector	

candidates	and	resulting	cloned	effector	were	reported	as	a	single	publication.	SnTox1	encodes	an	

exceptionally	cysteine-rich	protein	—	even	by	effector	standards	—	containing	16	cysteine	residues	

(13.7%	cysteine).	Recently,	a	triple	knockout	strain	was	developed	that	lacked	these	three	known	

effectors	and	the	virulence	of	the	knockout	strain	assessed	on	a	range	of	wheat	lines	(176).	

Phytotoxic	activity	showed	that	other	effectors	exist	and	are	secreted	into	culture	filtrate.	The	

continued	bioinformatic	analysis	and	recent	improvements	to	genomic	resources	is	likely	to	

illuminate	additional	novel	effectors	in	this	species	(10).	

	

It	is	suspected	that	proteinaceous	NEs	similar	to	those	described	above	also	play	a	role	in	other	plant	

pathogen	interactions.	Strong	evidence	supports	the	activity	of	NEs	in	the	barley–Pyrenophora	teres	

f.	teres	interaction	(46,177–179),	but	a	NE	is	yet	to	be	cloned	from	this	species.	Z.	tritici	is	also	likely	

to	secrete	proteinaceous	NEs	(180,181)	and	given	the	importance	of	this	pathogen	(182)	and	

available	bioinformatic	resources	(183),	it	likely	that	there	will	soon	be	developments	in	this	regard.		

	

The	NIP1	effector	protein	produced	by	the	barley	pathogen	Rhynchosporium	secalis	is	unusual	as	it	is	

both	a	NE	and	an	Avr	(184).	In	the	presence	of	the	Rrs1	gene,	NIP1	is	recognised,	triggering	defence	
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responses	and	conferring	resistance	(151,184).	In	the	absence	of	Rrs1,	NIP1	is	a	virulence	factor,	

inducing	necrosis	(151,184).	This	is	interesting,	as	both	interactions	induce	necrosis	but	with	

different	disease	outcomes.	Furthermore,	different	alleles	of	NIP1	were	found	to	induce	differing	

levels	of	toxicity,	however	the	frequency	of	the	different	alleles	in	populations	indicated	that	higher	

toxicity	was	not	being	selected	for	(184).	This	example	hints	to	the	complex	nature	of	NEs,	in	that	the	

timing	and	amount	of	necrosis	may	be	important.	Other	NEs	of	R.	secalis	NIP2	and	NIP3	both	induce	

necrosis	but	are	not	recognised	in	avirulence	interactions.	

2.3 Innate	function	and	NE	interactions	

Whether	NEs	have	an	innate	function	in	the	absence	of	host-recognition,	similar	to	that	shown	for	

some	Avrs,	has	been	a	topic	of	speculation.	Evidence	was	found	to	support	that	in	the	absence	of	

recognition	by	LOV1,	victorin	inhibition	of	TRX-h5	undermined	plant	defences	(154).	This	was	also	

supported	by	increased	susceptibility	to	Pseudomonas	syringae	pv.	maculicola,	a	biotrophic	

pathogen,	in	the	presence	of	victorin	(154).	This	could	mean	victorin	acts	as	a	virulence	factor	in	the	

absence	of	host	recognition.	Slightly	more	mycelial	growth	was	observed	in	a	ToxA	expressing	P.	

tritici-repentis	isolate	compared	to	a	non-ToxA	expressing	P.	tritici-repentis	isolate	when	grown	on	

ToxA-insensitive	wheat	(171).	This	result	implies	that	ToxA	may	have	an	innate	function	in	the	

absence	of	host	recognition.	Appressoria	production	has	also	been	correlated	with	P.	tritici-repentis	

ToxB	expression,	implying	that	ToxB	may	additionally	function	in	ways	relating	to	pathogen	fitness	or	

host	colonisation	(185,186).	

	

In	pathogens	with	multiple	NEs,	variation	in	the	frequency	of	each	of	the	effectors	has	been	

observed.	In	a	study	screening	P.	nodorum	isolates	for	presence/absence	of	effectors	significant	

differences	in	the	NE	effector	frequencies	were	observed	(187).	These	differences	were	

hypothesised	to	reflect	differences	in	the	host	sensitivity	gene	repertoire	of	wheat	grown	in	different	

regions	(187).	Whether	there	is	a	fitness	penalty	associated	with	expressing	unrecognised	NEs	is	

unknown,	however	known	examples	of	NEs	are	highly	expressed	and	in	the	absence	of	host	

recognition	it	is	reasonable	to	expect	that	selection	would	favour	gene	loss	over	superfluous	

expression.	As	discussed	it	is	possible	that	in	the	absence	of	recognition	certain	NEs	may	still	confer	

weak	fitness	advantages.	It	could	also	be	possible	that	some	NEs	are	recognised	and	trigger	a	non-

beneficial	(from	the	pathogen’s	point	of	view)	defence	response	or	interaction	with	other	pathogens	

/	organisms	they	are	in	contact	with.	

	

Origin	and	evolution	

The	observation	that	effectors	and	avirulence	genes	are	often	located	close	to	repeats	or	repeat	

dense	regions	also	holds	true	for	many	NEs.	Repeat	activity	has	been	linked	to	the	evolution	of	

effectors.	In	the	case	of	Avrs	this	has	been	associated	with	the	ability	to	rapidly	evolve	resistance	

through	mutation,	transposon	interruption,	or	deletion	of	an	Avr	when	pressured	by	a	resistant	host	
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(23,25,26).	In	reference	to	NEs,	it	has	been	suggested	that	proximity	to	repeats	may	increase	their	

mobility	within	the	genome	or	between	species	(188).	This	could	facilitate	effector	duplications,	as	

are	seen	in	the	ToxB	duplications	in	races	of	P.	tritici-repentis	associated	with	increased	virulence	

(173)	or	the	HGT	of	ToxA	discussed	above.	If	there	is	in	fact	is	some	fitness	penalty	associated	with	

expressing	unrecognised	effectors,	the	evolutionary	advantage	of	these	being	in	unstable	genomic	

regions	can	be	explained	analogously	to	Avrs.	AT-rich	regions,	arising	from	repetitive	regions	being	

subjected	to	repeat-induced	point	mutation	(RIP),	have	been	associated	with	Avrs	being	able	to	

rapidly	accumulate	mutations	due	to	RIP	(17,66,71),	which	can	also	affect	non-repetitive	sequence	

(including	coding	sequence)	close	to	repeats.	A	close	proximity	to	AT-rich	sequence	has	also	been	

noted	for	some	NEs.	For	example,	P.	nodorum’s	SnTox3	that	was	noted	to	be	close	to	a	region	of	AT-

rich	RIP-affected	sequence	around	10	kb	long	(104).	Similarly,	the	genes	required	for	the	production	

C.	heterostrophus	secondary	metabolite	NE	T-toxin	were	noted	to	exist	within	1.2	Mb	of	AT-rich	

sequence	(189).	

	

As	with	Avrs,	NEs	have	been	observed	to	be	under	positive	selection	(87,150,190).	In	the	P.	nodorum	

wheat	interaction,	variations	in	SnToxA	isoforms	were	found	relate	to	quantitate	variations	in	

effector	activity	(191).	These	findings	supported	the	hypothesis	that	variation	in	SnToxA	was	due	to	

selective	pressure	favouring	increased	virulence	(191).	In	a	similar	manner	to	Avrs	and	R	genes,	it	is	

also	likely	that	positive	selection	at	NE	and	host	recognition	gene	loci	is	indicative	of	the	arms	race	

between	host	and	pathogen.	

	

The	horizontal	transition	of	the	ToxA	effector	gene	from	P.	nodorum	into	P.	tritici	raises	the	

possibility	that	HGT	may	have	played	a	key	role	in	the	evolution	of	other	pathogens	and	the	recent	

emergence	of	certain	crop	diseases	(192).	In	the	case	of	ToxA	both	pathogens	employ	ToxA	as	a	NE,	

but	it	is	possible	that	pathogens	employing	NEs	could	have	acquired	them	via	HGT	from	an	organism	

in	which	they	have	an	avirulence	function.	HGT	has	been	shown	to	be	more	prevalent	within	the	

pathogen-rich	Pezizomycotina	subphylum	(77),	and	it	has	been	hypothesised	that	HGT	may	be	

responsible	for	the	recent	emergence	of	other	crop	diseases	(80).	

	

P.	tritici-repentis	effectors	ToxA	and	ToxB	are	part	of	a	small	set	of	proteinaceous	effectors	that	have	

been	structurally	characterized	(169,193).	Interestingly,	a	β-sandwich	fold	showing	some	structural	

similarity	to	ToxA	has	since	observed	in	the	structure	of	avirulence	effectors	AvrL567	from	

Melampsora	lini	(105).	ToxB	was	found	to	have	a	differing	yet	analogous	β-sandwich	structure	(193),	

recently	shown	to	have	structural	similarity	to	AvrPiz-t,	AvrPia,	and	Avr1-CO39	avirulence	effectors	

from	Magnaporthe	oryzae	(106).	These	examples	of	structural	similarity	between	Avrs	and	NEs	are	

intriguing,	and	suggest	these	different	effector	types	may	have	a	common	evolutionary	origin	(106).	

As	more	becomes	known	about	the	structure	of	effectors	it	will	be	interesting	to	see	which	
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structural	features	are	shared	between	Avrs	and	NEs	and	what	role	these	features	play	in	host	

recognition.	

	

Necrotrophic	effectors	and	crop	protection	

Necrotrophic	effectors	have	played	a	central	role	in	several	agricultural	disasters.	In	the	early	1940s,	

certain	oat	varieties	were	widely	planted	in	North	America	due	to	their	resistance	to	crown	rust,	

caused	by	the	obligate	biotroph	pathogen	Puccinia	coronata.	These	same	cultivars	were	highly	

susceptible	to	Victoria	blight,	caused	by	C.	victoriae,	due	to	susceptibility	triggered	by	the	HST	

victorin.	In	the	1970s,	an	epidemic	of	southern	corn	leaf	blight	caused	by	C.	heterostrophus	was	due	

to	widespread	susceptibility	triggered	by	the	HST	T-toxin.		

	

Knowledge	of	necrotrophic	effectors	and	the	host	“resistance”	genes	they	interact	with	can	be	used	

to	breed	out	sensitivity	genes,	establishing	resistant	varieties.	In	Australia	the	provision	of	effector	

ToxA,	Tox1,	and	Tox3	protein	solutions	to	breeders	allowed	rapid	screening	of	new	wheat	cultivars	

for	resistance	to	P.	tritici-repentis	(ToxA)	and	P.	nodorum	(ToxA,	Tox1,	and	Tox3).	This	strategy	saw	

the	percentage	of	ToxA-sensitive	wheat	grown	in	the	area	reduce	from	around	30%	to	17%	from	the	

2009–2010	to	2012–2013,	equating	to	a	saving	of	$50	million	(82).	Furthermore,	it	has	been	shown	

that	there	is	no	yield	penalty	associated	with	insensitivity	to	these	effectors	at	least	under	the	

conditions	prevailing	in	WA	(194).	An	assessment	of	the	sensitivity	of	Australian	wheat	cultivars	to	

the	P.	nodorum	effectors	ToxA,	Tox1,	and	Tox3	found	sensitivity	to	one	or	more	of	the	known	

effectors	to	be	common,	and	resistance	to	SNB	can	be	further	improved	by	continuing	these	effector	

breeding	strategies	(195).	Further	studies	of	P.	nodorum	have	shown	that	additionally	using	a	culture	

filtrate	containing	the	remaining	as	yet	uncharacterised	effectors	is	a	valid	strategy	for	assessing	

sensitivity	to	P.	nodorum	(176).	Despite	this,	functional	redundancy	exists	between	effectors,	

supporting	the	need	to	clone	the	remaining	effectors	and	use	these	separately	(176).	

	

Breeding	out	a	resistance	gene	conferring	sensitivity	through	interaction	with	a	necrotrophic	effector	

could	—	in	theory	—	also	have	the	effect	of	breeding	out	a	functional	resistance	to	a	pathogen	with	

the	corresponding	avirulence	gene.	The	only	example	of	this	is	C.	victoriae’s	NE	victorin	and	an	Avr	

produced	by	P.	coronata	which	are	suspected	to	target	the	same	resistance	gene	in	oat.	In	all	other	

cases	the	targets	of	necrotrophic	effectors	are	presumed	to	be	resistance	genes	owing	to	their	

leucine	rich	repeat	structure	(for	example,	Tsn1	and	LOV1)	or	role	in	activating	defence	responses,	

but	no	role	in	avirulence	interactions	has	been	found.	These	R	genes	may	have	evolved	to	recognise	

Avr	effector	employing	pathogens	(and	not	necessarily	fungi)	that	are	no	longer	around.	As	such,	in	

practice	breeding	out	certain	plant	resistance	genes	that	interact	with	necrotrophic	effectors	has	

been	highly	effective	at	reducing	losses	pathogens	infecting	through	ETS,	with	no	identifiable	yield	

penalties.	
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2.4 Future	directions	
Genomics	of	fungal	pathogens	promised	to	find	novel	NEs,	and	in	some	cases	whole	genome	

sequencing	has	delivered	on	this	promise	with	the	characterisation	of	novel	NEs	(87).	Furthermore,	

most	of	the	pathogens	discussed	within	this	chapter	now	have	whole	genome	resources	publically	

available,	and	some	have	benefited	from	the	incorporation	of	transcriptomic	and	proteomic	datasets	

(10).	There	are	clear	similarities	between	Avrs	and	NEs	-	both	are	recognised	by	matching	host	

genes,	effectors	within	both	sets	have	been	observed	to	be	under	positive	selection,	and	each	set	

contains	examples	where	effector-encoding	genes	are	located	within	plastic	genome	regions.	

Additionally,	proteinaceous	effectors	within	both	sets	tend	to	encode	small,	secreted,	cysteine-rich	

proteins.	Recently	reported	structural	similarities	between	some	NEs	and	Avrs	hint	at	a	common	

evolutionary	origin.	In	light	of	this,	bioinformatic	pipelines	and	techniques	for	the	prediction	of	NEs	

are	indistinct	from	those	used	for	the	prediction	of	other	effectors.	As	such,	the	ability	to	predict	NEs	

accurately	—	as	with	the	prediction	of	all	effectors	—	relies	on	accurate	genome	assembly,	gene	

predictions,	and	the	selection	of	effectors	from	larger	lists.	These	needs	support	the	focus	on	gene	

prediction	(Chapter	3	and	Chapter	4)	and	the	genomic	context	of	effectors	(Chapter	5	and	Chapter	

6).		
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Abstract

Background: The impact of gene annotation quality on functional and comparative genomics makes gene prediction
an important process, particularly in non-model species, including many fungi. Sets of homologous protein sequences
are rarely complete with respect to the fungal species of interest and are often small or unreliable, especially when
closely related species have not been sequenced or annotated in detail. In these cases, protein homology-based
evidence fails to correctly annotate many genes, or significantly improve ab initio predictions. Generalised hidden
Markov models (GHMM) have proven to be invaluable tools in gene annotation and, recently, RNA-seq has emerged as
a cost-effective means to significantly improve the quality of automated gene annotation. As these methods do not
require sets of homologous proteins, improving gene prediction from these resources is of benefit to fungal researchers.
While many pipelines now incorporate RNA-seq data in training GHMMs, there has been relatively little investigation
into additionally combining RNA-seq data at the point of prediction, and room for improvement in this area motivates
this study.

Results: CodingQuarry is a highly accurate, self-training GHMM fungal gene predictor designed to work with
assembled, aligned RNA-seq transcripts. RNA-seq data informs annotations both during gene-model training and in
prediction. Our approach capitalises on the high quality of fungal transcript assemblies by incorporating predictions
made directly from transcript sequences. Correct predictions are made despite transcript assembly problems, including
those caused by overlap between the transcripts of adjacent gene loci.
Stringent benchmarking against high-confidence annotation subsets showed CodingQuarry predicted 91.3% of
Schizosaccharomyces pombe genes and 90.4% of Saccharomyces cerevisiae genes perfectly. These results are 4-5% better
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genome Sc. pombe and S. cerevisiae annotations further substantiate a 4-5% improvement in the number of correctly
predicted genes.

Conclusions: We demonstrate the success of a novel method of incorporating RNA-seq data into GHMM fungal gene
prediction. This shows that a high quality annotation can be achieved without relying on protein homology or a
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Background
Whole-genome sequencing has enabled investigations
into the gene content of living many organisms and
forms the foundation for further study of gene expres-
sion, proteomics and epigenetics. After assembly of a
novel genome, gene annotation is often the first step in
analysing the gene content of an organism. Accurate an-
notation of the exonic structure of genes is crucial to the
success of all subsequent functional and comparative
analyses.
Problems that can potentially be caused by incorrect

gene annotation are numerous and can lead to incorrect
assessments of the lifestyle and ecology of an organism.
In comparative genomics where orthologous genes or
conserved functional domains are compared between
species/isolates, the estimated numbers of such genes/
domains can be distorted by less than perfect annota-
tions (as described by Hane et al. [1], S Text 1). Predic-
tion of extracellular secretion, which can be determined
by a short signal peptide at the N-terminus, can miss se-
creted proteins if the start codon of a gene has been in-
correctly annotated. Mis-annotating the start of protein
translation could either cut off the signal peptide or bury
it within the annotation. While a seemingly benign an-
notation error, the consequences for downstream re-
search could be detrimental, particularly as the biotic
interactions or industrial applications of microbes are
largely determined by their secretomes. Additionally,
translated protein sequences of novel species are often
submitted to databases such as NCBI [2] and Uniprot
[3]. It is commonplace to use these database entries to
support the annotation of related species or isolates,
meaning errors present in the pioneer annotation may
be repeated. When these new annotations based on false
assumptions are added to databases, there is not only a
propagation of errors, but also a perceived strengthening
of homology evidence for incorrect protein sequences.
In recent years, correction of in silico predicted gene

annotations with RNA-seq derived transcripts and read
alignments has enabled vastly improved genome annota-
tions and corrections of annotated gene structures [4-6].
Short read and/or assembled transcript alignments are
typically used to correct the coordinates of intron-exon
boundaries in existing gene annotations or predictions
[7], to train gene predictors [8], and can also be incorpo-
rated directly into gene prediction by hybrid gene predic-
tors [9,10]. Since their initial application to gene prediction
[11], generalised hidden Markov models (GHMMs) have
played an important role in genome annotation. Various
GHMM gene predictors [12-15] continue to be incorpo-
rated into annotation pipelines [16-18], some of which are
capable of making use of RNA-seq data. For example,
AUGUSTUS [9,10,14] allows the user to generate hint
files from RNA-seq read/transcript alignments that are

then used to improve prediction accuracy. More recently,
a new version of GeneMark-ES [15], named GeneMark-ET
[8] allows the incorporation of RNA-seq data into its auto-
mated gene model training. These gene finders are both
applicable to a broad range of eukaryotic genomes. A
number of pipelines have also been developed that utilise
available gene prediction software and RNA-seq data to
generate annotations. Some examples of such pipelines
are Maker [16,19], EVidenceModeler [7], JAMg [20],
SnowyOwl [18] and the insect genome annotation pipeline
OMIGA [21]. The continued development of pipelines
such as these relies on the availability and development of
component software such as GHMM gene predictors.
Fungal genomics has applications in areas such as

agriculture [22-24], medicine [25,26], biomass conver-
sion [27,28] and food/beverage production [29,30]. This
broad industry relevance and the continued growth in
the number of new fungal species with sequenced ge-
nomes emphasises the importance of fungal gene annota-
tion. Fungal genomes differ from those higher eukaryotes
in that they are gene dense with short introns [31,32].
They also exhibit less alternate splicing when compared to
other eukaryotes, with a higher proportion of mRNA iso-
forms arising from retained introns [33]. Manual annota-
tion is considered to be the most reliable method of
producing a high quality genome annotation, but this is
time consuming and can be a bottleneck in genome stud-
ies [34]. Consequently fungal genome annotations are typ-
ically derived from ab initio predictions, spliced EST/
transcript alignments and protein homology [34]. For
many fungi, closely related species have either not been
sequenced or their genomes have not been annotated in
detail. This can mean that sets of homologous proteins for
use in protein homology annotation are either small or
unreliable. In such cases, gene prediction relies more on
EST/transcript alignments and ab initio predictions.
Currently available gene prediction software and pipe-

lines are typically intended for application across a broad
range of eukaryotes, with comparatively few being spe-
cific to fungi. GipsyGene [35] is a GHMM gene pre-
dictor that was developed for fungi, with particular
attention given to modelling fungal introns correctly. A
version of GeneMark-ES [15], a self-training GHMM,
also uses an intron model designed for fungi. However,
neither of these incorporates RNA-seq data. SnowyOwl
[18] is a recently developed pipeline designed specifically
to annotate fungal genomes using RNA-seq data and
homology information. Although designed for fungi,
SnowyOwl selects from GHMM predictions made by
AUGUSTUS [9,10,14], a gene predictor that was opti-
mised for application across a broad range of eukaryotes.
In this study we present the gene prediction tool

CodingQuarry. It is designed to make protein-coding
gene sequence predictions through the use of assembled
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or aligned RNA-seq transcripts in both GHMM training
and prediction. CodingQuarry is differentiated from
other gene predictors by the combined use of gene pre-
dictions made directly from both transcript and genome
sequences.
The choice to tailor CodingQuarry to the prediction of

fungal genes and to use assembled, aligned transcripts
rather than raw read alignments relates to some key dif-
ferences between fungal genomes and those of higher
eukaryotes. Firstly, fungi exhibit significantly less alter-
native splicing than higher eukaryotes. Consequently,
the task of transcript assembly is simpler, resulting in a
higher proportion of correctly assembled full-length tran-
scripts [36]. Secondly, fungi have smaller introns than
higher eukaryotes [32]. Recent studies indicate short in-
trons are reconstructed in transcript assembly with a
higher success rate than long introns [37]. These tran-
script assembly advantages make it feasible to generate
coding sequence annotations directly from assembled
transcript sequences, a process that is more likely to be
error prone in higher eukaryotes.
A major consequence of the high gene density ob-

served in fungi is a high proportion of instances whereby
the untranslated regions (UTRs) of adjacent transcripts
overlap in terms of their positions on genomic DNA.
Overlap can be between 3′ and 5′ UTRs of adjacent
genes on the same strand, or between 5′ and 5′ or 3′
and 3′ UTRs of adjacent genes on opposite strands.
Overlaps from the latter example, particularly in the case
of 3′ to 3′, are referred to as sense-antisense (S-AS)
overlaps. S-AS overlaps have been observed to occur
rarely in many species, but are widespread in fungi
[38,39]. Essentially this means that in gene-dense fungal
genomes, mapped RNA-seq reads belonging to adjacent
genes may support regions of coverage that span two or
more loci. This is a more severe problem when ‘unstranded’
RNA-seq chemistries are used, as S-AS overlaps can be dis-
tinguished through the use of stranded RNA-seq data.
CodingQuarry is designed to work with assembled, aligned
transcripts derived from either stranded or unstranded
RNA-seq data and to specifically address the problem of
merged transcripts, such that these transcript assembly er-
rors do not translate to coding sequence annotation errors
or omitted gene loci.
For the purpose of demonstrating CodingQuarry’s per-

formance we have selected two exemplar fungal species,
which possess highly reliable sequence and annotation
resources: Saccharomyces cerevisiae and Schizosaccharo-
myces pombe. S. cerevisiae, commonly known as Baker’s
yeast, has long been a model organism and is important
to the wine making, baking and brewing industries. Sc.
pombe, commonly known as fission yeast, is also a
model organism. These two species are estimated to
have diverged from a common ancestor up to 1000

million years ago [40,41] and are representative of dis-
tantly related fungal sub-phyla. In this study we have
used the high-quality annotations of these fungi to
benchmark the sensitivity and specificity of Coding-
Quarry, and compare it to other gene predictors.

Implementation
Data sets for benchmarking
To test the accuracy of predictions made by Coding-
Quarry and other gene predictors, we utilised assembled
genome sequences, RNA-seq reads and up-to-date gene
annotations of two model fungi: S. cerevisiae and Sc.
pombe.
The Sc. pombe (isolate 972h-) genome, annotation and

protein sequences were downloaded from PomBase [42]
and RNA-seq reads [SRA: SRX040571] were downloaded
from NCBI [43]. The reads were trimmed using Cutadapt
[44], aligned to the genome using TopHat [45,46] (ver-
sion 2.0.19, −-mate-inner-dist 280, −-mate-std-dev 70,
−-min-intron-length 10, −-max-intron-length 5000, −-min-
segment-intron 10, −-max-segment-intron 5000) and
assembled using Cufflinks [47] (version 2.1.1, −-min-
intron-length 10, −max-intron-length 5000, −-overlap-
radius 10, −-min-isoform-fraction 0.4, −-library-type
fr-firststrand). The RNA-seq data used for Sc. Pombe
was stranded (i.e. the strand of genomic DNA that
produced the mRNA fragment is known). To simulate
a transcript assembly from unstranded RNA-seq data,
TopHat and Cufflinks were also re-run as above with
the modified parameter ‘–library-type fr-unstranded’.
The S. cerevisiae (isolate S288c) genome, annotation

and protein sequences were downloaded from the Sac-
charomyces Genome Database [48] and RNA-seq reads
[SRA: SRR1198662-8] were downloaded from NCBI.
Reads were trimmed, aligned and assembled using the
same method as described above for Sc. pombe (stranded
only, −-mate-inner-dist 200, −-mate-std-dev 40).
Although both Sc. pombe and S. cerevisiae are anno-

tated to a high standard, it was desirable to identify a
stringent subset of their genes that are of very high-
confidence. This is because not all genes are verified to
the same degree, and some are therefore more likely to
be accurate than others. It is still possible that the full
annotations contain errors that are artefacts of the pre-
diction tools, data and methods used to generate them.
Comparing predictions against a high-confidence set
excludes some annotations that are lower confidence,
and is likely to give a better assessment of the accuracy
of gene predictors. Annotations within these high-
confidence subsets were required to exactly match se-
quences in Uniprot’s [3] reviewed database and to be
listed and as possessing protein level evidence. There
were 1,898 of these for Sc. pombe and 5,224 for S. cerevi-
siae. Nevertheless, as CodingQuarry’s intended purpose
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is to predict genes across entire fungal genomes, we also
report its performance benchmarked to the less strin-
gent full datasets of 5,124 Sc. pombe genes and 6,575 S.
cerevisiae genes.

CodingQuarry prediction method outline
CodingQuarry predicts genes in 2 stages. The first stage
involves prediction of genes directly from transcript se-
quences derived from regions of the genome supported
by RNA-seq in GFF (General Feature Format) [49], such
as derived from Cufflinks [47]. The second stage com-
plements the first and involves additional predictions
based on genomic sequences. In both stages GHMMs
are used to predict genes, however, these differ in their
structure and in how they incorporate RNA-seq data
into their predictions. The GHMMs used in both stages
are also trained automatically using the RNA-seq data.
The final predicted annotation produced by Coding-
Quarry is a combination of predictions made in stages 1
and 2.

Stage 1: Training and prediction from transcript sequences
The coordinates of transcribed regions (in GFF format)
relative to the assembled genome sequence are used to
extract the sequences of a set of virtually spliced tran-
scripts (i.e. intron sequences are removed). A generalised
hidden Markov model (GHMM) is used to make gene
predictions directly from this set of transcript sequences.
Predicted coding-sequences are then converted back to
their relative genomic coordinates, with transcript spli-
cing being accounted for in this process.
The GHMM used in stage 1 uses fixed length states to

describe the gene start and Kozak sequence [50] and
gene stop codon, and variable length states to describe
gene coding sequences, UTRs, and non-coding tran-
scripts. To address the issue of merged transcripts, this
model allows a single transcript sequence to contain
multiple genes, via the creation of a “middle UTR” state.
Where UTRs of adjacent transcripts overlap in terms of
their relative corresponding positions on the genomic
DNA, a single transcript sequence as derived from
RNA-seq can contain multiple gene loci. A pictorial ex-
ample of this is shown in Figure 1, section Bi, in which
the middle UTR state is used to allow the correct pre-
diction of two genes on the same strand within a merged
transcript sequence. In the case of unstranded RNA-seq,
prediction errors arising from transcript sequences
merged due to S-AS UTR overlap are corrected in stage 2.
The coding regions are modelled using a fifth-order,

three-periodic Markov chain. The 5′, 3′ and ‘middle’
UTRs, as well as non-coding transcripts are modelled
using a fifth-order (non-periodic) Markov chain. A
second-order weighted array matrix over a region of 11
nucleotides up to and including the ATG start codon

models the Kozak sequence and gene start. Length distri-
butions of the coding region state, UTR states and non-
coding transcript state are modelled using smoothed
length frequencies.
A self-training method is used, where parameters are

initially estimated from the longest open reading frame
(beginning with a methionine) in each transcript. The
GHMM is then successively run and retrained twice to
refine the parameters. There are some restrictions placed
on the sequences that are used for retraining, based on
the general principle of preferential exclusion of some
correct sequences rather than risking including false-
positives. Training of the “gene” state is therefore re-
stricted to coding sequence lengths greater than or equal
to 600 nucleotides to guard against the inclusion of
false-positive predictions in the training set. Similarly,
open reading frames in UTR regions greater than or
equal to 300 nucleotides are removed from the UTR
training set to guard against the inclusion of coding se-
quences. Where there are overlapping genes in the pre-
diction, the longer gene is retained in the training set
and the shorter overlapping gene(s) are discarded.
Importantly, this method is distinct from methods

where the transcript/EST alignment is used to inform a
GHMM prediction from genome sequence. The main
advantage of the initial prediction from transcript se-
quences is that the predicted annotation will have intron
boundaries that agree exactly with the intron boundaries
in the transcripts to genome alignment. Another advan-
tage is that where the transcript assembly indicates that
there is an alternative splicing, prediction from tran-
scripts allows the coding sequences splicing alternatives
to be predicted.

Stage 2: Prediction from the genome sequence
After the prediction from transcript sequences is carried
out in stage 1, there may still be a number of errors and
omissions in the predicted annotation (see Figure 1, sec-
tion D). These predictions are therefore added to, and in
some cases replaced by predictions made from genome
sequence.
The stage 1 predicted gene set is used to train a sec-

ond, different GHMM which is designed to make predic-
tions from assembled genome sequence. This genome
based GHMM includes additional states to model in-
trons, a feature not previously required in the spliced
transcript-based GHMM used in stage 1. Another differ-
ence is that the GHMM used for transcript sequences
models the 5′ and 3′ UTR regions, whereas the GHMM
used for prediction from genome sequence models these
regions as part of larger “intergenic” regions. The stage 2
GHMM intron model used has fixed length states for
the donor, acceptor and branch point sequences, mod-
elled by first-order weighted array matrices. Variable
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length states are used to model the regions between
these fixed length states. The intron model is based on
research showing that fungal introns have high informa-
tion content in the 5′ splice site, 3′ splice site and
branch point regions [32], and is similar to the intron
model used by GeneMark-ES [15]. During training, the
acceptor/donor lengths are automatically adjusted by
CodingQuarry to suit the fungi being predicted on. The
acceptor/donor is extended to the furthest out nucleo-
tide position (up to a maximum length) with a statisti-
cally significant difference in nucleotide composition
when compared to the adjacent intron region. A Chi-
square test (p-value 0.01) is used to test for statistical
significance. The acceptor and donor are taken to extend
2 nucleotides into the adjacent exon, and can be up to a
maximum length of 22 nucleotides. During prediction,
the lengths of these states is fixed. The maximum intron
size is set as 10% longer than the longest intron evi-
denced by the transcript alignment, unless this value is
greater than 5,000, in which case the maximum is limited
to 5,000. The user can choose to disable the intron model
length restrictions of CodingQuarry in order to allow it to
be used for species with longer intron lengths.
In prediction from transcript sequences (stage 1), the

location of introns is inferred from the transcript to gen-
ome alignment, and the assembled transcript sequences
are used to model the UTRs. When predicting genes
from genome sequence in stage 2, RNA-seq data is also
incorporated in GHMM prediction, but in a different
way. Where there is supporting evidence from RNA-seq
data, the prediction of introns is restricted by the tran-
script alignment. Intron boundaries (donor and acceptor
sites) are disallowed in areas where there is an aligned
transcript sequence on the same strand. This restriction
is relaxed within 50 nucleotides of the transcript end,
where introns may be predicted ab initio, in the same
manner as in regions without evidence of transcription.
Introns are only allowed to occur where the first 2 nu-
cleotides of the intron donor and last two nucleotides of
the intron acceptor sites are GT and AG respectively.
After the stage 1 genes are used for training, certain

predicted genes that are likely to be inaccurate are dis-
carded and areas of the genome are selected for predic-
tion from genome sequence. Discarded stage 1 predicted

genes include single-exon genes and genes suspected to
be incomplete (described in detail below). The areas se-
lected for prediction from genome sequence are the
areas flanking the retained stage 1 genes, as well as loci
where alternative splice forms may exist. These steps,
and the motivation for them, are discussed in more de-
tail in the following paragraphs, and Figure 1, sections
D, E and F give examples and summarise this process.
Where an assembled RNA-seq transcript, aligned rela-

tive to the genome sequence, overlaps another assem-
bled transcript on the opposite strand, the transcript’s
predicted UTR can contain all or part of the coding se-
quence from the adjacent transcript on the opposite
strand. In stage 1, genes are predicted in a single direc-
tion in a single transcript, that is, although multiple
genes are permitted to be predicted in a single tran-
script, they must all be in the same direction. As a result,
where prediction from transcript sequences is carried
out on UTR regions containing coding sequence on the
opposite strand, we have observed a tendency to predict
small false-positive single-exon genes (see Figure 1, sec-
tion Div). This is because the reverse-complement of a
coding sequence has a slightly higher G:C content and
contains fewer stop codons than typically occur in
UTRs, therefore these regions are often a closer match
to the coding sequence model. This problem occurs
even more frequently when unstranded RNA-seq is used
and adjacent transcripts on opposite strands are assem-
bled into a single locus. To correct this, all single-exon
genes from stage 1 are discarded and predictions from
genome sequence are carried out in those regions. Al-
though single-exon genes are used for training, this is
restricted to coding sequences over 600 nucleotides so
that these small false-positives do not contaminate the
training set. When genes are predicted from genome se-
quence in step 2, the prediction is allowed to be on ei-
ther strand and these false-positive predictions therefore
do not occur, leading to better results.
Transcript assemblies are likely to contain some low

coverage, incomplete transcripts (Figure 1, section Bv).
Attempting to predict a complete gene from an incom-
plete transcript sequence can lead to errors due to ab-
sent start or stop codons (Figure 1, section Dv). If the
transcript is incomplete at the 3′ end and the gene’s stop

(See figure on previous page.)
Figure 1 CodingQuarry flow diagram. Examples are shown of correct annotations of coding sequences, (A) and a typical CodingQuarry input;
assembled transcripts aligned to the genome (B). The stages used within CodingQuarry to predict coding sequences are shown (C-G). Firstly,
coding sequences are predicted from transcript sequences (introns are removed) using a GHMM (C). Possible prediction errors after this step are
coloured red, and notes show how these are identified (D). These error prone predicted genes are discarded (E), and regions are selected for
prediction from genome sequence (F). The resulting prediction is output by CodingQuarry (G), which merges the retained predictions from
transcript sequences (E) with the predictions from selected areas of the genome sequence (F). Sections of the example genome sequence and
annotations have been labelled i-x in each part of the diagram (A-G), and marked with vertical dotted lines. These sections are labelled to
facilitate in-text references to the diagram in the Implementation section of this manuscript. Labels i-x correspond to the same genome sections
through A-G.
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codon is outside the transcript sequence then it is likely
that no gene will be predicted from the transcript. If the
5′ end of the transcript is incomplete then the predicted
gene will have an incorrect start codon, or be completely
missed (Figure 1, section Dv). In these circumstances, a
prediction from genome sequence is likely to be more
accurate. Where the open reading frame of a coding se-
quence predicted in stage 1 can be extended beyond the
bounds of the supporting assembled transcript, there is
the possibility that the assembled transcript sequence
and resulting predicted coding sequence are incomplete
at the 5′ end. Such genes are therefore identified as
genes that are suspected to be incomplete. Therefore,
the stage 1 prediction is removed and stage 2 genome-
based predictions are then carried out (Figure 1, sections
D-Fv). Any intron sites supported by the partial tran-
scripts will restrict the location of introns predicted in
step 2 and the gene prediction is thus operating as an
RNA-seq informed predictor, rather than completely ab
initio.
In an effort to identify alternate splicing during stage

2, if the removal of an intron can extend an ORF across
it without terminating at a stop codon, additional pre-
dictions from genome sequence in stage 2 are allowed in
these regions (Figure 1, sections D-Fiii). This process al-
lows correct predictions to be made where a transcript
has been assembled with a false-positive intron, or where
an alternatively spliced transcript retaining the intron se-
quence was not included in the transcript assembly, pos-
sibly due to low RNA-seq abundance.
In addition to correcting some of the inaccuracies in

gene prediction from transcript sequences, prediction
from genome sequence allows ab initio prediction of any
genes that were not expressed under the experimental
conditions used (Figure 1, sections ii and vii). Gene pre-
dictions of this kind are ab initio and therefore subject
to greater uncertainties. In light of this, the final outputs
of CodingQuarry make note of whether a final gene pre-
diction was derived from transcript (stage 1) or genome-
based (stage 2) prediction processes.

Post prediction filtering
The final stage of annotation that CodingQuarry carries
out is the removal of genes likely to be false-positive pre-
dictions. Any gene with a coding sequence that trans-
lates to less than 30 amino acids is removed from the
annotation. Where alternative splice variants are pre-
dicted, only variants with at least one unique intron, or
10 or more unique amino acids are retained. Finally, any
gene predicted overlapping a larger gene on the opposite
strand is removed where less than 20% of its coding se-
quence lies outside the bounds of the larger gene. As
discussed earlier, false-positive predictions of this kind a
common where transcripts overlap one another. While

nested genes of this kind are known to occur, they are
considered to be rare [51].

Gene discovery
Often one of the key interests of RNA-seq studies for
annotation purposes is to discover previously unanno-
tated genes in areas with evidence of transcription. For
example, laterally transferred genes, which are of high
relevance in fungal genomics [52,53], may be missed in
homology or GHMM-based predictions due to a lack of
homologs in closely related species or atypical codon
usage patterns. To assist in this process, CodingQuarry
forces a gene prediction in transcripts that have no over-
lapping gene prediction after the complete annotation
run. This uses the same hidden Markov model as in
stage 1, however the probability of a state transition to a
non-coding transcript state is set to zero. These genes
are not intended to be included in the main set of pre-
dicted annotations and are output separately as a set of
“dubious” genes. Further efforts to verify which of these
genes are genuine could include searches for pfam/anti-
fam domains [54,55], blast searches to databases or ex-
perimental verification. However, this set is certain to
contain a high proportion of false-positive genes, in part
due to open reading frames occurring by chance within
non-coding transcripts.

Merged transcripts
One of the final outputs of CodingQuarry reports the
IDs of assembled transcripts suspected to be instances
of transcripts merged in assembly due to overlapping
UTRs. This output is based on the genes predicted by
CodingQuarry, and reports the number and DNA strand
orientations of the theoretical constituent transcripts.
Reporting the orientation is important for unstranded
RNA-seq data, where instances of sense-antisense (S-AS)
overlap between UTRs can lead to transcripts on opposite
strands assembling into single loci.

Training and running other gene predictors for
benchmarking
Comparisons were made with AUGUSTUS [9,10,14],
and TransDecoder [56]. AUGUSTUS (using hints) and
TransDecoder both leverage RNA-seq data and as such
have comparable features with CodingQuarry. Though
GeneMark-ET also uses RNA-seq data to assist annota-
tion, comparisons were not possible at the time of sub-
mission due to its application to fungi being under
development. It is important to note that GeneMark-ET
uses RNA-seq data to assist in automated training, ra-
ther than to also subsequently inform and influence
predictions.
AUGUSTUS was trained using the online training ser-

ver [57] taking a FASTA file of assembled transcripts (in
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this case from TopHat-aligned RNA-seq read coverage
generated by Cufflinks) and the genome sequence as in-
put. This pipeline uses PASA [17] to generate a training
set of genes from the transcript data, aligns the tran-
scripts to the genome and uses hints generated from the
alignment to assist in gene prediction. This pipeline does
not train an untranslated region (UTR) model from as-
sembled RNA-seq transcripts. Intron hints were also
generated directly from the read to genome alignment
generated by Tophat, however predicting with the hints
produced by the training server produced predictions
with better sensitivity and specificity when compared to
the accepted annotations, and these results were there-
fore used for comparisons with CodingQuarry.
TransDecoder predicts genes from transcript sequences

and uses the transcript-to-genome alignment to place pre-
dictions on the genome. Pfam domain searches are also
used by TransDecoder to support gene predictions. Trans-
Decoder was run using the TopHat/Cufflinks transcript as-
sembly as per the instructions on the cited web page [56].

Quantifying gene prediction accuracy
Measures of nucleotide, exon, intron and gene sensitivity
and specificity, as described by Burset and Guigo [58],
were used to compare the high-confidence sets with the
various predictions. Sensitivity is the proportion of a
given feature (nucleotides/exons/introns/genes) in the
high-confidence set that are correctly predicted. Specifi-
city is the proportion of features in the predicted set that
are correct (i.e. exactly match the high-confidence set).
A correct nucleotide prediction was defined to be a nu-
cleotide within a predicted coding region that is also
within a coding region of the high-confidence set. An in-
correct nucleotide prediction was defined to be a nu-
cleotide within a predicted coding region that is within
an intron or intergenic region in the high-confidence
set. A correct exon/intron was defined to be where the
exon/intron boundaries in the predicted set were an
exact match to the exon/intron boundaries in the high-
confidence set. An incorrect exon/intron was defined to
be where the exon/intron boundaries in the predicted
set did not exactly match one of the exons/introns in the
high-confidence set. A gene was defined to be correctly
predicted if the gene was exactly the same as in the high-
confidence set, and incorrect if the high-confidence set
did not contain gene that matched exactly.
Where comparisons were made with the full set of

genes in the annotation, all genes in the prediction and
in the annotation were used to calculate the values of
sensitivity and specificity. Where comparisons were made
with the high-confidence annotation subsets, the region
over which each of these values were calculated was
bounded by the high-confidence set gene boundaries, and
any overlapping gene in the predicted set.

Results and discussion
Sensitivity and specificity values were calculated at the
nucleotide, exon, intron and gene-level for Coding-
Quarry predictions and predictions made by TransDeco-
der and AUGUSTUS. Comparisons were made between
predictions and high-confidence subsets (Table 1), and
the full sets (Table 2) of Sc. pombe and S. cerevisiae gene
annotations. CodingQuarry can be seen to outperform
the other gene predictors in many of the measures. Im-
pressively, CodingQuarry achieved a ~90% gene-level
sensitivity when comparing predictions with the high-
confidence subsets. This means that CodingQuarry
predicts around 90% of the high-confidence set genes
perfectly, which is around 4-5% more than the next best
gene-level sensitivity result, belonging to AUGUSTUS
(with hints), and around 10% better than TransDecoder,
which also makes predictions from transcript sequences.
An important consideration is that although both

CodingQuarry and AUGUSTUS both use GHMMs,
CodingQuarry operates very differently to AUGUSTUS.
The main difference is that CodingQuarry combines pre-
dictions made initially from transcript sequences to-
gether with predictions from genome sequences. We
assert that this is an important point in favour of
CodingQuarry being considered for wider incorporation
into automated annotation pipelines. Consensus between
the predictions of different programs/tools can strengthen
the confidence in the gene structure, particularly where
genes are predicted by different methods. For example,
CodingQuarry and AUGUSTUS predict 4,294 genes Sc.
pombe genes identically, 95.0% of which exactly match the
Sc. pombe annotation. In the case of S. cerevisiae, Coding-
Quarry and AUGUSTUS predict 4,813 genes identically,
95.4% of which are correct. This demonstrates that these

Table 1 Comparisons between predictions and high-
confidence gene sets for Sc. pombe and S. cerevisiae

Nucleotide Exon Intron Gene

Sn Sp Sn Sp Sn Sp Sn Sp

Sc. pombe (1898/5124 genes in high-confidence set)

CodingQuarry 99.3 99.7 93.4 93.6 94.5 96.7 91.3 89.0

AUGUSTUS 99.2 99.1 92.0 91.4 95.7 92.6 86.9 88.9

TransDecoder 95.4 99.3 84.5 86.3 88.5 97.0 80.2 73.5

S. cerevisiae (5206/6575 genes in high-confidence set)

CodingQuarry 99.2 99.8 90.0 90.0 79.0 67.6 90.4 91.1

AUGUSTUS 97.5 99.7 84.7 90.9 74.4 77.0 85.0 91.5

TransDecoder 92.2 99.5 79.9 74.8 73.9 67.4 80.1 68.0

Sensitivity (Sn) is the proportion of a given feature (nucleotides/exons/introns/
genes) in the high-confidence set that are correctly predicted. Specificity (Sp)
is the proportion of features in the predicted set that are correct. Sensitivity
and specificity calculations for nucleotides are made on nucleotides within
coding regions. Further descriptions of these measures are given in the
Implementation subsection titled “Quantifying prediction results”. The highest
scores in each column for Sc. pombe and S. cerevisiae are shown in boldface.
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subsets of genes have a higher specificity than either of
the programs do individually, and can be considered
higher confidence. If gene predictors operate in very simi-
lar ways, the fact that predictions agree is less significant.
The improved accuracy of CodingQuarry over alterna-

tive gene predictors is not achieved through protein
homology-based prediction or refinement. Accurate
gene predictions are therefore achievable when reliable
sets of homologous proteins are not available. Such situ-
ations can arise when considering newly sequenced
fungi, where closely related fungal species have not been
sequenced or well annotated. However, if reliable hom-
ology evidence is available, CodingQuarry’s results have
the potential to be further refined and improved by
post-prediction annotation tools that merge predicted
annotations with multiple sources of supporting evi-
dence, such as EVidenceModeller [7] or Maker2 [19].
The closest competitor to CodingQuarry is AUGUSTUS,

which derives all its gene predictions from genome se-
quences. However, when predicting genes from gene-
dense genomes, the short intergenic distances make it
possible for an intergenic region between two adjacent
genes to be falsely annotated as an intron thus predicting
a single merged gene where there should be two or more
separate genes. We observed 32 and 25 instances of this
in the AUGUSTUS predicted gene sets for Sc. pombe and
S. cerevisiae respectively. When predicting directly from
transcript sequences with CodingQuarry this is unlikely to
occur, as introns are not predicted during stage 1 and ad-
jacent genes would therefore need to be separated by an
ORF to be falsely predicted as a single gene. As such, we
see just one case of this error occurring in CodingQuarry
predictions for S. cerevisiae, and two for Sc. pombe. This
demonstrates an advantage to using CodingQuarry when

annotating gene-dense fungal genomes. Notably, this ad-
vantage is also observed for TransDecoder, which also
predicts from transcript sequences, with no cases of this
error in the S. cerevisiae prediction and just one in Sc.
pombe. However, TransDecoder achieved a much lower
overall quality of prediction, with a ~10% lower sensitivity
and ~10-20% lower specificity than CodingQuarry when
compared to the high-confidence subsets and full sets of
annotations (Tables 1 and 2). TransDecoder is intended to
be used as part of a prediction pipeline and generates a set
of genes to be used for training gene predictors. It is im-
portant to note that for its intended purpose, TransDecoder
performs extremely well. However, based on the results
shown in Tables 1 and 2, CodingQuarry was able to gener-
ate a larger and more accurate training set of genes.
As explained in the methods section, the predictions

made by CodingQuarry are a combination of predictions
from transcript sequences (stage 1), and predictions made
from genome sequence (stage 2). A filtering step then
removes genes likely to be false-positive predictions. The
gene-level sensitivity and specificity of CodingQuarry,
when compared to full Sc. pombe datasets, after each of
these stages is displayed in Figure 2A. Figure 2A shows
that the initial step of creating a training set using the lon-
gest ORF in each transcript has low values of sensitivity
and specificity. An ~8% gene-level sensitivity and ~6%
specificity improvement to predictions is made in stage 1,
where these annotations are replaced by GHMM pre-
dicted genes. Part of the reason for this is that during
stage 1, multiple genes predictions are allowed to be made
within a single transcript, allowing a large number of
genes residing in incorrectly “merged” transcripts to still
be predicted. The second prediction stage again results in
a jump in prediction accuracy, this time improving the
gene-level sensitivity by ~8% and specificity by ~2%. This
is due to the addition of genes predicted ab initio in re-
gions without RNA-seq transcript coverage and the pre-
diction of genes in regions where the transcript assembly
is incomplete. Single-exon genes are also re-predicted
stage 2. The final filtering step gives the final output
CodingQuarry prediction. This step serves to improve
specificity via the removal of false-positive genes, and
therefore had little effect of the gene-level sensitivity
(Figure 2A).
We observed variation in the accuracy of gene predic-

tions made by all assessed gene predictors when com-
paring the results for Sc. pombe with those for S.
cerevisiae. Fungal species have many complex differences
relating to characteristics such as the number and size of
introns [32], prevalence of alternative splicing [59], and
gene density [60]. It is therefore reasonable to expect
that gene prediction accuracy may vary across differing
fungal species, and this can be seen in occurring in other
published studies [15]. For predictions generated by

Table 2 Whole-genome comparisons between predictions
and current Sc. pombe and S. cerevisiae annotations

Nucleotide Exon Intron Gene

Sn Sp Sn Sp Sn Sp Sn Sp

Sc. pombe (all 5124 genes)

CodingQuarry 98.6 98.9 90.3 89.4 92.6 95.2 87.5 83.0

AUGUSTUS 98.0 99.3 89.0 90.6 94.2 92.7 83.1 87.7

TransDecoder 93.4 99.2 80.8 85.4 85.3 96.6 76.3 72.5

S. cerevisiae (all 6575 genes)

CodingQuarry 97.2 99.5 76.1 87.2 64.4 65.8 76.6 88.3

AUGUSTUS 95.4 99.6 71.1 88.9 60.5 69.3 71.5 89.8

TransDecoder 87.8 99.7 67.1 75.0 60.5 70.1 67.8 68.0

Sensitivity (Sn) is the proportion of a given feature (nucleotides/exons/introns/
genes) in the annotation that are correctly predicted. Specificity (Sp) is the
proportion of features in the predicted set that are correct. Sensitivity and
specificity calculations for nucleotides are made on nucleotides within coding
regions. Further descriptions of these measures are given in the Implementation
subsection titled “Quantifying prediction results” The highest scores in each
column for Sc. pombe and S. cerevisiae are shown in boldface.
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CodingQuarry, a possible explanation is the contribution
of RNA-seq evidence and how this could influence pre-
diction accuracy. In the case of Sc. pombe, around 84%
of the predicted genes result from a stage 1 transcript
based predictions. However, the stage 1 component of
the predicted genes is around 5% lower in S. cerevisiae.
As these predictions RNA-seq driven, they are expected
to be higher confidence, and it is therefore reasonable to
expect the results to be better for Sc. pombe than S.
cerevisiae.
Although stranded RNA-seq data is now readily avail-

able, a large quantity of non-stranded RNA-seq data is
publically available. It is therefore important that Coding-
Quarry can deal with transcript assemblies resulting from
either stranded or unstranded RNA-seq. Figure 2 shows
gene-level sensitivity and specificity of S. pombe gene
predictions made at stages within CodingQuarry with
RNA-seq data where stranded information was ignored
(Figure 2B), and where stranded information was included
(Figure 2A). Gene level sensitivity and specificity for
CodingQuarry’s final output predictions on Sc. pombe
were less than 1% and 2% different between unstranded
and stranded runs (respectively) (Figure 2). This result
supports of the efficacy of CodingQuarry in overcoming
issues in unstranded RNA-seq datasets. Comparisons be-
tween Figure 2A and B show that CodingQuarry predic-
tions using the unstranded transcript assembly showed a
~25% improvement in gene level sensitivity going from
stage 1 to stage 2 – further supporting the validity of the
various processes employed in stage 2 to correct for

annotation errors. We surmise that this is a direct result
of sense-antisense (S-AS) transcript overlap resulting in
merged transcripts composed of transcripts on opposite
strands. This confounds prediction from transcript se-
quence, where genes are expected to be in the same direc-
tion as the transcript. As explained in the methods
section, and evident from Figure 2A, this is corrected in
stage 2 leading to comparable final outputs.
CodingQuarry reports on assembled transcripts which,

according to the coding sequence predictions, may be
multiple transcripts merged together in the assembly
process. Where stranded RNA-seq is used, this is only a
problem for overlapping transcripts on the same strand.
For the Sc. pombe stranded RNA-seq experiment, there
were 507 instances reported by CodingQuarry of likely
transcript fusions. Of these, 64 were suspected to be the
result of fusion of more than 2 transcripts. For S. cerevi-
siae there were more fusions detected: 1,060, with 452 of
those suspected to result from the fusion of more than 2
transcripts. Given that different organisms of the same
phyla can have very different gene densities and spacing,
the higher number of fusions present in the S. cerevisiae
transcript assembly is not surprising. Where transcripts
are assembled from unstranded RNA-seq, there is the
possibility of merged transcripts arising from S-AS
transcript overlap. Although the splice sites in the
transcript-to-genome alignment can help to separate these
transcripts, it remains a problem where one or more of
the transcripts align without introns. For Sc. pombe, the
version of the transcript assembly generated without using
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Figure 2 Changes in CodingQuarry prediction accuracy at various stages of prediction of Sc. pombe genes. The gene-level sensitivity and
specificity is shown at various stages (See Figure 1 and Methods) within a CodingQuarry run. Results show comparisons with Sc. pombe where
A) (left-hand panel) RNA-seq data strand information was used and B) (right-hand panel) strand information was ignored. Longest ORF is the
initial training set, found by taking the longest open reading frame in each transcript to be a gene, stage 1 predictions are made from transcript
sequences, stage 2 adds to and replaces some of stage 1 predictions by predicting from genome sequence. Filtering of likely false-positive genes
(see Implementation section) takes place before a set of predicted genes is output as the “final output”. This output is the annotation generated
by CodingQuarry.
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strand information contained 1,219 instances where one
transcript was suspected to be the fusion of multiple tran-
scripts. 630 of these were suspected to be instances of tran-
scripts fusions involving transcripts on opposite strands.
CodingQuarry has been designed for and tested on

fungal genomes. It achieves a higher level of accuracy
than competing methods by mixing predictions made
from assembled transcript sequences with predictions
made from assembled genome sequences. In theory,
changes to the intron model used for prediction to allow
the prediction of longer introns when predicting genes
from assembled genome sequence would allow Coding-
Quarry to be applied to higher eukaryotes. However, in
practice, the transcript assembly quality for RNA-seq
datasets from higher eukaryotes does not result in
enough correctly assembled full-length transcripts for
this method to be advantageous. The limitations of tran-
script assembly quality to gene prediction have been pre-
viously noted [8]. Examples of factors contributing to
this are the RNA-seq alignment/assembly being compli-
cated by larger introns, and a higher prevalence of alter-
native splicing, as discussed in the Background section
of this manuscript. It is therefore the opinion of the au-
thors that it is unlikely that CodingQuarry would deliver
similar improvement in genomes of higher eukaryotes as
in fungal genomes, however this is something that may
be explored in future studies.
CodingQuarry also outputs an additional set of “dubi-

ous” genes, as candidates for gene discovery. As de-
scribed in the methods section, these genes are forced
predictions in transcripts that, after running Coding-
Quarry steps 1 and 2, do not have an overlapping coding
sequence prediction. 632 “dubious” genes are predicted
for Sc. pombe, and 444 for S. cerevisiae. Of these, 25 and
16 overlap a gene in the annotation of Sc. pombe and S.
cerevisiae respectively in the same coding frame. BLAST
[61] was used to search for alignments between the pro-
tein sequences of dubious genes predictions with no
coding sequence shared with genes in the annotation,
and NCBI’s non-redundant database. Seven of these Sc.
pombe genes aligned to an entry in nr with a protein
level identity of 40% or better and e-value less than 10−5.
Of these, six lay completely within a gene annotation on
the opposite strand. For S. cerevisiae, 21 novel genes
aligned to an entry in nr with a protein level identity of
40% or better and e-value better than 10−5, 10 of which
lay completely within a annotated gene on the opposite
strand. This result can either be viewed as the possibility
of unannotated proteins in the test genome annotations,
or, possible contamination of the nr database with trans-
lated sequences from non-coding RNA. We hope that
this feature will assist researchers in gene discovery,
however these predictions should be treated cautiously
and we do not recommend their inclusion in a formal

annotation dataset or submitted to databases without
further validation.

Conclusions
We have demonstrated the success of our method of
using RNA-seq derived data in GHMMs for fungal gene
prediction. For researchers studying the genomes of
newly sequenced fungi, for which protein homology re-
sources are absent or unreliable, CodingQuarry can be
used as a single step in predicting protein-coding gene
sequences with high accuracy. For more detailed annota-
tion efforts, CodingQuarry offers an appropriate starting
point for further refinement of annotations with add-
itional supporting evidence.
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4.2 Abstract	
Fungal	phytopathogens	interact	with	their	host	via	the	secretion	of	a	battery	of	effector	proteins.	

While	accounting	for	a	tiny	portion	of	the	full	gene	content	these	organisms,	our	interest	in	these	

effector	genes	is	disproportionately	high	due	to	their	crucial	role	in	infection.	In	attempting	to	locate	

novel	effectors,	downstream	analysis	often	relies	on	automated	gene	prediction	methods	to	form	

gene	lists	from	which	candidate	effectors	are	chosen.	In	this	study,	a	selection	of	gene	prediction	

tools	were	run	on	four	plant	pathogen	species	possessing	known	effectors	(Passalora	fulva,	

Leptosphaeria	maculans,	Magnaporthe	oryzae,	and	Fusarium	oxysporum	f.	sp.	lycopersici)	using	

publically	available	genome	sequences	and	RNA-seq	data.	The	success	of	different	gene	prediction	

software/methods	at	predicting	the	34	known	effectors	contained	within	these	genomes	was	

compared.	Results	showed	the	prediction	of	effectors	to	be	poor	and	that	correct	prediction	of	

effectors	was	reliant	on	RNA-seq	support	at	effector	gene	loci.	Even	so,	some	effectors,	such	as	the	

P.	fulva	effector	Avr4E,	were	still	missed	by	RNA-seq	driven	methods.	To	address	this	issue,	a	novel	

“pathogen”	mode	of	gene	prediction	via	the	software	tool	CodingQuarry,	named	CodingQuarry-PM,	

was	developed	(https://sourceforge.net/projects/codingquarry/).		CodingQuarry-PM	specifically	

targets	the	prediction	of	secreted,	cysteine-rich	genes	with	atypical	codon	usage.	Using	this	method,	

most	effectors	that	had	been	previously	missed	by	gene	predictors	were	correctly	predicted.	Further	

application	to	9	fungal	phytopathogen	species	revealed	previously	unidentified	genes	that	may	

encode	effectors.	

4.3 Background	
Fungal	plant	pathogens	cause	billions	of	dollars	of	crop	losses	worldwide	each	year	and	jeopardize	

food	security	(3).	Plants	are	generally	considered	to	have	two	lines	of	defence	against	such	

pathogens.	The	first	involves	recognition	of	ubiquitous	pathogen	associated	molecular	patterns	

(PAMPs)	and	danger-	or	damage-associated	molecular	patterns	(DAMPs),	whereas	the	second	

involves	recognition	of	specific	molecules	produced	by	the	pathogen	called	effectors	(25,26).	Fungal	

effectors	interact	with	the	plant	host	to	assist	the	pathogen	in	avoiding	host	recognition,	promote	or	

cause	increased	virulence,	and/or	trigger	host	defence	responses.	Knowledge	of	fungal	effectors	has	

been	a	powerful	tool	in	breeding	resistant	crop	varieties	(82),	motivating	continued	efforts	to	

discover	novel	effectors.	

	

Before	whole	genome	resources	became	available,	effectors	were	typically	located	using	map-based	

cloning	techniques	(66)	or	after	direct	protein	purification.	With	the	advent	of	whole	genome	

sequencing	and	ever	reducing	sequencing	costs,	the	formulation	of	lists	of	candidate	effectors	from	

predicted	gene	sets	has	been	increasingly	used	in	searching	for	proteinaceous	effectors	

(24,87,88,196).	Known	effectors	have	been	observed	to	be	small,	secreted,	and	often	cysteine-rich,	

motivating	the	frequent	use	of	criteria	based	on	these	characteristics	in	candidate	searches	(86,87).	

Recently,	a	machine	learning	method	has	been	successfully	employed	as	an	alternative	to	imposing	
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ad	hoc	cut-offs	on	protein	size	and	cysteine	content,	finding	tryptophan	levels	and	charge	to	also	be	

informative	in	distinguishing	effectors	from	other	secreted	proteins	(89).	Other	criteria	such	as	a	

close	proximity	to	repeats	or	unstable	genome	regions,	high	dN/dS	ratios,	long	adjacent	intergenic	

distances,	a	lack	of	orthologues,	homology	to	known	effectors,	up-regulation	in	planta,	and	presence	

and	absence	variation	across	isolates	have	also	been	used	(86,87).	Despite	progress	in	this	area,	

narrowing	down	a	predicted	gene	set	to	a	smaller	set	of	effector	candidates	remains	a	bioinformatic	

challenge.	

	

Gene	prediction	forms	the	basis	for	many	lines	of	downstream	investigation,	including	effector	

candidate	prediction.	In	the	past,	gene	prediction	strategies	were	classed	as	intrinsic	or	extrinsic,	the	

former	using	information	gleaned	from	the	genome	of	interest	alone	and	the	latter	relying	on	

outside	information	such	as	protein	homology	and	expressed	sequence	tags	(118,197).	In	recent	

years	this	distinction	has	blurred,	with	many	programs	and	pipelines	mixing	methods	and	evidence	

types	to	maximize	gene	prediction	accuracy	(128,130).	The	increase	in	genome	sequencing	has	led	to	

far	more	comprehensive	and	taxonomically	broad	protein	databases	available	to	provide	protein	

homology	evidence	in	gene	prediction.	Additionally,	RNA-seq	(deep	sequencing	of	cDNA)	has	

revolutionized	gene	prediction,	with	read/transcript	to	genome	alignments	delineating	gene	loci	and	

intron	boundaries.	On	the	heels	of	deep	transcriptome	data,	numerous	gene	prediction	programs	

and	pipelines	have	emerged	or	been	updated	to	incorporate	it	with	conventional	methods,	offering	

unprecedented	gene	prediction	accuracy	(129,132,198).	

	

While	gene	prediction	accuracy	has	greatly	improved	in	recent	years,	it	has	been	suggested	that	the	

prediction	of	effector	genes	is	unreliable	(82,113).	Although	there	has	been	no	formal	assessment	of	

the	accuracy	of	gene	prediction	on	known	effectors,	some	of	the	gene/protein	characteristic	that	are	

typically	associated	with	effectors	have	been	linked	to	gene	prediction	accuracy.	Effectors	are	often	

species-specific	or	lack	close	homologues,	meaning	the	incorporation	of	homology	evidence	does	

not	improve	their	prediction.	Gene	prediction	in	the	absence	of	supporting	homology	relies	heavily	

on	hidden	Markov	model	or	similar	methods,	which	have	inherent	inaccuracies.	Gene	prediction	on	

small	genes	and	small	exons	is	known	to	be	less	accurate	(197),	which	is	relevant	to	effectors	and	

indeed	much	of	the	pathogen	secretome.	Effectors	are	often	cysteine-rich,	which	in	certain	plant	

species	has	been	observed	to	be	associated	with	genes	being	mistaken	for	intergenic	sequence	

(134).	Furthermore,	there	are	now	numerous	publications	of	genome	updates	where	annotation	

improvement	has	resulted	in	the	addition	of	numerous	small,	cysteine-rich	proteins	to	their	gene	

sets	(10).	Gene	prediction	trains	on	patterns	of	short	stretches	of	nucleotides	(typically	5	or	6	

nucleotides	long)	and	as	such	incorporates	patterns	of	codon	usage	present	within	the	set	of	genes	

used	for	training.	Genes	with	atypical	codon	usage	can	be	problematic	for	gene	prediction.	Effectors	

have	frequently	been	observed	to	reside	in	rapidly	mutable	genome	regions	and	found	to	be	under	

diversifying	selection	(17,42,87,190).	These	factors	can	affect	codon	usage	and	may	contribute	to	
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parameters	from	training	sets	being	ill	fitted	to	the	coding	sequences	of	effectors.	In	some	cases	this	

is	due	to	an	accumulation	of	C	to	T	mutations	by	a	process	called	repeat-induced	point	mutation	

(RIP),	prevalent	within	the	pathogen	rich	Pezizomycotina	subphylum	(17,65).	Recent	lateral	gene	

transfers,	such	as	the	Parastagonospora	nodorum	to	Pyrenophora	tritici-repentis	ToxA	effector	

transfer	(75),	retain	the	codon	usage	patterns	of	their	original	genome,	which	may	differ	from	their	

recipient	genome	and	thus	impede	gene	prediction.	As	such,	it	is	possible	that	inaccuracies	in	

prediction	of	effectors	go	beyond	the	typical	inaccuracies	associated	with	gene	prediction.	

	

Gene	prediction	accuracy	confounds	our	ability	to	bioinformatically	select	effector	candidates.	

Where	some	of	the	coding	sequence	is	predicted	but	there	are	errors	in	the	prediction,	assessment	

of	the	coding	sequence	with	reference	to	effector	criteria	can	be	impeded.	For	example,	if	the	start	

site	of	the	gene	is	incorrectly	predicted,	the	subsequent	prediction	of	a	signal	peptide	may	produce	

an	incorrect	result	due	to	the	signal	peptide	being	cut	short	or	buried	within	the	predicted	protein	

sequence.	Other	measures	based	on	the	protein	coding	sequence,	such	as	cysteine	levels,	can	also	

be	distorted	when	the	coding	sequence	is	only	partially	correct.	The	potential	downstream	effects	of	

an	incorrect	gene	prediction	depend	on	how	much	of	the	coding	sequence	in	correctly	predicted	and	

what	downstream	analysis	is	conducted.	Genes	that	are	“missed”,	that	is,	mistakenly	annotated	as	

intergenic	sequence,	do	not	appear	in	predicted	gene	sets	and	are	as	such	excluded	from	effector	

candidate	lists.	

	

In	previous	work,	contributing	to	the	improvements	in	the	automated	incorporation	of	RNA-seq	data	

into	gene	prediction,	we	developed	CodingQuarry,	a	self-training	gene	predictor	that	used	a	novel	

method	of	incorporating	RNA-seq	data	into	hidden	Markov	model	prediction	(198).	Our	goal	was	to	

provide	a	tool	capable	of	accurately	predicting	genes	in	fungal	species,	without	requiring	training	

gene	sets	or	protein	homology	evidence	that	is	often	unavailable	when	researching	novel	species.	

This	is	particularly	necessary	in	the	study	of	pathogens,	which	typically	have	a	large	species-specific	

gene	complement.	We	then	made	use	of	genomes	and	annotations	of	model	fungal	organisms	

Saccharomyces	cerevisae	and	Schizosaccharomyces	pombe,	demonstrating	the	success	of	

CodingQuarry	at	fungal	gene	prediction.	In	this	work	we	extend	our	application	of	CodingQuarry	to	

fungal	phytopathogens,	emphasising	the	prediction	of	known	effector	genes.	We	include	a	

“pathogen”	mode	of	operation	(CodingQuarry-PM),	which	models	the	portion	of	coding	sequence	

encoding	the	signal	peptide	separately	to	the	mature	peptide	coding	sequence	to	particularly	suit	

genes	encoding	secreted	proteins.	Parameters	are	trained	to	suit	to	genes	with	a	high-cysteine	

content	and	atypical	codon	usage,	further	suiting	this	model	to	effector-like	genes	likely	to	be	

challenging	for	normal	prediction	strategies.	The	new	prediction	method	currently	focuses	on	

predicting	effector-like	genes	that	have	been	missed	in	previous	rounds	by	conventional	gene	

predictors	(usually	mistaken	for	intergenic	sequences)	by	attempting	to	predict	novel	genes	from	the	

intergenic	regions	between	previously	annotated	loci.	
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4.4 Methods	

4.4.1 Generating	predicted	gene	sets	

RNA-seq	reads	for	each	species	were	downloaded	from	NCBI’s	SRA	(199)	(Table	2).	Reads	were	

quality	trimmed	and	filtered	for	adapter	sequences	using	Trimmomatic	(200)	

(ILLUMINACLIP:adapters.fa:2:30:10,	LEADING:30,	TRAILING:30,	SLIDINGWINDOW:5:30	

MINLEN:35),	aligned	to	their	respective	genomes	using	TopHat	(v.	2.1.0)	(122,201)	(--min-intron-

length	10,	--max-intron-length	5000,	--min-segment-intron	10,	--max-segment-intron	5000)	and	

assembled	using	Cufflinks	(v.	2.2.1)	(202)	(--min-intron-length	10,	--max-intron-length	5000,	--

overlap-radius	10).	Where	there	were	multiple	RNA-seq	runs	for	a	single	species,	the	resulting	

sequence	alignment	files	were	merged	together	into	a	single	file	to	supply	as	input	to	BRAKER1	(v.	

1.6)	(132),	but	assembled	separately	(using	Cufflinks)	and	the	assemblies	subsequently	merged	

(using	the	Cuffmerge	tool	from	Cufflinks).	

	

Table	2	RNA-seq	data	accessions	

Species	 Isolate	 NCBI	

accession	

Bases	

Conditions	

Leptosphaeria	

maculans	

IBCN18	 SRR1130246	 132.6M	 in	planta	7	days	post	inoculation	

	 SRR1141251	 227M	 in	planta	7	days	post	inoculation	

	 	 SRR1151403	 2G	 in	planta	14	days	post	inoculation	

	 	 SRR1151404	 2.2G	 in	planta	14	days	post	inoculation	

	 	 SRR1151407	 6.2G	 in	vitro	7	day	cultures	grown	in	oilseed	rape	medium	

Passalora	fulva	 CBS	131901	

SRR1171044	 1.2G	 in	vitro	3	day	potato-dextrose	broth,	24	hours	Gamborg	B5	

liquid	medium	

	 	 SRR1171045	 1.2G	 in	vitro	3	day	potato-dextrose	broth,	24	hours	Gamborg	B5	

liquid	medium	minus	nitrogen	

		 		 SRR1171046	 1.2G	 in	vitro	4	day	potato-dextrose	broth	

Fusarium	

oxysporum	f.	sp.	

lycopersici	 4287	 SRR190806	 3G	 Unspecified	

Magnaporthe	

oryzae	 70-15	 SRR081552	 3.9G	 Unspecified	

	 	

SRR081553	 3.9G	 Unspecified	

	 	

SRR081554	 3.4G	 Unspecified	

	 	

SRR081555	 3.9G	 Unspecified	

		 		 SRR081556	 3.6G	 Unspecified	

	

De	novo	repeat	identification	was	carried	out	on	each	genome	separately	using	RepeatModeler	

(203)	and	the	resulting	repeat	libraries	used	to	soft-mask	each	of	the	genomes	using	RepeatMasker	

(204).	CodingQuarry	(198)	(v.	2.0)	(default	parameters,	with	–d	specifying	unstranded	RNA-seq	

transcripts),	BRAKER1	(v.	1.6)	(132)	(--fungus,	--softmasking),	GeneMark-ES	(205)	(--fungus,	--soft	
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1000,	--min_gene_prediction	90),	AUGUSTUS	(v.	3.2)	(124,133,206)	(default	parameters),	and	

GeneMark-ET	(v.	4.30)	(207)	(--fungus,	--soft_mask	1000,	--min_gene_prediction	90)	were	each	run.	

CodingQuarry,	GeneMark-ES,	and	GeneMark-ET	self-train.	BRAKER1	is	a	pipeline	that	trains	

AUGUSTUS	using	predictions	made	by	GeneMark-ET	and	then	runs	AUGUSTUS	using	intron	hints.	

The	training	parameters	generated	by	the	BRAKER1	pipeline	were	also	used	to	run	AUGUSTUS	a	

second	time	without	RNA-seq	derived	hints,	that	is,	as	an	ab	initio	predictor.	The	longest	open-

reading	frame	beginning	a	methionine	within	each	Cufflinks	assembled	transcript	was	also	recorded	

as	a	type	of	gene	prediction	for	benchmarking.	

4.4.2 Benchmarking	predictions	

Predicted	genes	were	compared	to	the	genuine	annotation	of	known	effector	genes	and	the	

prediction	success	of	each	effector	defined	as	correct,	missed,	or	partial.	The	prediction	was	defined	

as	“correct”	where	the	predicted	coding	sequence	exactly	matched	the	genuine	annotation.	A	gene	

was	defined	as	“missed”	where	no	predicted	coding	sequence	overlapped	it	(in	the	same	frame).	

“Partial”	was	used	to	describe	where	the	predicted	gene	did	not	exactly	match	the	correctly	

annotated	version	but	there	was	in-frame	overlap	between	the	predicted	gene	coding	sequence	and	

the	correctly	annotated	gene	coding	sequences.	For	transcripts	reconstructed	by	Cufflinks,	a	

“correct”	reconstructed	transcript	was	taken	to	be	where	all	exons	of	the	coding	sequence	of	the	

gene	were	covered	by	the	exons	of	an	assembled	transcript	and	the	transcript-to-genome	alignment	

delineated	intron	boundaries	in	agreement	with	those	in	the	coding	sequence	annotation.	In	many	

cases	transcripts	of	adjacent	loci	are	merged	into	a	single	transcript	due	to	having	overlapping	UTRs.	

In	these	cases	the	transcript	assembly	was	still	described	as	“correct”.	An	assembled	transcript	was	

described	as	“partial”	where	the	coding	sequence	has	some	coverage	by	a	transcript,	but	not	all	

exons/introns	were	supported.	Finally,	a	gene	was	“missed”	by	the	RNA-seq	derived	transcripts	

where	no	assembled	transcript	overlapped	the	coding	sequence	of	the	gene.	

4.4.3 CodingQuarry’s	“pathogen”	mode	

CodingQuarry	was	extended	to	attempt	to	predict	effector-like	genes	that	are	missed	by	either	the	

normal	run-mode	of	CodingQuarry	or	other	prediction	methods.	This	new	“pathogen”	run	mode,	

referred	to	from	here	on	as	CodingQuarry-PM	(https://sourceforge.net/projects/codingquarry/),	

uses	an	effector-suited	gene	model	to	predict	genes	in	regions	annotated	as	intergenic	sequence.	

This	run	mode	can	either	be	used	after	the	standard	CodingQuarry	run	mode	or	with	a	set	of	

externally	derived	annotations	as	input.	By	this	method,	CodingQuarry-PM	does	not	attempt	to	

correct	incorrectly	predicted	gene	models,	but	rather	specifically	addresses	the	problem	of	genes	

that	are	completely	missed.	In	addition	to	having	utility	in	searching	for	genes	missed	in	prior	

annotation	efforts,	this	method	is	suited	to	where	annotations	are	transferred	from	a	reference	

isolate	to	the	genome	of	novel	pathogen	isolate.	As	different	pathogen	isolates	of	the	same	species	

are	known	to	have	differing	effector	complements,	this	method	can	be	used	to	predict	effectors	that	

are	present	only	in	the	non-reference	isolate.	
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CodingQuarry	uses	a	hidden	Markov	model	method	to	predict	genes,	described	in	detail	in	the	

Methods	section	of	Chapter	3.	In	creating	a	gene	model	to	better	describe	genes	encoding	secreted,	

effector-like	proteins,	additional	states	were	introduced	to	model	the	signal	peptide,	summarised	in	

Figure	3	A.	In	this	model,	the	signal	peptide	was	allowed	to	cover	either	part	of	the	first	coding	exon	

of	a	gene,	or	in	a	multi-exon	gene,	the	first	exon	and	part	of	the	second	exon	(see	examples	in	Figure	

3	B).	Predictions	are	not	restricted	to	secreted	genes	only,	however	the	states	used	describe	the	

coding	sequence	are	designed	to	be	better	suited	to	genes	encoding	a	protein	with	a	signal	peptide.	

As	such,	genes	predicted	in	this	way	should	not	be	assumed	to	be	secreted	and	secretion	prediction	

should	follow	on	translated	protein	sequences	as	part	of	downstream	analysis.	

	
Figure	3	A:	A	flow	chart	summarising	the	states	used	by	CodingQuarry	to	predict	effector	like	genes	is	shown	in	A.	B:	the	

possible	positioning	of	a	signal	peptide	predicted	by	CodingQuarry	can	be	within	a	single	exon	gene	(i),	the	first	exon	of	a	

multiple	exon	gene	(ii),	or	extending	to	within	the	second	exon	of	a	multiple	exon	gene	(iii).		

To	further	suit	this	model	to	effector-like	genes	that	are	missed	by	other	prediction	methods,	the	

content	models	of	the	coding	sequence	corresponding	to	the	mature	peptide	was	trained	to	be	

typical	of	a	high-cysteine	sequence	with	atypical	codon	usage.	The	challenge	in	doing	this	is	that	the	

set	of	genes	that	are	predicted	to	be	secreted,	high	in	cysteine,	and	have	atypical	codon	use	is	too	

small	to	use	for	CodingQuarry’s	usual	method	of	training,	which	is	based	on	the	frequency	of	

nucleotide	hexamers.	In	circumventing	this	problem,	nucleotide	hexamer	frequencies	were	

estimated	from	the	codon	usage	of	secreted	genes	with	atypical	codon	usage	and	the	amino	acid	

frequencies	of	high-cysteine	mature	peptide	sequences.	High-cysteine	secreted	genes	were	

considered	to	be	those	with	a	percentage	cysteine	in	the	upper	quartile	for	the	predicted	secretome	

(that	is,	the	top	25%).	Secreted	genes	with	atypical	codon	usage	were	considered	to	be	those	with	a	

codon	adaptation	index	within	the	lower	quartile	of	the	secretome	(that	is,	the	lowest	25%).	The	

codon	adaptation	index	(CAI)	was	calculated	with	respect	to	the	codon	usage	frequencies	of	the	set	

of	genes	that	would	be	used	for	gene	model	training	in	a	normal	CodingQuarry	run,	that	is,	

complete,	non-overlapping	genes	over	600	nucleotides	in	length.	While	the	CAI	is	usually	calculated	

in	reference	to	a	set	of	highly	expressed	genes,	here	the	set	of	genes	typically	used	for	training	were	

used	as	a	reference.	This	was	deliberate,	with	the	intension	of	identifying	genes	with	a	codon	usage	

atypical	when	compared	to	the	training	set	and	thus	likely	to	be	poorly	described	by	normal	



63	
	

parameters.	The	codon	usage	frequencies	as	derived	from	the	low	CAI	secreted	gene	set	and	the	

amino	acid	frequencies	from	predicted	signal	peptides	and	high-cysteine	mature	peptide	sequences	

were	used	to	estimate	nucleotide	hexamer	frequencies	for	high-cysteine,	low	CAI	genes.	For	

example,	to	estimate	the	frequency	of	CTTATT	starting	in	the	0th	reading	frame	encoding	a	leucine	

followed	by	an	isoleucine,	the	frequency	of	isoleucine	and	leucine	from	the	training	set	and	the	

codon	usage	frequency	of	CTT	and	ATT	are	used	

!(CTTATT) ≈ ! CTT L ! ATT I !(LI)	
where	f(CTTATT)	is	the	estimated	nucleotide	hexamer	frequency,	f(CTT|L)	is	frequency	of	CTT	

relative	to	the	other	codons	that	encode	leucine,	f(ATT|I)	is	the	usage	frequency	of	ATT	relative	to	

the	other	codons	that	encode	isoleucine,	and	f(LI)	is	the	frequency	of	a	leucine	followed	by	and	

isoleucine.	For	parameters	for	the	signal	peptide	sequence,	due	to	the	training	set	consisting	of	a	

small	overall	amount	of	sequence	f(IL)	was	estimated	as	the	product	of	the	frequencies	of	f(L)	and	

f(I),	which	are	calculated	from	the	translation	of	the	signal	peptide	sequences.	For	parameters	used	

to	model	a	high-cysteine	mature	peptide,	f(LI)	was	be	calculated	from	the	mature	peptide	part	of	

high-cysteine	predicted	to	be	secreted	genes.	In	both	cases,	f(CTT|L)	and	f(ATT|I)	are	calculated	

from	the	set	of	low	CAI	genes.	As	such	the	estimate	of	f(CTTATT)	combines	the	amino	acid	use	from	

one	set	with	the	codon	usage	from	another.	This	estimation	method	is	used	for	every	possible	

hexamer,	with	those	containing	in-frame	stop	codons	(TAA,	TAG,	or	TGA)	set	to	frequency	0.	The	

Markov	chain	parameters	used	for	CodingQuarry’s	HMM	gene	prediction	are	then	derived	directly	

from	these	hexamer	frequencies.		

	

CodingQuarry-PM	gene	predictions	were	restricted	to	a	minimum	mature	peptide	length	of	60	bp	

and	the	maximum	exon	length	was	set	at	1,500	bp.	For	exon	states	adjoining	the	signal	peptide,	

lengths	were	trained	from	the	exon	lengths	of	secreted	genes.	For	exons	not	adjoining	the	signal	

peptide,	values	were	trained	as	per	CodingQuarry’s	normal	exon	length	training.	The	signal	peptide	

length	model	was	trained	from	the	lengths	of	predicted	signal	peptides,	smoothed	using	a	6-

nucleotide	window,	and	restricted	to	a	minimum	length	of	30	bp	and	a	maximum	length	of	90	bp.	

The	length	model	of	a	signal	peptide	split	over	multiple	exons	was	set	to	have	minimum	length	of	1	

for	each	exon.		

	

CodingQuarry’s	standard	prediction	method	uses	predictions	made	directly	from	transcript	

sequences	to	improve	prediction	accuracy.	To	allow	CodingQuarry-PM	to	also	benefit	from	RNA-seq	

information,	where	RNA-seq	data	is	present	predictions	are	initially	made	from	transcripts	that	do	

not	already	contain	predicted	coding	sequence.	As	described	previously	(Chapter	3	(198)),	single	

exon	predictions	and	coding	sequence	predictions	that	could	be	incomplete	are	discarded,	and	these	

loci	are	re-predicted	along	with	additional	predictions	from	genome	sequence.	When	running	

CodingQuarry-PM,	repeats	were	hard	masked	to	prevent	an	excess	of	false	positive	predictions	in	

repetitive	regions.		
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4.4.4 Assessing	the	success	of	CodingQuarry’s	pathogen	prediction	mode	

CodingQuarry’s	normal	RNA-seq	driven	prediction	was	run	on	L.	maculans,	P.	fulva,	M.	grisea,	and	F.	

oxysporum	as	described	in	the	benchmarking	section	of	the	methods.	Protein	sequences	were	

extracted	from	the	predicted	gene	set	from	a	normal	CodingQuarry	run	(excluding	the	dubious	set).	

SignalP	(v.	4.1)	(208)	was	used	to	predict	the	secretome	from	each	of	these	sets.	The	predicted	gene	

set	was	then	provided	as	input	to	CodingQuarry-PM	with	the	predicted	location	of	signal	peptides,	

thus	using	the	“pathogen”	prediction	mode	described	in	the	previous	section.	Using	this	method,	

CodingQuarry-PM	attempts	to	predict	genes	from	sequences	designated	as	intergenic	in	the	results	

of	the	previous	prediction	run.	This	run	mode	of	using	CodingQuarry	followed	by	CodingQuarry-PM	

has	been	automated	in	a	script	supplied	in	the	latest	CodingQuarry	release.		

	

In	an	extended	assessment	of	CodingQuarry-PM,	publically	available	annotations	were	downloaded	

for	nine	pathogen	species	(Table	5)	and	gene	entries	describing	the	location	of	known	effectors	were	

removed	from	the	general	feature	format	(GFF)	files.	Translated	protein	sequences	were	extracted	

using	the	GFF	and	genome	sequence.	SignalP	(v.	4.1)	was	run,	and	the	predicted	location	of	signal	

peptides	was	recorded.	Annotations	(minus	known	effectors)	and	predicted	signal	peptide	locations	

were	input	to	CodingQuarry-PM,	and	predictions	made	in	regions	annotated	as	intergenic.		

	

In	assessing	the	success	of	CodingQuarry’s	pathogen	mode	of	prediction	the	success	of	

CodingQuarry	at	predicting	known	effectors	was	recorded	and	the	set	of	additional	predictions	was	

analysed.	The	protein	sequences	of	predictions	made	by	CodingQuarry’s	pathogen	mode	were	

extracted	and	searched	for	homology	against	NCBI’s	nr	(199)	using	blastp	(BLAST+	v.	2.2.31)	(209)	

and	those	with	hits	with	an	e-value	less	than	10-4	were	recorded.	While	this	is	a	low	stringency	e-

value	cut-off,	effectors	are	known	to	rapidly	diversify	meaning	homology	to	genes	in	other	species	if	

often	weak.	This	e-value	cut-off	has	been	previously	employed	in	searching	for	effector	homologues	

(95).	Hmmscan	(HMMER	3.1b2	(210))	was	used	to	search	CodingQuarry-PM	predicted	proteins	for	

homology	to	protein	family	(Pfam)	domains	using	the	Pfam	library	(v.	29.0	(96),	automatic	cut-off	

determined	using	the	parameter	–cut-ga).	Where	RNA-seq	data	was	used	(that	is,	for	P.	fulva,	M.	

grisea,	F.	oxysporum,	and	L.	maculans),	the	proportion	of	predicted	coding	sequence	with	RNA-seq	

read	coverage	was	recorded	using	BEDTools	(v.	2.17)	(211)	coverageBED.	Genes	with	>80%	coding	

sequence	coverage	by	RNA-seq	reads	were	considered	to	be	RNA-seq	supported.	

	

To	further	assess	the	success	of	CodingQuarry-PM	predictions,	protein	sets	where	searched	for	

homology	to	AntiFam	(212)	domains	and	Repbase	(213)	entries	that	may	be	indicative	of	false	

positive	predictions.	As	with	the	Pfam	domain	searches,	hmmscan	(HMMER	3.1b2	(210))	was	used	to	

search	CodingQuarry-PM	predicted	proteins	for	homology	to	AntiFam	domains	(part	of	Pfam	v.	29.0	

(96)	release,	automatic	cut-off	determined	using	the	parameter	–cut-ga).	Tblastn	(BLAST+	v.	2.2.31)	



65	
	

(209)	was	used	to	search	for	homology	between	CodingQuarry-PM	predictions	and	the	fungal	

portion	of	Repbase	(213)	(v.	21.01)	using	an	e-value	cut-off	of	10-4.	

4.5 Results	

4.5.1 Benchmarking	existing	gene	prediction	against	known	effectors	

The	success	of	each	of	the	gene	prediction	software	at	predicting	known	M.	oryzae,	P.	fulva,	L.	

maculans,	and	F.	oxysporum	effectors	is	displayed	in	Table	3.	Across	all	gene	prediction	methods	

(excluding	CodingQuarry-PM),	the	most	common	type	of	error	in	predicting	effectors	was	that	they	

were	completely	missed.	

	

Ab	initio	methods	tested	include	AUGUSTUS	(v.	3.2,	run	without	hints),	GeneMark-ES,	and	

GeneMark-ET	(v.	4.30).	GeneMark-ES	self-trains	without	any	data	additional	to	the	genome	

sequence,	whereas	GeneMark-ET	trains	with	the	aid	of	intron	locations	derived	from	RNA-seq	read	

to	genome	alignment,	but	the	gene	predictions	are	essentially	ab	initio.	AUGUSTUS	(v.	3.2)	was	run	

without	intron/exon	hints	(thus	ab	initio)	but	using	the	parameters	trained	with	the	BRAKER1	

pipeline,	which	leverages	RNA-seq	for	training	using	GeneMark-ET.	AUGUSTUS	(v.	3.2)	run	with	RNA-

seq	hints	(resulting	from	the	BRAKER1	pipeline)	are	discussed	later.	Strikingly,	13	out	of	32	(40%)	of	

the	tested	effector	genes	are	completely	missed	by	each	of	the	GeneMark	tools,	and	17	out	of	32	

(53%)	are	missed	by	AUGUSTUS	(v.	3.2).	A	completely	missed	gene	(that	is,	a	gene	mistaken	for	

intergenic	sequence)	was	the	most	common	mode	of	prediction	error.	Incorrect	intron	/	exon	

boundaries	were	only	seen	in	five	of	the	GeneMark	predictions	and	four	of	the	AUGUSTUS	

predictions.	Although	GeneMark-ET	used	RNA-seq	data	to	assist	in	training	and	has	been	

demonstrated	to	have	a	better	overall	accuracy	than	GeneMark-ES	(207),	no	differences	in	effector	

gene	prediction	success	were	noted	in	this	study	between	these	two	methods.		
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Table	3	Prediction	of	known	fungal	effector	genes	by	gene	prediction	software	

Species	 Isolate	 Genome	
reference	

Effector		 Size	
(aa)	

Introns	 Signal	peptide	
length	(aa)	

Cysteines	
(mature)	

%	cysteines	
(mature)	

CAI*	

Cuff.	

O
RF	

G
M
-

ES	

G
M
-

ET	

AU
G
.	

BRA.	

CQ
	

CQ
+D

	

CQ
-

PM
	

Fusarium	

oxysporum	f.	

sp.	lycopersici	

		

4287	 (60)	 Avr3(Six1)	 284	 1	 21	 8	 3.0	 0.77	 M	 M	 C	 C	 C	 C	 P	 P	 P	
	 	 Six2	 232	 1	 20	 8	 3.8	 0.78	 M	 M	 C	 C	 C	 C	 C	 C	 C	

	 	 SIX6	 215	 1	 16	 8	 4.0	 0.79	 M	 M	 P	 P	 P	 C	 P	 P	 P	

	 	 Six5	 119	 4	 17	 7	 6.9	 0.80	 M	 M	 C	 C	 M	 C	 C	 C	 C	
		 		 Avr2/SIX3	 163	 1	 19	 3	 2.1	 0.81	 C	 C	 P	 P	 P	 P	 P	 P	 P	

Leptosphaeria	

maculans	

v23.1.3	 (17)	 AvrLm4-7	 143	 2	 21	 8	 6.6	 0.70	 P	 P	 M	 M	 M	 M	 M	 M	 C	

	 	 AvrLm6	 144	 4	 20	 6	 4.8	 0.71	 M	 M	 M	 M	 M	 M	 M	 M	 C	

	 	 AvrLmJ1	 141	 1	 19	 7	 5.7	 0.73	 C	 C	 M	 M	 M	 M	 M	 M	 M	

	 	 AvrLm1	 205	 2	 22	 1	 0.5	 0.74	 P	 P	 P	 P	 M	 M	 P	 P	 P	
		 		 AvrLm2	 232	 1	 19	 8	 3.8	 0.76	 C	 C	 C	 C	 M	 M	 C	 C	 C	

Magnaporthe	

oryzae	

70-15	 (85)	 Avr-Pita	 224	 4	 17	 9	 4.3	 0.54	 M	 M	 M	 M	 M	 M	 M	 M	 M	

	 	 Avr-Pik	 113	 1	 21	 3	 3.3	 0.60	 M	 M	 M	 M	 M	 M	 M	 M	 M	

	 	 Pwl2	 145	 1	 21	 2	 1.6	 0.62	 M	 M	 M	 M	 M	 M	 M	 M	 C	

	 	 Pwl3	 138	 1	 21	 0	 0	 0.62	 M	 M	 C	 C	 C	 C	 C	 C	 C	

	 	 Bas1	 115	 1	 22	 0	 0	 0.63	 M	 M	 M	 M	 M	 M	 M	 M	 C	

	 	 Bas107	 132	 1	 19	 2	 1.8	 0.65	 M	 M	 C	 C	 C	 C	 C	 C	 C	

	 	 Avr-Piz-T	 108	 1	 18	 4	 4.5	 0.67	 M	 M	 M	 M	 M	 M	 M	 M	 C	

	 	 Bas4	 102	 1	 21	 8	 9.9	 0.73	 M	 M	 C	 C	 C	 C	 C	 C	 C	

	 	 Bas2	 102	 2	 19	 6	 7.2	 0.74	 C	 M	 C	 C	 C	 C	 C	 C	 C	

	 	 MC69	 54	 2	 17	 3	 8.1	 0.80	 C	 M	 C	 C	 M	 M	 C	 C	 C	

	 	 Bas3	 113	 3	 20	 10	 10.7	 0.82	 P	 P	 C	 C	 C	 C	 P	 P	 P	

	 	 Avr-Pi9	 91	 2	 18	 6	 8.2	 0.82	 C	 M	 C	 C	 P	 C	 C	 C	 C	
		 		 Slp1	 162	 2	 16	 6	 4.1	 0.93	 M	 M	 C	 C	 C	 C	 C	 C	 C	

Passalora	fulva	 CBS		 (22)	 Avr2	 78	 2	 20	 8	 13.8	 0.66	 C	 P	 M	 M	 M	 C	 M	 C	 C	
131901	 	 Arv5	 103	 5	 22	 10	 12.3	 0.69	 C	 C	 M	 M	 M	 C	 M	 C	 C	

	 	 Avr9	 63	 2	 23	 6	 15.0	 0.69	 C	 C	 M	 M	 M	 P	 M	 C	 C	

	 	 Ecp5	 115	 3	 19	 6	 6.2	 0.71	 C	 C	 M	 M	 M	 C	 M	 C	 C	

	 	 Avr4	 135	 1	 18	 8	 6.8	 0.75	 C	 C	 C	 C	 C	 C	 C	 C	 C	

	 	 Avr4E	 120	 1	 22	 6	 6.1	 0.78	 P	 M	 M	 M	 M	 M	 M	 M	 C	

	 	 Ecp2	 165	 2	 18	 4	 2.7	 0.78	 C	 C	 C	 C	 C	 C	 C	 C	 C	

	 	 Ecp4	 119	 2	 19	 6	 6.0	 0.84	 C	 C	 P	 P	 P	 C	 C	 C	 C	

	 	 Ecp6	 228	 3	 18	 9	 4.3	 0.85	 C	 C	 C	 C	 C	 C	 C	 C	 C	
		 		 Ecp1	 96	 3	 19	 2	 2.6	 0.89	 C	 C	 P	 P	 M	 M	 C	 C	 C	

Tested	prediction	methods	/	software	from	left	are:	Cufflinks	(v.	2.1.1)	assembled	transcripts	(Cuff.),	longest	ORF	from	within	an	assembled	transcript,	GenMark-ES	(GM-ES),	GeneMark-ET	v.	4.30	(GM-ET),	
AUGUSTUS	v.	3.2	ab	initio	(AUG.),	BRAKER1	v.	1.6	(BRA.),	CodingQuarry	v.	2.0	(CQ),	CodingQuarry	v.	2.0	including	secreted	dubious	predictions	(CQ+D),	CodingQuarry’s	v.	2.0	newly	described	pathogen	run	
method	(CQ-PM)	(see	methods	section	for	further	details).	Entries	in	red,	labelled	“M”	correspond	to	where	no	part	of	the	coding	sequence	of	the	effector	gene	is	predicted,	green	entries	labelled	“P”	where	a	
part	of	the	coding	sequence	is	predicted,	and	blue	entries	labelled	“C”	where	the	entire	coding	sequence	is	correctly	predicted	(see	Methods	for	further	details).	
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One	coding	sequence	prediction	method	reliant	on	transcript	assembly	is	where	an	open	reading	

frame	is	taken	from	the	transcript	sequence.	The	longest	open-reading	frame	from	each	Cufflinks	

transcript	was	annotated	to	assess	whether	this	is	a	successful	strategy	for	annotating	effectors	with	

possible	utility	where	effectors	are	not	predicted	by	other	gene	prediction	methods.	This	is	clearly	

highly	dependent	on	the	transcript	being	correctly	reconstructed.	Of	the	16	assembled	transcript	

sequences,	the	longest	ORF	within	the	transcript	corresponded	to	the	correct	effector	coding	

sequence	in	12	cases	(75%	success	rate).	In	3	cases	(Bas2,	MC69,	and	Avr-Pi9	of	M.	oryzae)	the	

longest	ORF	did	not	correspond	to	the	effector	coding	sequence,	and	the	effector	was	therefore	

missed	by	this	approach.	In	the	cases	of	Bas2	and	AvrPi9,	this	is	due	to	the	assembled	transcripts	

being	merged	to	with	the	adjacent	genes	due	to	overlapping	3’	and	5’	UTRs	—	a	common	problem	in	

fungal	transcript	reconstruction	and	gene	prediction	(198,214,215).	The	longest	ORF	therefore	

corresponds	to	one	of	the	adjacent	coding	sequences	in	each	case.	In	the	case	of	MC69,	the	

assembled	transcript	contains	a	larger	ORF	with	no	blast	hits	(to	NCBI’s	nr	database),	which	is	likely	

to	be	a	spurious	open	reading	frame	rather	than	a	coding	sequence.		

	

AUGUSTUS	(v.	3.2),	run	with	RNA-seq	hints	through	the	BRAKER1	pipeline,	shows	a	higher	success	

rate	at	predicting	effectors	than	where	it	was	run	without	RNA-seq	hints.	Of	the	17	cases	where	

effectors	are	missed	by	the	ab	initio	predictions	made	by	AUGUSTUS,	3	are	correctly	predicted	

through	the	use	of	hints.	A	further	2	effectors	which	were	partially	predicted	by	the	ab	initio	run	of	

AUGUSTUS	are	correctly	predicted	when	using	hints.	Prediction	improvement	at	a	particular	gene	

locus	by	using	AUGUSTUS	hints	relies	on	RNA-seq	data	at	that	specific	locus,	and	as	such	many	of	the	

effectors	that	are	not	well	supported	by	RNA-seq	do	not	benefit	from	this	method.	However,	from	

the	eight	effectors	that	are	missed	by	AUGUSTUS	ab	initio	and	have	strong	RNA-seq	support,	3	are	

correctly	predicted	and	one	partially	predicted	when	using	hints.	As	such,	where	an	effector	gene	

was	supported	by	RNA-seq	data,	using	the	hints	run	mode	of	AUGUSTUS	substantially	improve	the	

prediction	success	rate.	

	

The	existing	(published)	run	mode	of	CodingQuarry	uses	RNA-seq	data	to	train	and	incorporates	

predictions	made	directly	from	transcript	sequences	to	improve	the	accuracy	of	intron/exon	

boundaries	and	prevent	false	joining	of	adjacent	coding	sequences.	The	standard	CodingQuarry	(v.	

2.0)	run	missed	13	effectors,	which	equates	to	40%	of	the	tested	effectors.	With	the	incorporation	of	

RNA-seq	supported	genes	from	CodingQuarry’s	dubious	set,	the	number	of	missed	effectors	

dropped	by	4.	Of	4	effectors	missed	by	CodingQuarry	that	have	a	correctly	reconstructed	RNA-seq	

transcript,	all	4	are	captured	in	CodingQuarry’s	dubious	set.	The	full	set	of	these	dubious	predictions	

is	large	and	likely	to	contain	many	false	positive	predictions,	although	the	subset	of	these	predictions	

that	are	also	predicted	to	be	secreted	is	typically	small	and	is	reasonable	to	include	in	downstream	

analysis.	For	example,	the	“dubious”	set	of	predictions	on	P.	fulva	contains	1,322	predictions,	

however	just	37	of	these	are	predicted	to	be	secreted	4	of	which	are	known	effectors.	As	with	
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AUGUSTUS	hints	predictions,	these	predictions	made	by	CodingQuarry	are	heavily	reliant	on	RNA-

seq	support	at	effector	loci.	In	the	case	of	CodingQuarry’s	“dubious”	predictions,	the	gene	must	have	

a	complete	assembled	transcript	to	be	predicted.	

	

Consistent	with	expectations	that	atypical	codon	usage	may	affect	the	success	of	gene	prediction	on	

effector	genes,	several	of	the	lower	CAI	effector	(CAI	assessed	with	respect	to	coding	sequence	

annotations	≥	600	nucleotides	long)	such	as	M.	oryzae	effectors	Avr-Pita,	Avr-Pik,	and	Pwl2	were	

consistently	missed	by	gene	predictors.	There	were	also	some	examples	of	very	high-cysteine	

effectors	being	problematic	for	gene	predictors,	such	as	P.	fulva	effectors	Avr5,	Avr9,	and	Avr2	that	

are	each	over	10%	cysteine.	In	some	effectors,	the	signal	peptide	accounts	for	a	high	proportion	of	

the	overall	coding	sequence,	meaning	it	has	a	strong	impact	on	the	overall	amino	acid	composition	

of	the	coding	sequence.	This	is	most	extreme	in	P.	fulva’s	Avr9,	where	the	predicted	signal	peptide	

accounts	for	36%	of	the	full	protein	length.		

	

We	note	a	strong	reliance	on	RNA-seq	in	predicting	effector	genes.	Out	of	the	sixteen	tested	effector	

genes	that	have	a	correctly	assembled	Cufflinks	transcript,	which	can	be	viewed	as	evidence	of	

strong	RNA-seq	support,	all	sixteen	are	correctly	predicted	by	at	least	one	of	the	discussed	methods.	

This	is	very	positive	when	considering	that	annotations	are	often	arrived	as	through	a	combination	of	

different	prediction	strategies.	Conversely,	of	the	16	effectors	with	partial	or	no	RNA-seq	support,	

only	7	—	less	than	half	—	are	correctly	predicted	by	at	least	one	prediction	method.	This	result	

excludes	CodingQuarry’s	newly	presented	“pathogen”	mode,	which	is	discussed	in	the	next	section.		

4.5.2 CodingQuarry’s	pathogen	mode	–	CodingQuarry-PM	

CodingQuarry’s	newly	presented	“pathogen”	prediction	mode	was	run	as	a	subsequent	step	to	a	

normal	CodingQuarry	run	to	attempt	to	predicted	missed	effector-like	genes.	The	success	of	

CodingQuarry-PM	(v.	2.0)	at	predicting	known	effectors	when	run	subsequent	to	CodingQuarry	and	

using	RNA-seq	data	has	been	recorded	in	the	final	column	of	Table	3.	As	this	method	does	not	aim	to	

correct	existing	predictions,	the	5	partially	correct	effector	gene	predictions	made	by	the	standard	

CodingQuarry	run	mode	remain	unchanged.	However,	using	this	method	greatly	increased	the	

success	rate	of	effector	prediction	by	predicting	genes	that	are	otherwise	missed.	Of	the	32	effectors	

tested,	24	were	correctly	predicted	and	just	3	were	missed	by	CodingQuarry-PM.	This	number	is	low	

when	compared	to	the	9	effectors	missed	by	CodingQuarry	with	“dubious”	set	predictions	and	the	

13	effectors	missed	by	BRAKER1	(v.	1.6)	and	the	standard	CodingQuarry.		

	

A	summary	of	the	additional	predictions	made	by	CodingQuarry-PM	following	a	standard	RNA-seq	

driven	CodingQuarry	run	is	shown	in	Table	4.	The	number	of	predictions	unique	to	CodingQuarry-

PM,	that	is,	not	overlapping	predictions	made	by	any	of	the	other	gene	prediction	tools,	ranged	from	

155	(P.	fulva)	up	to	249	(M.	oryzae).	Where	CodingQuarry-PM	predictions	agreed	with	predictions	
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made	by	another	method,	this	agreement	lends	support	to	the	gene	model	being	correct.	On	the	

other	hand,	gene	models	unique	to	CodingQuarry-PM	are	valuable	in	that	these	may	be	genuine	

genes	that	are	not	predicted	by	other	methods.	RNA-seq	and	homology	support	of	such	unique	

genes	lends	support	to	them	being	genuine	coding	sequence	predictions	rather	than	false	positives.	

CQ-PM	L.	maculans	predictions	had	the	highest	rate	of	RNA-seq	support,	with	84%	supported	by	

RNA-seq	data.	P.	fulva	predictions	had	the	next	highest	level	of	RNA-seq	support	with	70%	of	CQ-PM	

predictions	RNA-seq	supported.	Lower	levels	of	RNA-seq	support	were	seen	among	the	M.	oryzae	

and	F.	oxysporum	CQ-PM	predictions,	at	47%	and	35%	respectively.	For	each	species,	the	majority	of	

uniquely	CodingQuarry-PM	predictions	were	supported	by	RNA-seq	or	homology	evidence	(Figure	4	

and	Table	4).	The	number	of	predicted	genes	unique	to	CodingQuarry-PM	and	with	no	homology	or	

RNA-seq	support	was	low,	at	34,	9,	24,	and	8	for	P.	fulva,	L.	maculans,	M.	oryzae,	and	F.	oxysporum	

respectively.	None	of	the	CodingQuarry-PM	predictions	had	homology	to	AntiFam	domains,	

supporting	the	predicted	genes	are	genuine	coding	sequences.	The	number	of	predictions	showing	

homology	to	Repbase	was	also	low,	with	the	highest	number	(of	11)	seen	in	M.	oryzae,	one	in	L.	

maculans	and	F.	oxysporum,	and	none	seen	in	P.	fulva.	Weak	homology	to	a	Repbase	entry	does	not	

necessarily	indicate	that	a	predicted	gene	is	a	false	positive	prediction,	however	the	low	numbers	

seen	in	this	category	are	consistent	with	CodingQuarry-PM	predictions	being	genuine	coding	

sequences.	

	

CodingQuarry-PM	(v.	2.0)	was	then	used	to	predict	genes	from	the	intergenic	regions	of	9	

phytopathogen	species	with	publically	available	genome	sequences	and	annotations.	Known	

effectors	were	removed	from	the	annotations,	and	the	ability	of	CodingQuarry-PM	to	ab	initio	

predict	effectors	was	compared	to	the	standard	CodingQuarry	ab	initio	run	mode.	Of	the	44	known	

effectors	tested,	16	are	missed	by	CodingQuarry’s	standard	ab	initio	mode,	compared	to	just	4	

missed	by	CodingQuarry-PM.	Two	effectors	that	are	partially	predicted	by	CodingQuarry	are	

correctly	predicted	by	CodingQuarry-PM.		

	

CodingQuarry-PM	makes	a	great	improvement	to	the	ab	initio	predict	effectors	(Table	5),	yet	we	see	

that	some	errors	still	prevail.	Some	of	these	are	due	to	inherent	inaccuracies	in	HMM	gene	

prediction.	For	example,	the	exon	boundaries	of	SnToxA	are	incorrectly	predicted	by	both	methods	

due	to	it	containing	an	intron	with	a	non-canonical	splice	site.	The	L.	maculans	effector	AvrLm1	has	

an	intron	after	the	first	nucleotide	of	the	starting	methionine	(that	is,	splitting	the	ATG)	making	it	an	

impossible	ab	initio	prediction	for	CodingQuarry	(and	many	other	gene	predictors)	as	the	ATG	start	is	

modelled	as	a	single	state.	The	prediction	from	transcript	sequence	strategy	employed	by	

CodingQuarry	(198)	and	also	used	by	CodingQuarry-PM	may	reduce	such	inaccuracies	at	RNA-seq	

supported	loci.	Some	effectors	are	still	missed	despite	the	targeted	efforts	to	correctly	predict	them,	

although	the	number	of	these	is	greatly	reduced.		
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Table	4	A	summary	of	additional	genes	predicted	by	CodingQuarry-PM,	run	subsequent	to	the	standard	CodingQuarry	RNA-seq	driven	prediction	mode.	

Species	 Isolate	 No.	of	
additional	
predictions	

No.	predicted	to	be	
secreted	(SignalP	v.	
4.1)		

Average	
length	(aa)	

Average	number	
of	cysteines	per	
gene	

No.	of	unique	
predictions	

No.	with	
blast	hit	to	
NCBI’s	nr	
(evalue	10-4)	

No.	with	
RNA-seq	
support	

No.	with	
Pfam	
domain	

No.	with	
AntiFam	
domain	

No.	with	
homology	to	
Repbase	entry		
(evalue	10-4)	

P.	fulva	 CBS	131901	 267	 176	 124	 6.7	 155	 111	 191	 21	 0	 0	
L.	maculans	 v23.1.3	 283	 161	 110	 4.6	 172	 177	 238	 35	 0	 1	
M.	oryzae	 70-15	 290	 194	 103	 4.3	 246	 204	 137	 13	 0	 11	
F.	oxysporum	 4287	 306	 149	 153	 6.4	 103	 268	 108	 37	 0	 1	

	

	
Figure	4	Venn	diagrams	summarising	the	gene	predictions	made	by	CodingQuarry’s	pathogen	mode	(CodingQuarry-PM,	part	of	v.	2.0	of	CodingQuarry).
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Table	5	Ab	initio	prediction	of	effectors	by	CodingQuarry	and	CodingQuarry-PM	(v.	2.0)	

Species	 Isolate	 Genome	

reference	

Effector	 CQ	(ab	initio)	 CQ-PM	(ab	initio)	

Ustilago	maydis	 521	 (216)	 Tin2	 P	 C	
	 	 Cmu1	 C	 C	
	 	 Pit2	 P	 C	
	 	 Pep1	 C	 C	
	 	 See1	 C	 C	

Parastagonospora	nodorum	 SN15	 (8)	 SnTox1	 M	 C	
	 	 	 SnTox3	 C	 C	
		 		 	 SnToxA	 P	 P	
Verticillium	dahliae	 VdLs.17	 (116)	 Vdlsc1	 C	 C	
Ustilago	hordei	 Uh4857-4	 (217)	 UhAvr1	 M	 C	
Magnaporthe	oryzae	 70-15	 (85)	 Bas1	 M	 C	
	 	 	 Bas2	 C	 C	
	 	 	 Bas3	 C	 C	
	 	 	 Bas4	 C	 C	
	 	 	 Bas107	 C	 C	
	 	 	 MC69	 C	 C	
	 	 	 AvrPi9	 C	 C	
	 	 	 AvrPiz-t	 M	 C	
	 	 	 AVR-Pik	 M	 C	
	 	 	 AVR-Pita	 M	 M	
	 	 	 Pwl2	 M	 C	
	 	 	 Pwl3	 C	 C	
		 		 	 slp1	 M	 M	
Passalora	fulva	 CBS	131901	 (22)	 Avr2	 M	 C	
	 	 	 Arv5	 M	 C	
	 	 	 Avr9	 M	 M	
	 	 	 Ecp5	 M	 P	
	 	 	 Avr4	 C	 C	
	 	 	 Avr4E	 M	 C	
	 	 	 Ecp2	 C	 C	
	 	 	 Ecp4	 P	 P	
	 	 	 Ecp6	 M	 M	
	 		 	 Ecp1	 P	 C	
Leptosphaeria	maculans	

	

v23.1.3	 (17)	 AvrLm4-7	 M	 C	
	 	 	 AvrLm6	 M	 C	
	

	

	 	 AvrLmJ1	 P	 P	
	 	 	 AvrLm1	 P	 P	
	 		 	 AvrLm2	 C	 C	
Fusarium	oxysporum	f.	sp.	

lycopersici	

Pyrenophora	tritici-repentis	

4287	 (218)	 Avr2/SIX3	 C	 C	
	 	 Avr3(Six1)	 C	 C	
	 	 Six2	 C	 C	

	 	 	 SIX6	 C	 C	
	 	 	 Six5	 C	 C	
Pyrenophora	tritici-repentis	 BFP-ToxAC	 (12)	 ToxA	 P	 P	
	

The	full	set	of	genes	predicted	by	CodingQuarry-PM	for	each	species	is	shown	in	Table	6.	The	

number	of	CodingQuarry-PM	predicted	genes	varied	greatly	from	species	to	species	–	from	61	

additional	genes	(U.	hordei)	up	to	726	genes	(F.	oxysporum	f.	sp.	lycopersici).	This	differs	to	the	

results	from	the	use	of	CodingQuarry-PM	following	the	RNA-seq	driven	run	of	CodingQuarry,	where	

the	number	of	genes	predicted	is	less	variable	across	species.	This	is	likely	due	to	the	annotations	

used	for	training	being	derived	from	different	methods.	This	influences	the	quality	of	gene	model	

training	that	CodingQuarry	can	achieve.	Furthermore,	the	stringency	of	the	original	annotation	

affects	the	number	of	genes	that	remain	unannotated	and	have	the	potential	to	be	predicted	by	

CodingQuarry-PM.	
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Not	all	CodingQuarry-PM	predictions	are	predicted	to	be	secreted	by	subsequent	analysis.	This	is	as	

to	be	expected,	as	the	model	used	does	not	require	predictions	to	be	secreted,	but	rather	favours	

their	prediction.	In	seven	of	the	ten	species,	more	than	a	third	of	the	CodingQuarry-PM	predicted	

proteins	were	also	predicted	to	be	secreted	(by	SignalP	v.	4.1).	The	highest	proportion	of	

CodingQuarry-PM	predicted	genes	predicted	to	be	secreted	was	seen	in	P.	fulva	at	66%.	P.	fulva	

predictions	also	had	the	highest	average	cysteine	content,	at	6%.	

	

As	in	the	RNA-seq	driven	CodingQuarry-PM	results,	none	of	the	CodingQuarry-PM	predictions	

showed	homology	to	AntiFam,	and	numbers	of	predicted	genes	with	homology	to	Repbase	entries	

was	generally	low.	Excepting	P.	tritici-repentis,	in	which	21.9%	of	CodingQuarry-PM	predictions	had	

homology	to	Repbase,	the	proportion	of	CodingQuarry-PM	predictions	with	homology	to	a	Repbase	

entry	was	less	than	10%.	These	results	support	that	the	majority	of	CodingQuarry-PM	predictions	are	

genuine	coding	sequences.	P.	fulva,	M.	oryzae,	L.	maculans,	and	F.	oxysporum	predictions	with	

homology	to	Repbase	while	infrequent,	where	more	common	than	when	CodingQuarry-PM	was	run	

as	an	RNA-seq	driven	predictor	following	CodingQuarry.	This	may	be	due	to	the	RNA-seq	driven	

version	of	CodingQuarry	being	able	to	establish	a	higher	quality	training	set	than	is	achieved	by	

training	from	publically	available	annotations.	P.	nodorum	has	a	very	high	quality	annotation	—	the	

result	of	manual	curation	incorporating	RNA-seq	and	proteomics	evidence	(10)	—	and	less	than	0.5%	

of	CodingQuarry-PM	predictions	that	trained	on	this	annotation	show	homology	to	a	Repbase	entry.		

	

In	all	cases	excepting	L.	maculans,	over	50%	of	the	CodingQuarry-PM	predictions	had	homology	to	a	

sequence	record	in	GenBank’s	nr	protein	database	(e-value	<	10-4)	(Table	6).	This	is	a	good	indicator	

that	the	CodingQuarry-PM	prediction	set	contains	genuine	genes,	rather	than	being	false	positive	

predictions	of	non-coding	open-reading	frames.	Nineteen	per	cent	of	L.	maculans	CodingQuarry-PM	

predicted	proteins	were	supported	by	a	blast	hit	—	the	lowest	of	all	the	species	—	but	L.	maculans	

had	the	highest	proportion	of	Pfam	domain	supported	proteins	at	44%.	The	presence	of	putative	

proteins	with	homology	to	Pfam	domains	also	supports	that	these	may	be	genuine	proteins.	Of	

particular	interest	to	effector	prediction,	7	chitin	recognition	Pfam	domain	containing	proteins	were	

identified	in	P.	nodorum,	all	of	which	were	predicted	to	be	secreted.	A	chitin	recognition	protein	

domain	was	also	identified	in	a	predicted	protein	from	each	of	L.	maculans,	V.	dahliae,	P.	fulva,	and	

P.	tritici-repentis.	Chitin	binding	has	been	associated	with	some	effectors	that	function	primarily	to	

inhibit	plant	recognition	of	PAMPs	(33,219).	Two	LysM	domain	proteins	were	identified	amongst	F.	

oxysporum	f.	sp.	lycopersici	predictions,	as	well	as	one	LysM	domain	protein	within	P.	tritici-repentis.	

LysM	domains	have	been	found	within	some	known	effectors	(33,220).	
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Table	6	CodingQuarry-PM	(v.	2.0)	predictions	made	in	intergenic	regions	of	publically	available,	annotated	phytopathogen	genomes	

Species	 Isolate	 No.	of	additional	

predictions	

No.	predicted	to	

be	secreted	

Average	length	

(aa)	

Average	number	

of	cysteines	per	

gene	

No.	with	blast	hit	

to	NCBI’s	nr	

(evalue	10-4)	

No.	with	Pfam	

domain	

No.	with	AntiFam	

domain	

No.	with	

homology	to	

Repbase	entry	

(evalue	10-4)	

U.	maydis	 521	 234	 41	 359	 4.2	 187	 93	 0	 1	

P.	nodorum	 SN15	 288	 130	 221	 6.0	 250	 69	 0	 1	

V.	dahliae	 VdLs.17	 156	 58	 175	 4.5	 118	 28	 0	 12	

U.	hordei	 Uh4857-4	 61	 8	 179	 3.4	 36	 12	 0	 3	

M.	oryzae	 70-15	 304	 133	 229	 4.6	 243	 82	 0	 22	

P.	fulva	 CBS	131901	 198	 128	 151	 7.6	 105	 33	 0	 13	

L.	maculans	 v23.1.3	 209	 72	 331	 5.8	 39	 93	 0	 0	

F.	oxysporum	f.	

sp.	lycopersici	

4287	 726	 248	 236	 5.3	 670	 205	 0	 19	

P.	tritici-repentis	 BFP-ToxAC	 333	 126	 319	 6.5	 251	 107	 0	 73	
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4.6 Discussion	

In	testing	existing	gene	prediction	software	at	predicting	known	effectors,	a	high	proportion	of	

known	effectors	were	shown	to	be	missed	by	gene	prediction	software.	This	accuracy	is	well	below	

the	genome	wide	accuracy	of	gene	prediction	(132,198).	The	failure	of	prediction	methods	at	

predicting	most	effectors	indicates	that	parameters	that	are	successfully	able	to	predict	the	majority	

of	genes	may	match	effectors	poorly.	Effectors	were	predicted	better	where	loci	were	RNA-seq	

supported,	with	BRAKER1	and	CodingQuarry	(including	“dubious”	set	predictions)	performing	better	

at	these	loci.	

	

We	demonstrate	a	novel	method	for	predicting	effector-like	genes	(CodingQuarry-PM),	whereby	

most	effectors	are	successfully	predicted	ab	initio	or	using	RNA-seq	through	the	use	of	parameters	

suited	to	secreted,	cysteine-rich,	low	CAI	sequences.	This	mode	can	be	used	to	mine	“intergenic”	

genome	regions	for	putative	genes	either	after	standard	CodingQuarry	prediction	or	to	supplement	

an	existing	annotation	from	another	source.	The	utility	of	this	novel	prediction	method	is	reliant	on	it	

making	useful	predictions	beyond	known	effectors.	For	example,	predicting	thousands	of	false	

positive	genes	may	result	in	the	correct	prediction	of	effectors,	but	these	predictions	are	less	useful	

if	there	are	is	a	surplus	of	false	positive	predictions.	The	predictions	made	by	CodingQuarry-PM	

showed	a	significant	proportion	had	homology	to	on	or	more	proteins	in	NCBI’s	nr.		

	

In	this	study,	the	issue	of	missed	genes	was	addressed,	rather	than	attempting	to	correct	gene	

models	that	are	incorrectly	predicted.	As	such,	errors	in	either	the	externally	derived	annotations	or	

the	primary	run	of	CodingQuarry	will	not	be	resolved	by	using	CodingQuarry-PM.	In	some	cases,	

CodingQuarry-PM	makes	a	correct	prediction	where	CodingQuarry	predicts	a	gene	partially	(U.	

maydis	effectors	Tin2	and	Pit2).	A	method	for	selecting	the	correct	model	could	address	in	future	

research.	Even	so	when	predicting	genes,	a	background	level	of	ab	initio	errors	are	inevitable	using	

even	the	most	accurate	methods.	

	

RNA	sequencing	has	become	commonplace	to	assist	in	gene	prediction,	the	importance	of	which	is	

emphasized	by	results	showing	improved	effector	prediction	at	RNA-seq	supported	loci.	Ever	

lowering	sequencing	costs	mean	there	are	fewer	barriers	to	the	acquisition	of	this	data,	although	in	

pathogen	population	studies,	RNA-seq	is	not	always	gathered	for	non-reference	isolates,	and	ab	

initio	prediction	is	relied	upon	for	non-reference	isolates.	Based	on	the	results	presented	in	this	

study,	CodingQuarry-PM	greatly	improves	the	chances	of	predicting	novel	effectors	in	these	isolates.	

Given	the	low	cost	of	RNA-seq	data,	we	recommend	that	when	genome	sequencing	non-reference	

pathogen	isolates	RNA-seq	is	likely	to	be	highly	beneficial	in	locating	novel	effectors.	Even	so,	it	is	

possible	that	important	pathogenicity	genes	such	as	effectors	may	not	be	expressed	under	the	

conditions	used	for	RNA	sequencing.	CQ-PM	predictions	showed	the	highest	rate	of	RNA-seq	support	
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in	L.	maculans	(84%	of	predictions).	L.	maculans	was	also	the	only	pathogen	tested	that	had	RNA-seq	

libraries	specified	as	from	in	planta	experiments.	This	result	supports	the	importance	of	in	planta	

RNA-seq	in	capturing	the	expression	of	pathogenicity	related	genes.	Sequencing	cost	can	be	a	

limiting	factor	in	deciding	the	number	of	infection	time-points	to	sample,	and	even	in	planta	RNA-

seq	experiments	may	miss	the	expression	of	some	effectors.	Furthermore,	at	early	stages	of	

infection	it	can	be	difficult	to	obtain	sufficient	sequencing	coverage	of	fungal	mRNAs,	which	are	

drowned	out	by	high	levels	of	plant-derived	mRNAs.	These	experimental	and	practical	issues	

highlight	the	importance	of	being	able	to	make	ab	initio	predictions.	

	

Another	useful	type	of	data	in	gene	discovery	is	proteomic	data,	which	is	aligned	to	a	reference	

library	of	protein	sequences	thus	providing	evidence	of	translation.	This	relies	on	the	reference	

library	containing	the	protein	sequence	evidenced	in	the	mass	spectrometry	data.	For	the	discovery	

of	novel	genes,	a	6-frame	translation	of	the	genome	can	be	used.	A	limitation	of	this	is	that	it	

increases	the	likelihood	of	spurious	hits	and	that	peptide	alignments	across	intron	boundaries	will	be	

missed.	Providing	a	6-frame	transcriptome	translation	can	be	an	improvement	on	this,	but	this	relies	

on	the	locus	of	interest	being	correctly	reconstructed.	CodingQuarry-PM	can	now	be	used	to	

supplement	protein	libraries	to	be	used	for	proteomics.	This	is	likely	to	be	useful	were	secreted	or	

effector	active	protein	fractions	are	sent	for	proteomic	analysis.	Furthermore,	the	use	of	proteomic	

data	may	assist	in	the	experimental	validation	of	CodingQuarry-PM	predictions.	

	

The	prediction	of	effectors	is	a	common	research	goal	in	the	study	of	pathogens	and	of	sufficient	

importance	to	industry	to	warrant	special	attention.	Numerous	studies	have	looked	at	addressing	

the	problem	of	selecting	effector	candidates	from	larger	lists	of	proteins	(9,87–90,221).	More	

recently,	other	bioinformatic	processes	that	affect	effector	prediction	accuracy,	such	as	secretion	

prediction	and	assembly,	have	been	recognised	as	important	to	overall	effector	prediction	accuracy	

(113,222).	This	study	is	—	to	our	knowledge	—	the	first	report	of	a	gene	prediction	software	tool	

targeted	to	the	prediction	of	effector-like	gene	loci	from	genome	sequence.	CodingQuarry-PM	is	

therefore	useful	in	the	study	of	phytopathogens,	where	effector-like	small,	secreted,	cysteine-rich	

proteins	are	of	paramount	importance	to	downstream	analysis.	
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a b s t r a c t

Zymoseptoria tritici (syn. Mycosphaerella graminicola, Septoria tritici) is a haploid fungus belonging to the
class Dothideomycetes. It is the causal agent of septoria leaf blotch – one of the world’s most significant
diseases of wheat. Here we review the genomic and bioinformatic resources that have been generated for
Z. tritici. These include the whole-genome reference assembly for isolate IPO323, genome resequencing of
alternate isolates, mitochondrial genome sequences, transcriptome sequences and expression data, and
annotations of gene structure and function. We also highlight important advances in our fundamental
knowledge of genome evolution and its effects on adaptation and pathogenicity in Z. tritici that have been
facilitated by these resources.

! 2015 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. The nuclear genome

An early landmark paper studied the electrophoretic karyotype
of 7 isolates of Z. tritici, which estimated 14–16 chromosomes
ranging from 330 kb to 3.5 Mb (McDonald and Martinez, 1991).
Chromosome length and number polymorphisms were also
observed between isolates, with chromosome presence/absence
variation (PAV) observed exclusively for the two shortest chromo-
some bands. Subsequent generation of a genetic map from a cross
between parent isolates IPO323 and IPO94269 predicted a higher
number of chromosomes at 23 linkage groups (Kema et al.,
2002). Further analysis of this mapping population revealed that
at least 8 of the smaller linkage groups – corresponding to 8 dis-
pensable chromosomes ranging from 0.39 to 0.77 Mb – were not
required for saprophytic growth i.e. were dispensable or accessory
chromosomes (ACs) (Wittenberg et al., 2009). The distinction
between core chromosomes (CCs) and ACs was an important mile-
stone for Z. tritici genomics.

Z. tritici was the first species of the Dothideomycetes – a fungal
class of high agricultural significance (Hane et al., 2011b; Ohm
et al., 2012) – to have had the genome of a representative isolate
(IPO323) (Kema and van Silfhout, 1997) sequenced beyond the
typical ‘draft genome’ status, achieving near complete

chromosome sequences spanning from telomere to telomere
(Goodwin et al., 2011) (Table 1). The IPO323 reference genome
assembly is 39.69 Mb in length, representing 21 chromosomes.
At least half of the genome is contained within the six largest
assembled sequences (that is, an N50 of 6), with the sixth largest
sequence having a length of 2.67 Mb. Its chromosomes have been
designated into CCs and ACs, numbered 1–13 and 14–21
respectively.

In addition to chromosomal polymorphisms across the ACs, the
Z. tritici genome has also been observed to exhibit at least two
other forms of genomic plasticity. The repetitive content of the
IPO323 genome reference is 12.26% (Ohm et al., 2012) and its
repeats exhibit the hallmarks of repeat-induced point mutation
(RIP) (Goodwin et al., 2011) – a fungal specific type of mutation
that targets repetitive DNA and randomly converts cytosine to thy-
mine bases (Hane and Oliver, 2008, 2010; Hane et al., 2015). In
comparisons of whole-genome sequences across species belonging
to the sub-phylum Pezizomycotina, the Z. tritici genome also exhi-
bits a typical ‘‘mesosyntenic’’ conservation pattern, that is, the rel-
ative order and orientation of genes are reshuffled within
homologous chromosomes due to frequent intra-chromosomal
recombinations (Croll et al., 2013; Hane et al., 2011a). The
combined effects of AC variability, mesosynteny and RIP may have
significant implications for genome evolution and pathogenicity in
Z. tritici.

Due to the completeness of its genome assembly, Z. tritici
IPO323 has been a key point of reference in several comparative
genomics studies, particularly across the Dothideomycetes (Hane
et al., 2011b; Morais do Amaral et al., 2012; Ohm et al., 2012).
Observations of mesosynteny made from genome sequence
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alignments of different fungal species with Z. tritici can also be
applied to fungal genome finishing. Whole-genome alignments of
draft assemblies of other Pezizomycotina species with the Z. tritici
IPO323 reference assembly have previously been used to predict
the co-location of scaffolds on the same chromosome (i.e. synteny)
(Goodwin et al., 2011). Significant insight has also been gleaned
within the species Z. tritici itself through comparisons of alternate
isolates, revealing differential selection pressures between CCs and
ACs (Stukenbrock et al., 2010) and highlighting isolate-specific pat-
terns of chromosome presence and absence (Goodwin et al., 2011;
Croll et al., 2013) (see also McDonald et al., 1991).

2. The mitochondrial genome

The mitochondrial genomes (mtDNA) of two Z. tritici isolates,
the reference isolate IPO323 and strain STBB1 (Table 1), have been
sequenced in full (Torriani et al., 2008). The Z. tritici mtDNA
[Nucleotide: EU090238] is 43,960 bp in length, indicating that it
has been relatively untouched by invading intronic endonucleases
(as compared with Leptosphaeria maculans and Pyrenophora tritici-
repentis) (Manning et al., 2013; Rouxel et al., 2011). The mtDNA
contains 15 protein-coding genes, large and small ribosomal sub-
units, 27 tRNAs and 8 unknown open-reading frames. Protein-cod-
ing genes residing on the mtDNA include atp6, atp8, atp9, cox1-3,
cytb, nad1-6, nad4L and RNA-Pol. The presence and relative order
of these genes is not highly conserved with closely related species
of the Dothideomycetes (Aguileta et al., 2014; Hane et al., 2011b).
However within the species Z. tritici across multiple isolates there
was relatively little sequence variability (Zhan et al., 2003).
Polymorphic sequences were identified between the mtDNA of
the two sequenced isolates and used to generate markers for PCR
screening across numerous isolates – an important genomic
resource for studying the emergence and distribution of fungicide
resistance. The mtDNA sequence data has also been a useful tool
for tracking the history of the co-evolution of Z. tritici and its wheat
host (Torriani et al., 2011; Zhan et al., 2004).

3. Gene function

Annotations of gene structure and function for Z. tritici IPO323
(Goodwin et al., 2011) are downloadable from JGI Mycocosm
(Grigoriev et al., 2013) and EnsemblFungi (Kersey et al., 2014)
(Table 1). As part of the initial genome survey study, potential
carbohydrate-active enzymes (CAZymes) encoded by the gene con-
tent of Z. tritici were annotated, highlighting a distinctive reduction
in cellulose and other cell-wall degrading enzymes relative to
other plant pathogens (Goodwin et al., 2011). This observation
supported a model of ‘‘stealth pathogenesis’’ for Z. tritici, in which
CAZyme activity is reduced – with a compensatory shift toward
protein degradation (Goodwin et al., 2011) – in conjunction with
other adaptations for avoidance of triggering host-defenses (Lee
et al., 2014). Morais do Amarai et al. subsequently used the gene
annotations generated by Goodwin et al. to bioinformatically pre-
dict genes encoding secreted proteins and assign additional func-
tional annotations. The predicted secretome (Morais do Amaral
et al., 2012) comprises 492 proteins, with 321 possessing some
level of functional annotation and 171 with no functional
annotation.

4. Gene expression

An early transcriptome resource for Z. tritici was generated by
Kema et al., comprising Expressed Sequence Tag (EST) libraries
for IPO323 from 7 in vitro and 3 in planta growth conditions
(Kema et al., 2008) (Table 1). Limitations around capture of fungal

transcripts in mixed plant samples were overcome by purifying via
hybridisation against IPO323 genomic DNA. A total of 27,007 ESTs
were clustered into 9190 unigene loci, totaling 5.2 Mb. Though a
comparable number of ESTs were typically sequenced in similar
fungal genomics studies of the day, a very high representation of
loci was achieved due to the high number of libraries from diverse
growth conditions.

Recently, high-coverage whole-transcriptome expression data
for the Z. tritici-wheat interaction has been facilitated by next-gen-
eration sequencing (RNA-Seq) (Table 1). Yang et al. have generated
18 Gbp of raw RNA-Seq data, comparing expression across the
infection and necrotrophic growth stages of Z. tritici at 4, 10 and
13 days post-infection (dpi), as well as the corresponding host
responses in Triticum aestivum [BioProject: 196595] (Yang et al.,
2013). This study expanded upon the predicted secretome of
Morais do Amarai et al., highlighting 313 genes of IPO323 that
were highly expressed during early and late infection. A second
RNA-Seq study by Kellner et al., generating 117.8 Gbp of RNA-
Seq data, followed up with an in-depth comparison of Z. tritici
expression during infection of two hosts: T. aestivum and
Brachypodium distachyon [NCBI GEO: GSE54874] (Kellner et al.,
2014). Differential expression patterns were observed across core
and accessory chromosomes of Z. tritici. Kellner et al. observed no
host-specific gene expression on accessory chromosomes during
early infection and 25 wheat-specific genes during late infection
(13 dpi). Notably, neither study had used the wealth of exon struc-
ture information afforded by RNA-Seq to re-annotate the initial set
of gene predictions presented by Goodwin et al. (2011) (which
relied heavily on in silico gene predictions supplemented with lim-
ited EST and homology supporting data). Consequently, despite
considerable accumulation of knowledge of conditional gene-
expression, a reasonable level of error in the prediction of gene loci,
their exon structure and their translated sequences has persisted in
the gene-based datasets of Z. tritici for a few years. However, RNA-
seq data generated in a recent transcriptome study (Rudd et al.,
2015) has been used in-house by the same research group to
improve the accuracy of gene annotations in Z. tritici (annotations
available from EnsemblFungi) (Kersey et al., 2014). The study itself
by Rudd et al. has provided further insight into the wheat-Z. tritici
interaction. RNA-Seq was used to profile expression at five infec-
tion time points (symptomless growth: 1 and 4 dpi; host-cell
death: 9 and 14 dpi; and asexual sporulation: 21 dpi), detecting
expression of at least 80% of predicted loci and identifying >3000
Z. tritici genes and >7000 wheat genes as differentially expressed
during infection. Variation in the contribution of chromosomes to
changes in expression was observed, with CCs exhibiting the high-
est overall and most significant changes in expression. Conversely
ACs exhibited minimal gene expression and few differentially
expressed genes. Genes encoding candidate effector proteins were
found to be up-regulated in planta and expression data was used
provide additional supporting evidence for the ‘‘top’’ candidates.
Incorporating the above with profiles of differential metabolites
over the same time course, Rudd et al. also observed that the
switch from latent to necrotrophic growth and reproduction coin-
cided with the activation of plant defense responses and a switch
in Z. tritici’s nutrient source from lipids and fatty acid stores to car-
bohydrate metabolism.

5. Genome mutation, adaptation and pathogenicity

ACs have been described by Croll and McDonald as a ‘‘cradle for
adaptive evolution’’. This refers to their potential for retention of
higher levels of mutation over time, due to low impact on fitness
and correspondingly lower selective pressures (Croll and
McDonald, 2012). A two-speed rate of evolution across CCs and
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ACs allows pathogens like Z. tritici to retain its core gene content
governing its viability and metabolism, whilst at the same time
innovating and mutating genes rapidly in response to host-
defences and control strategies. Plant pathogenicity genes have
previously been observed to reside on the ACs of other plant-
pathogenic fungi species, including F. oxysporum f. sp. lycopersici
(Ma et al., 2010), F. solani (Coleman et al., 2009). Despite this, no
Z. tritici pathogenicity genes have been mapped to ACs (Goodwin
et al., 2011) with recent work reporting eight QTLs, all of which
mapped to CCs (Mirzadi Gohari et al., 2015).

Z. tritici ACs are richer in repetitive DNA relative to CCs and also
undergo recombination (including mesosyntenic rearrangements)
more frequently (Croll et al., 2013). The higher repetitive DNA con-
tent of ACs, combined with active RIP, can also lead to the rapid
mutation of non-repetitive genes flanking RIP-targeted repeats.
In the related Dothideomycete plant pathogen Leptosphaeria
maculans – which is well known for widespread distribution of
AT-rich regions (syn. AT-rich isochores) within its genome – the
‘‘leakage’’ of RIP into neighboring non-repetitive has been demon-
strated to accelerate the rate of non-synonymous mutation in avir-
ulence genes arranged in a repeat-proximal configuration (Fudal
et al., 2009; Hane et al., 2015; Van de Wouw et al., 2010). The Z.
tritici genome has a similar abundance of AT-rich regions across
its genome, particularly within its ACs, which may also have con-
tributed to gene innovation and diversification over time. To assess

the prevalence of AT-rich regions in Z. tritici, the genome was
recursively segmented into regions of differing GC content using
Jensen-Shannon divergence (Bernaola-Galván et al., 1996; Elhaik
et al., 2010a, 2010b) (stopping criteria: minimum segment length
of 1000 bp, t-test (5% significance level) on adjacent average GC
values, similar to Oliver et al. (2004). Segmented genome regions
were classified according to their constituent GC content. A mix-
ture of two Cauchy distributions was fit to the data using expecta-
tion maximization, which identified two peaks centered at 54.2%
and 44.2% GC. This allowed a GC boundary to be defined at 49.3%
GC in order to distinguish ‘‘GC-equilibrated’’ from ‘‘AT-rich’’ DNA
regions (Fig. 1A, Supplementary Data File 1). The AT-rich regions
are substantially shorter than GC-equilibrated regions, with aver-
age lengths of 10.8 kbp and 48.5 kbp respectively. AT-rich regions
were observed on all chromosomes and comprised 18.2% of the
total genome length, however the proportion differed between
ACs to CCs with AT-rich regions comprising 31.9% in ACs and
16.3% in CCs (Fig. 1B). The majority of annotated genes reside
within GC-equilibrated regions, with an overall gene density of
334 genes/Mbp. In contrast, 91 genes have P50% of their length
within AT-rich regions and are comparatively sparsely distributed
at 12.6 genes/Mbp. Studies of related Dothideomycete plant patho-
gens, e.g. Leptosphaeria maculans and Passalora fulva, contain many
secreted and/or effector-like genes associated with similar AT-rich
regions (de Wit et al., 2012; Rouxel et al., 2011; Van de Wouw
et al., 2010). As such, although genes within AT-rich regions
contribute little to the overall gene content or gene-expression of
Z. tritici, they may still play some role in pathogenicity and
adaptability.

6. Conclusion

The sum of sequence and bioinformatic resources generated
over the last decade for Z. tritici (Table 1) has significantly
advanced knowledge of this fungal pathogen and its host-
interactions. Foremost among these has been the generation of
the whole-genome sequence – a solid foundation upon which mul-
tiple layers of additional information have been juxtaposed.

Table 1
Summary of sequence and bioinformatic resources available for Z. tritici.

Resource Repository Reference

EST libraries (IPO323) EMBL (multiple
accessions)

Kema et al. (2008)

Nuclear genome (IPO323) NCBI
Nucleotide:
ACPE00000000.1

Goodwin et al.
(2011)

Mitochondrial genome (IPO323 &
STBB1)

NCBI
Nucleotide:
EU090238

Torriani et al. (2011,
2008)

Gene annotation (IPO323) JGI (www.
jgi.doe.gov)

Goodwin et al.
(2011), Grigoriev
et al. (2013)

EnsemblFungi Kersey et al. (2014)
Predicted secretome (IPO323) n/a Morais do Amaral

et al. (2012)
Gene expression: RNA-Seq data for

host and pathogen during
wheat infection

NCBI BioProject:
196595

Yang et al. (2013)

NCBI BioProject:
278138

Rudd et al. (2015)

Gene expression: RNA-Seq data for
wheat infection vs B. distachyon
infection

NCBI GEO:
GSE54874

Kellner et al. (2014)

Mapped QTLs and effector
candidate list (IPO323)

n/a Mizardi Gohari
et al. (2015)

Resequencing n/a Croll et al. (2013)_
McDonald et al.
(1991)

Fig. 1. Histograms of the GC content of segmented regions of the Z. tritici IPO323
genome assembly, and the relative proportion of the genome vs GC content. (A) The
dotted lines show the two components of the Cauchy mixture model fit to the data.
The solid vertical line shows the GC content selected to categorize segments,
corresponding to the intersection between the two components of the mixture
model. (B) Relative proportions of the Z. tritici IPO323 CC and AC chromosome
subsets corresponding to ranges of GC content from 35% to 65% (red), illustrating
depleted GC content within accessory chromosomes. The solid vertical line (blue)
shows the GC content selected to categorize segmented regions of the genome as
AT-rich or GC-equilibrated.
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Various bioinformatic techniques have been applied to predicted
gene regions and their protein products with a view to focussing
on those with properties relevant to pathogenicity. This has been
complemented by analysis of gene expression during infection,
which has highlighted generic and host-specific pathogenicity
genes in Z. tritici. The chromosome-length genome sequence has
itself been a powerful tool in understanding genome mutation
mechanisms influencing adaptation in Z. tritici and assessing the
‘‘genomic context’’ of its putative pathogenicity genes.

Appendix A. Supplementary material

Supplementary data associated with this article can be found, in
the online version, at http://dx.doi.org/10.1016/j.fgb.2015.04.011.
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Abstract

We present a novel method to measure the local GC-content bias in genomes and a survey of published fungal species. The method,
enacted as “OcculterCut” (https://sourceforge.net/projects/occultercut, last accessed April 30, 2016), identified species containing
distinct AT-rich regions. In most fungal taxa, AT-rich regions are a signature of repeat-induced point mutation (RIP), which targets
repetitive DNA and decreases GC-content though the conversion of cytosine to thymine bases. RIP has in turn been identified as a
driverof fungalgenomeevolution,asRIPmutationscanalsooccur in single-copygenesneighboring repeat-rich regions.Over timeRIP
perpetuates “two speeds” of gene evolution in the GC-equilibrated and AT-rich regions of fungal genomes. In this study, genomes
showing evidence of this process are found to be common, particularly among the Pezizomycotina. Further analysis highlighted
differences in amino acid composition and putative functions of genes from these regions, supporting the hypothesis that these
regions play an important role in fungal evolution.OcculterCut canalso beused to identifygenes undergoing RIP-assisted diversifying
selection, such as small, secreted effector proteins that mediate host-microbe disease interactions.

Key words: fungi, genome evolution, two-speed genome, repeat-induced point mutation, isochore.

Introduction
The fungal kingdom contains many highly specialized organ-
isms of interest to the agriculture, food, and medical indus-
tries. Specialization and adaptation are keys to the success of
many fungi, with accelerated evolution capabilities increas-
ingly recognized as facilitating these processes. For plant path-
ogens in particular, rapid evolution to overcome chemical
control measures and host resistance is essential to their sur-
vival. Genome sequences of fungi—small but nonetheless eu-
karyotic—have revealed many features that challenge the
conventional paradigm of genomic stability and contribute
to their ability to evolve.

Even before whole genome sequences of fungi were avail-
able, genetic variability in the form of dispensable chromo-
somes (Tzeng et al. 1992) and chromosome length
polymorphisms (Zolan 1995) was observed using pulsed-
field gel electrophoresis. Saccharomyces cerevisiae was the
first fungus to have its genome sequence published
(Goffeau et al. 1996). Genomics of the filamentous fungi
began some years later with the genome sequences of
model organisms Neurospora crassa in 2003 (Galagan et al.

2003) and Aspergillus nidulans in 2005 (Galagan et al. 2005).
An avalanche of sequencing projects followed to the point
where hundreds of fungal genomes, representing a range
of different lifestyles and taxa, are now publically available.
These data have enabled further studies of genomic variability
and adaptability in fungi relating to multiple mechanisms for
sex (Heitman et al. 2013), chromosome length polymorphism
(Zolan 1995), horizontal gene transfers (Hane et al. 2011;
Gardiner et al. 2012; Sun et al. 2013; Dhillon et al. 2015),
repeats and transposable elements (Spanu 2012), conditional
dispensability of DNA segments or whole chromosomes
(Coleman et al. 2009; Croll and McDonald 2012; Croll et al.
2013), and the conservation and breakdown of synteny and
co-linearity (Hane et al. 2011).

The GC-content of genomic DNA has historically been of
broad interest in the life sciences. In fungi, broad variation in
DNA GC-content (38–63%) was observed from melting-tem-
perature and buoyant-density measurements (Storck 1965)
long before whole genome sequence data became available.
Genome GC-content is now reported as one of the basic
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attributes of a genome assembly, confirming wide variation in
the GC-content of fungal genomes. For example,
Pneumocystis jirovecii—which causes severe lung infections
in immunocompromised humans—has a genome GC-con-
tent of just 29.5% (Cissé et al. 2013). In contrast, the wood
degrading fungus Phanerochaete chrysosporium has a much
higher genome GC-content of 57% (Martinez et al. 2004).
GC-content variation also exists within genomes, a property
that was first observed in warm-blooded vertebrates (Bernardi
et al. 1985). The human genome was observed to be com-
posed of a mosaic of long stretches (typically> 300 kb) of
DNA homogeneous in base composition (Bernardi 2000).
These regions were termed “isochores” and can be grouped
into families based on their GC-content. The presence of iso-
chores has been documented in many species, including some
fungi (Costantini et al. 2013). However, in fungal genomics
the term “isochore” or “AT-isochore” has sometimes been
used to refer specifically to sequence regions with markedly
depleted GC-content (AT-rich). As this study focuses on these
fungal AT-rich regions rather than what is traditionally termed
an isochore, we refer to them as “AT-rich regions” from here
on. AT-rich regions appear to differ from traditional isochores
in their length and suspected origin (Rouxel et al. 2011) and
do not necessarily have the homogeneous base composition
implicit when using the terminology isochore. Fungal ge-
nomes with large proportions of AT-rich regions exhibit a dis-
tinctive bimodal pattern of GC-content bias. Observations of
higher evolutionary rates in repeat rich genome compart-
ments of filamentous plant pathogens (Raffaele et al. 2010),
coupled with evidence of host jumps (Raffaele et al. 2010) and
rapid adaptation to crop resistance (Fudal et al. 2009; Van de
Wouw et al. 2010), have given rise to the concept of “two-
speed” genome evolution. This concept describes a genome
in which gene content has been compartmentalized into two
types of sequence regions: regions containing the essential or
“core” genome and the variable genome, often characterized
by a higher density of repetitive elements and in some cases
AT-rich sequence.

One mechanism by which AT-rich regions can occur is
repeat-induced point mutation (RIP), a process specific to
fungi and primarily considered to act as a defense against
transposon propagation. RIP was initially observed in the
saprobic Ascomycete N. crassa (Selker et al. 1987) and a cy-
tosine methyltransferase homologue (rid) gene was shown to
be essential for RIP (Freitag and Williams 2002). RIP has been
identified experimentally in Leptosphaeria maculans (Idnurm
and Howlett 2003; Fudal et al. 2009; Van de Wouw et al.
2010; Rouxel et al. 2011), Fusarium graminearum (Cuomo
et al. 2007), Magnaporthe oryzae (Nakayashiki et al. 1999;
Ikeda and Nakayashiki 2002; Dean et al. 2005; Farman 2007),
and Podospora anserina (Graı̈a et al. 2001) with in silico evi-
dence supporting RIP activity in many more species within the
subphylum Pezizomycotina (Hane and Oliver 2008, 2010;
Clutterbuck 2011; Goodwin et al. 2011) and some species

within the Basidiomycota (Horns et al. 2012). RIP occurs
during heterokaryon formation prior to meiosis, targeting re-
petitive DNA above a certain length (Watters et al. 1999) and
identity (Cambareri et al. 1991) (400 bp and 80% in N. crassa),
with irreversible transitions from cytosine to thymine bases
(i.e., C to T). RIP has also been observed to leak beyond re-
petitive DNA (Irelan et al. 1994) into nearby single copy and
often genic regions, in some cases mutating genes with
known roles in pathogenicity (Fudal et al. 2009; Van de
Wouw et al. 2010). Within genome assemblies, the observ-
able impact of RIP is the depletion of GC-content within, and
to a lesser extent nearby, repeats. Over time, the GC-content
of RIP-affected sequence becomes distinct from nonRIP af-
fected regions and can be described as “AT-rich”.

Leptosphaeria maculans was the first published fungal
genome reported to have a significant proportion of distinctly
AT-rich regions, accounting for approximately one-third of the
assembly (Rouxel et al. 2011). AT-rich regions within L. macu-
lans were found to have a few genes but many transposons
and showed strong evidence of RIP. While it has been sug-
gested that L. maculans is unusual in its high component of
AT-rich regions (Raffaele and Kamoun 2012; Lo Presti et al.
2015), several other studies have identified AT-rich regions in
fungal genomes including Blastomyces dermatitidis
(Clutterbuck 2011) (note: genome unpublished), Passalora
fulva (de Wit et al. 2012), multiple Epichloë spp. (Schardl
et al. 2013), and Zymoseptoria tritici (Croll et al. 2013;
Testa, Oliver, et al. 2015). Furthermore, Clutterbuck (2011)
found widespread sequence-based evidence of RIP in the ex-
amination of 49 filamentous Ascomycetes (subphylum
Pezizomycotina), suggesting that bimodal GC bias and high
AT-rich content may be common across this large taxon.

Within the discipline of plant pathology, interest in AT-
rich regions has been fuelled by observations of genes
encoding avirulence/effector-like proteins within or close
to AT-rich regions (e.g., L. maculans genes AvrLm6,
AvrLm4-7 and AvrLm1; Gout et al. 2006; Fudal et al.
2009). Effector proteins are typically small, secreted pro-
teins and play an important role in interactions with the
host plant. The frequent proximity of effector genes to
repetitive regions is well documented (Lo Presti et al.
2015). It has been proposed that pathogenic fungi with
effector genes in or near AT-rich RIP hotspots have been
selected by evolution as they have an advantageous mech-
anism by which to rapidly lose or modify these genes,
avoid recognition by host defenses and thus repeatedly
overcome newly deployed resistance genes (Oliver 2012).

Despite the clear motivations for investigating AT-rich re-
gions, several obstacles limit our understanding of this inter-
esting genome feature. The first is in identifying and defining
AT-rich regions. In past studies AT-rich regions within fungi
have generally been identified using a “moving window” ap-
proach that reports the GC-content within a series of win-
dows over the entire length of the genome. The
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disadvantage of such an approach is the uncertainty in region
boundaries. Another method by which AT-rich regions have
been identified is by annotating repeats and recording their
GC-content, but this method does not account for repeats
that have been degraded (e.g., by RIP) to the point where
they are not recognized by repeat-detection software (Hane
and Oliver 2010).

Several approaches exist to identify isochore-like regions
have been previously described. A highly successful method
uses the Jensen–Shannon divergence (Elhaik, Graur, Josic
2010). In isochore studies, genome segments are classified
by GC-content into isochore families L1 (< 37% GC), L2
(37–42% GC), H1 (42–47% GC), H2 (47–52% GC) and H3
(> 52% GC) (Oliver et al. 2001; Costantini et al. 2013). AT-
rich regions in L. maculans were reported as 34% GC (Rouxel
et al. 2011), compared with the 44% GC-content of AT-rich
regions within Z. tritici (Testa, Oliver, et al. 2015). This variation
in closely related species indicates that broadly applied and
arbitrary GC-content categories may not be suitable for inves-
tigating AT-rich regions within fungal genomes. This high-
lights the need for a systematic method to measure GC-
content distributions in fungal genomes and define different
regions. Furthermore, small-scale studies often differ in their
method of identifying and analyzing AT-rich regions, making
comparisons difficult. This relates to the second obstacle—
that although there have been detailed studies of a few indi-
vidual fungi and wider surveys of repetitive elements and RIP
within fungal genomes, we lack a taxonomically broad survey
and understanding of AT-rich regions across the fungi.

In overcoming these obstacles, we present: firstly, a repro-
ducible method and software tool, OcculterCut, which facili-
tates AT-content analysis in genomes; and secondly, a survey
of the AT-content of >500 published fungal genomes. We
identify species in which RIP (or other means of mutagenesis
with similar effects) has led to significant proportions of AT-
rich regions. By extension, this has predicted several species in
which RIP-mediated “two-speed” genome evolution is likely
to have significantly influenced their roles in plant association.
OcculterCut also returns information about the proximity of
genes to AT-rich regions, making it a useful tool for identifying
genes likely to be under the influence of RIP-mediated “hyper-
mutation”, such as candidate avirulence/effector genes or
other genes involved in rapid evolution and specialization.

Materials and Methods

Collecting Genomes for Survey

Published fungal genome sequences were obtained from mul-
tiple sources, a full list of which is provided in the
Supplementary Material online (supplementary table S1,
Supplementary Material online). As assembled genome se-
quence(s) could potentially be contaminated with AT-rich mi-
tochondrial sequences, a filtering process was carried out on

all genomes surveyed. Firstly, a database of fungal mitochon-
drial sequences (mtDNAs) was downloaded from NCBI’s
Organelle Genome resource (NCBI Resource Coordinators
2014) (supplementary table S6, Supplementary Material on-
line—accessions of sequences used in mtDNA screen set).
BLASTn (Altschul et al. 1990) was used to search for align-
ments between scaffolds in the surveyed genomes and the
mtDNA database (e! 1e-10 and" 75% identity). Scaffold
coverage of mtDNA matches was calculated via BEDtools (ver-
sion 2.17) (Quinlan and Hall 2010) coverageBed and scaffolds
were removed if 50% or more of the scaffold length was
covered by alignments (see supplementary table S7,
Supplementary Material online, matches to mtDNA screen).
A bash script for mtDNA filtering has been included in the
OcculterCut release files (available from https://sourceforge.
net/projects/occultercut, last accessed April 30, 2016).

The lifestyle of the surveyed species was documented in
order to reveal possible links between AT-rich regions and
fungal lifestyle. The broad lifestyle categories used were sap-
robe, pathogen, and symbiont. Symbionts were separated
into plant symbionts, which account for the majority of sym-
bionts surveyed, and other symbionts. Pathogens were sepa-
rated into plant pathogens and animal pathogens, and plant
pathogens were further separated into obligate biotrophs,
nonobligate biotrophs, hemibiotrophs, and necrotrophs as in
(Spanu 2012). Sources of information about fungal lifestyle
are cited in supplementary table S1, Supplementary Material
online. We note that in plant pathology the reliability of such
lifestyle categories has become a contentious issue for many
species, and in such cases, we aimed to identify the recent
consensus in the literature.

Identifying AT-Rich Regions with OcculterCut

The GC-contents of genome assemblies included in this survey
were evaluated using a procedure that we have presented as a
software tool, OcculterCut. The steps employed by
OcculterCut in segmenting genome sequence and identifying
AT-rich and GC-equilibrated regions are described below.

Genome Segmentation

Assembled genome sequence is segmented into regions of
differing GC-content using the Jensen–Shannon divergence
(DJS), based on the methods described in past isochore studies
(Bernaola-Galván et al. 1996; Elhaik, Graur, Josic 2010; Elhaik,
Graur, et al. 2010). A border is moved along the query se-
quence and at each position the Jensen–Shannon divergence
is calculated. At the position where the Jensen–Shannon di-
vergence maximized, the sequence is split into two proposed
subsequences, and the split is retained providing certain con-
ditions are met (fig. 1A). This process continues recursively
until a proposed split is rejected. The conditions that decide
whether a split is rejected are based on the size of the seg-
ments to the left and right of a potential split and whether the
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potential split would result in two adjacent segments with a
statistically significant difference in GC-contents. In this study,
the minimum segment length of 1 kb was set. To assess the
statistical significance of the difference between GC-contents
either side of the split, the left-hand and right-hand segments

are divided into nonoverlapping 300 bp sections and the GC-
content of each section is recorded. Similar to Oliver et al.
(2004), a t-test is then used to decide whether the GC-con-
tents of the left-hand sections differ significantly from the GC-
contents of the right-hand sections.

A

B

C

D

FIG. 1.—The basic steps employed by OcculterCut in annotating AT-rich and GC-equilibrated genome regions. (A) DNA sequence is recursively split into

segments of differing GC-content. The point at which a sequence is split into two segments is chosen to be where the Jensen–Shannon divergence statistic

(DJS on the y-axis of cartoon plots in (A) is maximized. (B) AT-rich and GC-equilibrated genome segments are identified, and a GC-content cut-off is selected.

(C) Genome segments are categorized as either AT-rich or GC-equilibrated, and the genome segments are grouped into broader regions.
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Segment Classification

The genome segmentation process results in genome se-
quence designated into segments of differing GC-content.
In assessing the AT-rich region content of a genome the
next step is to determine whether AT-rich genome segments
are present and, if present, to categorize segments and as
either AT-rich or GC-equilibrated. This requires an assessment
of the GC-content distribution of the genome segments. The
GC-content of each genome segment, including un-seg-
mented contigs <1 kb, and the proportion of the genome
taken up by that particular segment (segment length/genome
assembly size) is recorded. These data can be visualized as a
plot of the GC-content of the genome segments against the
proportion of the genome (see examples in figs. 1B and 2). A
mixture of two Cauchy distributions is fit to the data. That is,
the data are assumed to be of the form:

f x;!; x01; !2

! "
¼ !f1 x; x01; !1

! "
þ 1# !ð Þf2 x; x02; !2

! "

¼ !
p

!1

x # x01ð Þ2 þ !2
1

þ 1# !
p

!2

x # x02ð Þ2 þ !2
2

where 0&!& 1 and describes the weight of each peak, x01

and x02 describe the x-axis position (GC-content) of each peak
and !1 and !2 relate to the peak widths. Examples of Cauchy
distributions fit to genome GC-content distributions are
shown in figure 1B. The Cauchy distribution mixture model
of the GC-content distribution (as described above) is fit to the
genome segment GC-content data by determining the values
!, x01, !1, x02, and !2 using expectation maximization.
Whether genome segments can be grouped into AT-rich
and GC-equilibrated regions and the GC-content cut-off
used to define each region type are based on this Cauchy
distribution mixture model.

Categorization of genome segments as AT-rich or GC-
equilibrated is not carried out in all cases; many genomes do
not have AT-rich regions and the plot of the GC-content is
unimodal (figs. 1B and 2A–C). In some cases, the plot of the
GC-content may suggest multiple peaks, but these overlap
too much to allow the segments to be classified reliably as
from one or the other. The decision to categorize the seg-
ments is therefore based on the %GC separation between the
two peaks (the difference between x01 and x02), the existence
of a local minimum in the Cauchy distribution mixture model
between the two peaks, and the confidence with which seg-
ments can be classified. The minimum GC-content peak sep-
aration is set at a default 5%. This filters out cases where the
GC-content distribution is unimodal or the peak separation of
is too small to be of interest. Segment classification is always
carried out where peak separation is '10% GC and a mini-
mum in the Cauchy distribution mixture model can be identi-
fied between the two peaks. In cases where the peak
separation is between 5% and 10%, region grouping is
only carried out where a minimum can be identified between

the peaks and 75% of the segments in each group can be
classified with 75% or better confidence.

Where classification of genome segments is carried out,
segments are classified as AT-rich or GC-equilibrated accord-
ing to whether they have a GC-content above or below a cut-
off GC value set as the local minimum between the two peaks
in the Cauchy distribution mixture model (fig. 1B). Adjacent
genome segments with the same classification are then
merged into single, larger regions (fig. 1C and D). To allow
the user to explore different grouping of genome segments,
the Cauchy fit-to-data can be disabled in favor of the user
specifying two or more GC-content intervals on which to
group the genome segments.

Outputs

The presented software, OcculterCut, automates the de-
scribed genome segmentation and segment classification
steps and outputs a number of files containing the results of
these steps. A brief description of the content of the
OcculterCut outputs is given here and detailed description
of output file names and content is given in the instruction
manual that accompanies OcculterCut.

A General Feature Format (GFF) (Wellcome Trust Sanger
Institute 2015) containing the genomic coordinates of
genome segments resulting from the GC-content segmenta-
tion is output. This is accompanied by a text file containing a
list of GC-content intervals (from 0% to 100% GC in 1%
intervals) and the proportion of the genome covered by
genome segments with a GC-content within each interval.
These data can be plotted with GC-content on the x-axis
and the proportion of the genome on the y-axis to produce
a plot of the GC-content distribution (see examples in fig. 2).
These data are returned for all genomes, regardless of
whether the genome is bimodal or not.

In cases where the genome is found to be bimodal, the
parameters of the Cauchy mixture fit-to-data (see the seg-
ment classification section) are returned in a text file along
with the GC-content cut-off used to define AT-rich and GC-
equilibrated regions. A GFF containing the genomic coordina-
tes of AT-rich and GC-equilibrated regions is also included
(fig. 1C). The user can choose to supply a GFF of gene loca-
tions when running OcculterCut, in which case a summary of
the distance from each gene to the closest AT-rich region or
scaffold end is returned. This feature may be particularly useful
to phytopathogen researchers interested in identifying effec-
tor gene candidates. Single, di- and tri-nucleotide frequencies
from AT-rich and GC-equilibrated regions are also returned as
text files, allowing the user to assess sequence biases.

Analyzing AT-Rich Regions and Their Gene Content

In assemblies found to have an AT-rich region component
'5%, AT-rich and GC-equilibrated regions were compared.
This included looking at the length of each of the region types,
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di-nucleotide frequencies within each region type, and gene
content. Additional analysis of the difference between coding
sequences from genes within AT-rich and GC-equilibrated re-
gions was conducted on a subset of species. For this purpose,
incomplete coding sequences (lacking a methionine at the
start), coding sequences containing an in-frame stop codon,

and coding sequences <90 nucleotides (corresponding to a
protein length<30 amino acids) were excluded from the anal-
ysis. This was done in an attempt to remove false positive or
incorrect coding sequences from the analysis that may bias
results. An additional filtering step was carried out to ensure
the coding sequences being analyzed were not false positive

A B C

D

G

J

M N O

K L

H I

E F

FIG. 2.—Example GC-content plots of 15 surveyed fungal genomes are displayed, arranged from (A) to (O) ordered in increasing AT-rich region

composition. Diversity in the GC-content of peaks, their shape, spacing, and height can be observed. Vertical blue lines show the GC cut-off chosen by

OcculterCut and used to classify genome segments into distinct AT-rich and GC-equilibrated region types. The percentage values shown either side of the

vertical blue lines indicate the percentage of the genome classified as AT-rich (left) and GC-equilibrated (right).
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predictions made on transposons sequences. TBLASTn
(Camacho et al. 2009) was used to search for alignments be-
tween the Repbase (Jurka et al. 2005) fungal database and
translated protein sequences from each genome. Where one
or more of the alignments had e-value(s)<10! 5 and covered
50% or more of the query protein sequence, the protein se-
quence and corresponding nucleotide sequence were re-
moved from the sets used for analysis. Finally, analysis was
carried out only where 50 or more genes with coding se-
quences meeting the above criteria could be identified in
the AT-rich regions of a particular genome assembly. For cal-
culations of gene density the full set of annotations was in-
cluded regardless of the above criteria.

When comparing the amino acid composition of proteins
from genes within and outside AT-rich regions, the frequency
of each amino acid was calculated for each gene from the
different sets. A Mann–Whitney U test (P = 0.05) was used to
compare the distributions of frequency values between the
different sets. Codon frequencies for each amino acid were
calculated within and outside AT-rich regions on the full set of
coding sequence rather than a per gene basis.

Hmmscan (Eddy 2011) was used to identify Pfam domains
in proteins within and outside AT-rich regions (automatic cut-
off determined using the parameter—cut-ga) using the Pfam
library version 28.0 (Finn et al. 2014). A Fisher’s exact test (two
sided, implemented in R) was then used to compare the
number proteins found to contain a particular Pfam domain
in relation to the number of proteins found to contain a dif-
ferent Pfam domain in protein sets within and outside AT-rich
regions. An additional comparison was made between pro-
teins with a Pfam domain hit and with no Pfam domain hit. A
P value of 0.05 was used, with a Bonferroni correction for the
total number of tests for significance carried out for each
species.

The number of secreted genes, as predicted by SignalP v.
4.1 (Petersen et al. 2011), was recorded for the sets of genes
within and outside AT-rich regions for each species. A Fisher’s
exact test (two sided, P value 0.05, implemented in R) was
used to compare the number of proteins that were predicted
to be secreted in relation to the number of proteins that were
not predicted to be secreted in protein sets within and outside
AT-rich regions.

Results

OcculterCut—A Tool for AT-Rich Region Analysis

OcculterCut was used to apply GC-content genome segmen-
tation (see fig. 1 and Materials and Methods) to over 500
published fungal genomes (see supplementary table S1,
Supplementary Material online, for list of genomes). Plotting
the proportion a given genome accounted for by genome
segments with a GC-content within 1% intervals (from 0%
to 100%) offered a way of visualizing the GC-content

distribution of each genome (see examples in fig. 2). Such
plots of the surveyed genomes revealed diversity in peak
GC-content(s) and distribution shapes and spreads (fig. 2).
Heat map summary plots of the GC-content of segmented
genomes of the species surveyed are displayed next to dendo-
grams generated according to taxonomic classifications in fig-
ures 3 and 4. In most cases, GC-content distributions could be
classified as unimodal (having a single peak, fig. 2A–C) or
bimodal (two peaks, see fig. 2D–O). OcculterCut carried out
this classification automatically (see Materials and Methods
and fig. 1B and C, examples shown in fig. 2), and in genomes
where distinctly AT-rich segments were present, the genome
segments were grouped into broader AT-rich and GC-equili-
brated region types.

The majority (~63%) of surveyed genomes had unimodal
GC-content distributions, with variation in the mode, peak
width and shape observed between species (fig. 2A–C). GC-
content plots of genomes known from previous studies to
have distinct AT-content patterns showed two clearly separate
peaks (fig. 2, L. maculans [J], P. fulva [K]). Additional genomes
with bimodal GC-content distributions (see fig. 2D–O) confirm
the efficacy of the GC-content genome segmentation method
in distinguishing these regions. Where the GC-content of a
segmented genome was bimodal (fig. 2D–O), OcculterCut
selected a local minima between the peaks to divide the dis-
tribution and group genome segments into broader catego-
ries: AT-rich and GC-equilibrated. The selected GC-content
cut-offs, shown as vertical blue lines in figure 2D–O and
listed in supplementary table S2, Supplementary Material
online, varied from species to species. Harpophora oryzae
(R5-6-1) (Xu et al. 2014) had the highest GC-content AT-
rich region component at 48% and Monacrosporium hapto-
tylum (CBS 200.50) (Meerupati et al. 2013) the lowest at
12.3% (fig. 4). This wide range of 35.7% strongly supports
the need to define AT-rich and GC-equilibrated regions case-
by-case, based on comparisons within each genome, rather
than by broadly applying pre-defined GC-content cut-offs.

There was a broad range in the proportion of each genome
containing AT-rich regions—from ~1% to AT-rich region
components over 50%. AT-rich regions are not present in
all genomes with a high repeat content, with known examples
of repeat rich genomes showing clearly unimodal GC-content
distributions (e.g., Blumeria spp. and Puccinia spp. genomes
fig. 2A and B and supplementary table S1, Supplementary
Material online). A total of 79 genome assemblies from 61
distinct species were identified as being composed of" 5%
AT-rich regions (supplementary table S1, Supplementary
Material online). Although L. maculans is perhaps the best
known case of a fungal genome interspersed with AT-rich
regions (Gout et al. 2006; Fudal et al. 2009; Van de Wouw
et al. 2010; Rouxel et al. 2011; Ohm et al. 2012), we note 14
genomes with higher AT-rich region contents than L. macu-
lans and many more with comparable AT-rich region content
(supplementary table S2, Supplementary Material online).
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A

B

C

FIG. 3.—(A) Clade trees showing the taxonomic relationship between the fungal species included in this study. To the right of each species’ name, there

is a bar displaying a heat map plot of the GC-content distribution of segments of each genome, where different colors represent varying genome proportions

(see key). Classes containing high numbers of sequenced genomes have been displayed separately in panels (B) (Saccharomycetes) and (C) (Agaricomycetes),

and in figure 4 (Sordariomycetes, Eurotiomycetes, Dothideomycetes and Leotiomycetes).
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Phaeoacremonium aleophilum
Diaporthe longicolla
Colletotrichum fioriniae
Colletotrichum graminicola
Colletotrichum higginsianum
Verticillium alfalfae
Verticillium dahliae
Verticillium tricorpus
Verticillium hemipterigenum
Aciculosporium take
Claviceps fusiformis
Claviceps paspali
Claviceps purpurea
Epichloë amarillans
Epichloë brachyelytri
Epichloë elymi
Epichloë festucae
Epichloë glyceriae
Epichloë typhina
Metarhizium acridum
Metarhizium album
Metarhizium anisopliae
Metarhizium brunneum
Metarhizium guizhouense
Metarhizium majus
Metarhizium robertsii
Periglandula ipomoeae
Acremonium chrysogenum
Ustilaginoidea virens
Cordyceps militaris
Dactylonectria macrodidyma
Fusarium avenaceum
Fusarium circinatum
Fusarium fujikuroi
Fusarium graminearum
Fusarium oxysporum
Fusarium oxysporum f. sp. cubense
Fusarium oxysporum f. sp. lycopersici
Fusarium oxysporum f. sp. melonis
Fusarium pseudograminearum
Fusarium solani (syn. Nectria haematococca)
Fusarium verticillioides
Fusarium virguliforme
Hirsutella minnesotensis
Hirsutella thompsonii
Ophiocordyceps sinensis
Tolypocladium inflatum
Tolypocladium sp.
Stachybotrys chartarum
Stachybotrys chlorohalonata
Trichoderma atroviride
Trichoderma hamatum
Trichoderma longibrachiatum
Trichoderma reesei
Trichoderma virens
Harpophora oryzae
Magnaporthe oryzae
Ceratocystis albifundus
Ceratocystis fimbriata
Ceratocystis manginecans
Ceratocystis moniliformis
Huntiella omanensis
Scedosporium apiospermum
Scedosporium aurantiacum
Grosmannia clavigera
Leptographium procerum
Ophiostoma novo−ulmi subsp. novo−ulmi
Ophiostoma piceae
Sporothrix brasiliensis
Sporothrix schenckii
Chaetomium globosum
Chaetomium thermophilum var. thermophilum
Myceliophthora thermophila
Thielavia terrestris
Neurospora africana
Neurospora crassa
Neurospora pannonica
Neurospora sublineolata
Neurospora terricola
Neurospora tetrasperma
Sordaria macrospora
Podospora anserina
Eutypa lata

Cryomyces antarcticus
Diplodia sapinea
Macrophomina phaseolina
Neofusicoccum parvum
Cladosporium sphaerospermum
Dothistroma septosporum
Pseudocercospora fijiensis
Passalora fulva (syn. Cladosporium fulvum)
Sphaerulina musiva
Zymoseptoria ardabiliae
Zymoseptoria brevis
Zymoseptoria pseudotritici
Zymoseptoria tritici
Aureobasidium pullulans
Aureobasidium pullulans var. melanogenum
Aureobasidium pullulans var. namibiae
Aureobasidium pullulans var. pullulans
Aureobasidium pullulans var. subglaciale
Hortaea werneckii
Hysterium pulicare
Rhytidhysteron rufulum
Alternaria arborescens
Alternaria brassicicola
Bipolaris papendorfii
Curvularia lunata
Cochliobolus carbonum
Cochliobolus heterostrophus
Cochliobolus miyabeanus
Cochliobolus sativus
Cochliobolus victoriae
Pyrenophora seminiperda
Pyrenophora teres f. teres
Pyrenophora tritici−repentis
Setosphaeria turcica
Leptosphaeria biglobosa 'brassicae'
Leptosphaeria biglobosa 'thlaspii'
Leptosphaeria maculans 'lepidii'
Leptosphaeria maculans 'brassicae'
Nigrograna mackinnonii
Shiraia sp.
Parastagonospora nodorum
Pyrenochaeta lycopersici
Pyrenochaeta sp.
Ochroconis constricta
Venturia pirina

Herpotrichiellaceae sp.
Cladophialophora immunda
Exophiala mesophila
Aspergillus clavatus
Aspergillus fumigatus
Aspergillus kawachii
Aspergillus nidulans
Aspergillus niger
Aspergillus oryzae
Aspergillus parasiticus
Aspergillus sojae
Aspergillus ustus
Eurotium rubrum
Neosartorya fischeri
Penicillium aurantiogriseum
Penicillium camemberti
Penicillium chrysogenum
Penicillium digitatum
Penicillium expansum
Penicillium italicum
Penicillium oxalicum
Penicillium paxilli
Penicillium roqueforti
Byssochlamys spectabilis
Penicillium marneffei
Talaromyces cellulolyticus
Talaromyces leycettanus
Talaromyces marneffei
Talaromyces stipitatus
Thermomyces lanuginosus
Arthroderma benhamiae
Microsporum canis
Microsporum gypseum
Trichophyton equinum
Trichophyton rubrum
Trichophyton tonsurans
Trichophyton verrucosum
Ascosphaera apis
Coccidioides immitis
Coccidioides posadasii
Paracoccidioides brasiliensis
Paracoccidioides lutzii
Histoplasma capsulatum
Uncinocarpus reesii
Phaeomoniella chlamydospora
Endocarpon pusillum

Oidiodendron maius
Pseudogymnoascus destructans
Pseudogymnoascus pannorum var. pannorum
Blumeria graminis f. sp. hordei
Blumeria graminis f. sp. tritici
Erysiphe necator
Ascocoryne sarcoides
Glarea lozoyensis
Botrytis cinerea
Sclerotinia borealis
Sclerotinia homoeocarpa
Sclerotinia sclerotiorum
Marssonina brunnea f. sp. multigermtubi
Rutstroemia sydowianum
Sclerotinia echinophila

Sordariomycetes

Leotiomycetes

Eurotiomycetes

A

B

C

D

0  20 40 60 80 100
GC-content (%)

0  20 40 60 80 100
GC-content (%)

Dothideomycetes

Clavicipitaceae 

Epichloë

FIG. 4.—Clade trees showing the taxonomic relationship between fungal species belonging the classes Sordariomycetes (A), Eurotiomycetes (B),

Dothideomycetes (C) and Leotiomycetes (D) within the subphylum Pezizomycotina. These fit into the broader taxonomic tree displayed in figure 3A. To

the right of each species’ name, there is a bar displaying a heat map plot of the GC-content of segments of each genome, where different colors represent

varying proportions of the genome with each percentage GC (see fig. 3key).
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In four species, AT-rich regions were in higher proportions
than GC-equilibrated regions: Leucoagaricus gongylophorus
(Ac12) (Aylward et al. 2013) with 76.6%, Ophiocordyceps
sinensis (CO18) (Hu et al. 2013) with 69.7%,
Aciculosporium take (MAFF-241224) (Schardl et al. 2013)
with 58.5%, and Fomitiporia mediterranea (LYAD-421 SS1)
(Floudas et al. 2012) with 57.8%. Despite the dominant com-
ponent of each of these genomes being AT-rich, where gene
annotations were available for these species (L. gongylo-
phorus, A. take, and F. mediterranea) the majority of the
gene content was still attributed to GC-equilibrated genome
regions.

In six of the surveyed 500+ genomes, manual inspection of
the GC-content plots of genomes motivated their removal
from the set of AT-rich region genomes. The GC-content
plots of Armillaria mellea (DSM 3731) (Collins et al. 2013),
Nosema bombycis (CQ1) (Pan et al. 2013), and Lachancea
kluyveri (NRRL Y-12651) (Cliften et al. 2003) showed evidence
of segments of DNA, amounting to small components of the
overall genome, with a higher GC-content than the rest of the
genome. Armillaria mellea and Candida orthopsilosis
(MCO456) (Pryszcz et al. 2014) contained small percentages
of 0–1% GC-content segments that may be an artefact of
assembly. Malassezia sympodialis (ATCC 42132) (Gioti et al.
2013) (fig. 3A, see Ustilaginomycotina for M. sympodialis GC-
content heat map) appeared to have an unusually broad,
albeit unimodal, GC-content distribution. In response to
these examples, we have included a feature to allow the
manual input of one or more GC-content boundaries for
the categorization of genome segments into genome regions.

This feature allows unusual and exceptional cases of genome
GC-content distribution to be studied.

Taxonomic Distribution of Genomes with AT-Rich
Regions

Figure 5A shows the percentage of genomes with various AT-
rich genome contents for each subphylum surveyed, showing
that this genome type is most common within the
Pezizomycotina. The majority of genomes with! 5% AT-
rich region content are from the subphylum Pezizomycotina
with only six exceptions: four Agaricomycetes (L. gongylo-
phorus, F. mediterranea, Paxillus rubicundulus,
Moniliophthora roreri), one Microsporidia (Enterocytozoon
bieneusi), and one Saccharomycotina (Saprochaete clavata).
Heat-map plots of GC-content distributions arranged along-
side dendograms generated according to taxonomic classifi-
cations (figs. 3 and 4) also show this trend. Additionally,
clusters of species with AT-rich regions are clearly visible in
figures 3 and 4 (e.g., the family Clavicipitaceae within the
class Sordariomycetes).

AT-Rich Regions and Fungal Lifestyle

Classifications of fungal species into broad lifestyle categories
(saprobe, pathogen, and symbiont) are displayed next to each
surveyed species in supplementary table S1, Supplementary
Material online. Pathogens and symbionts are further classi-
fied based on whether they have a plant host, and plant path-
ogens are additionally classified into obligate biotrophs,
nonobligate biotrophs, hemibiotrophs, and necrotrophs. The
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distribution of fungal lifestyles in the different subphylum
varied. The percentage of AT-rich genomes with various AT-
rich genome contents are displayed according to their lifestyle
categories in figure 5B. Within 196 surveyed Pezizomycotina
species, 125 (~64%) were pathogens, compared with 9 out
of 68 (~13%) of the Agaricomycotina species and 10 out of
50 (20%) of the Saccharomycotina species. As discussed in
the previous section, AT-rich bimodal genomes were found
more commonly in the Pezizomycotina subphylum. To pre-
vent these taxonomic biases from influencing our assessment
of AT-rich regions in relation to fungal lifestyle, the results
shown in figure 5B are restricted to Pezizomycotina species.

Attributes of AT-Rich Regions Compared with
GC-Equilibrated Regions

The subset of genomes with a ! 5% proportion of AT-rich
regions was further analyzed (see Materials and Methods) to
assess the role of RIP in AT-rich region formation and compare
AT-rich regions between species. For each of these species,
the frequency of each of the 16 possible dinucleotides was
calculated from AT-rich region genome sequences and GC-
equilibrated genome sequences (supplementary table S3,
Supplementary Material online). Dinucleotide frequencies
have commonly been employed in previous studies to ascer-
tain the genomic impact of RIP (Hane and Oliver 2008;
Clutterbuck 2011). The percentage differences between dinu-
cleotide frequencies within AT-rich and GC-equilibrated re-
gions are shown in a series of plots (fig. 6), with each
different colored bar representing a different species. In all
cases, the dinucleotide pairs TpA, ApT, TpT and ApA were
higher in AT-rich regions, as expected and reflecting their
lower GC-content. There was however a much larger differ-
ence in the frequency of the TpA dinucleotide, the primary
product of RIP in the Pezizomycotina (Clutterbuck 2011)
(fig. 6A), when compared with the other low GC dinucleo-
tides ApT, TpT and ApA (fig. 6Biii). This is a strong indicator of
RIP activity in these species.

While analysis and comparison of the lengths of AT-rich
regions can be impeded by relative differences in assembly
quality, we were able to observe variation in the size of AT-
rich regions accurately in higher quality genomes. Coccidioides
immitis (RS) (Sharpton and Stajich 2009), Thielavia terrestris
(NRRL 8126) (Berka et al. 2011), Myceliophthora thermophile
(ATCC 42464) (Berka et al. 2011), N. crassa (OR74A) (Galagan
et al. 2003), Z. tritici (IPO323) (Goodwin et al. 2011),
Cordyceps militaris (CM01) (Zheng et al. 2011), and L. macu-
lans “brassicae” (v23.1.3) (Rouxel et al. 2011) all have assem-
blies with<50 scaffolds and we consider these to be of “good
quality”. Among these, L. maculans had the longest average
AT-rich region length at 31.7 kb and Z. tritici the shortest at
10.7 kb. GC-equilibrated regions were also longer within L.
maculans than within Z. tritici, indicating that the Z. tritici
genome is interrupted with AT-rich regions more frequently

than L. maculans, despite having a smaller overall AT-rich
genome component. Similarly N. crassa, M. thermophila and
C. immitis have comparable average AT-rich region lengths,
with differing overall AT-rich region composition and corre-
spondingly different higher GC-region average lengths.

Gene Content

Mutations accumulated during AT-rich region formation
could influence the properties of coding sequences in those
regions. All observed AT-rich regions are gene-sparse when
compared with GC-equilibrated regions (table 1). Indeed,
many of the surveyed genomes contained only a very small
number of genes within AT-rich regions, making meaningful
comparisons between sets of genes within and outside AT-
rich regions difficult. After quality filtering the sets of genes
(see Materials and Methods), 19 species were identified with
>50 genes within AT-rich regions and thus suitable for further
analysis (supplementary table S4, Supplementary Material
online). Comparisons between coding sequences within AT-
rich and GC-equilibrated regions confirmed differences in
amino acid usage, codon usage, and putative function be-
tween these sets as well as identifying common trends
across the selected species.

Percentage differences in the average amino acid content
of coding sequences from genes within AT-rich regions com-
pared with those in GC-equilibrated regions are shown per
species in figure 8. Statistically significant differences (Mann–
Whitney U tests, P value" 0.05) in amino acid content were
found in all species surveyed, with common trends across dif-
ferent species observable (fig. 8). If these differences occurred
due to coding sequences from GC-equilibrated regions being
subjected to nonsynonymous RIP-like C to T and G to A tran-
sitions, we can form expectations about how the resulting
coding sequences in AT-rich regions would differ in amino
acid composition. As an aid to understanding this, possible
nonsynonymous changes (dN) are summarized in figure 7.
In addition to illustrating how C to T and G to A transitions
can alter one amino acid to another, this network highlights
nodes which are absolute start and end points. Glycine, ala-
nine and proline (G, A, and P) may undergo C to T and G to A
changes to other amino acids, but can never be created by
these mutations. As such, coding sequences subjected to
C to T and G to A transitions are expected to have lower
levels of these amino acids. Conversely, phenylalanine, tyro-
sine, lysine, isoleucine and asparagine (F, Y, K, I, and N) could
be expected to increase in number. This appears as expected
in the plots shown in figure 8. Both nonsynonymous and syn-
onymous mutations within coding sequences can disrupt
codon usage. The proportion of each codon encoding each
of the amino acids was compared within and outside AT-rich
regions within figure 9. In most cases codon usage in coding
sequences within AT-rich regions favored codon choices
higher in A and T than coding sequences in GC-equilibrated
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A

B

FIG. 6.—Possible changes to dinucleotide pairs are described in a series of graphs (A). Dinucleotides are represented by nodes, and arrows represent

possible changes resulting from C to T (blue) and G to A (red) transitions. Dinucleotides are organized into bands marked (i), (ii), and, (iii) based on the number

of mutable sites they have (2, 1 and 0, respectively). Below each graph, corresponding plots (B) of percentage differences between dinucleotide frequencies

within and outside AT-rich regions are shown for species with 5% or greater AT-rich region content. Percentage differences above y = 0 correspond to higher

values within AT-rich regions and below y = 0 correspond to lower values within AT-rich regions (see axis labels). Each species is represented by a different

color as shown in the species key and arranged according to taxonomy. Vertical grey bands group species by class, with class names marked at the bottom of

(B).
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regions. The particularly strong percentage increases in codon
usage were seen in codons containing TpA dinucleotides,
which have been observed to be a typical product of RIP in
noncoding regions.

In all but one case (E. bieneusi), genes of the analyzed spe-
cies within AT-rich regions were of a shorter average length
than those outside (table 1). This may be due to mutations
causing nonsynonymous changes to certain codons encoding
arginine, tryptophan, and glutamine to stop codons (fig. 7),
thus shortening the open reading frame (Hane et al. 2015).
This possibility is supported by trends of lower levels of these
amino acids in proteins within AT-rich regions (fig. 8). Higher
levels of secreted proteins in AT-rich regions were previously
noted in studies of L. maculans (Rouxel et al. 2011), however,
we did not find this was a common theme among the species
listed in table 1. Only L. maculans and M. brunnea f. sp. multi-
germtubi were found to have a significantly enriched (by
Fisher’s exact test, P value! 0.05) complement of secreted
proteins within AT-rich regions. Indeed, we note several species
were significantly depleted in secreted proteins within their AT-
rich regions (C. fusiformis, E. festucae, E. glyceriae, C. immitis,
and M. roreri). A summary of enriched and depleted Pfam
domains in genes/proteins within AT-rich regions compared

with those outside (supplementary table S5, Supplementary
Material online) did not highlight any notable enriched Pfam
domains for most species. However, most species were en-
riched in proteins lacking conserved Pfam domains (by
Fisher’s exact test, P! 0.05)

Discussion
Links between RIP, bimodal genomes, transposon activity, and
the evolution of fungal genomes have been made previously.
Presented here is a facile method for determining the pres-
ence of AT-rich genome regions and a systematic survey of
published fungal genomes. We show that far from unusual or
unique, bimodal genomes are common in the fungal king-
dom. Furthermore, for the first time, we have been able to
compare how this genome type manifests in a diverse set of
species and compare the gene content of AT-rich regions be-
tween species.

AT-Rich Region Formation

Our results are consistent with the hypothesis that AT-rich
regions are generally formed by transposon invasion followed
by mutation by RIP. The higher frequency of species with
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OcculterCut GBE

Genome Biol. Evol. 8(6):2044–2064. doi:10.1093/gbe/evw121 Advance Access publication June 11, 2016 2057

 by guest on Septem
ber 19, 2016

http://gbe.oxfordjournals.org/
D

ow
nloaded from

 

http://gbe.oxfordjournals.org/lookup/suppl/doi:10.1093/gbe/evw121/-/DC1
http://gbe.oxfordjournals.org/lookup/suppl/doi:10.1093/gbe/evw121/-/DC1
http://gbe.oxfordjournals.org/lookup/suppl/doi:10.1093/gbe/evw121/-/DC1
http://gbe.oxfordjournals.org/


AT-rich genome regions within the Pezizomycontina (fig. 5)
conforms to the taxonomic distribution of RIP, as previously
reported by Clutterbuck (2011) and supports the role of RIP in
the formation of these regions. The observed TpA dinucleo-
tide bias in most species with AT-rich regions surveyed pro-
vides further evidence of this. Clusters of some closely related
species harboring AT-rich regions may indicate that AT-rich
regions either developed prior to speciation or that closely
related species share a common predisposition for the devel-
opment of AT-rich regions.

Several species known to be RIP competent were not found
to have bimodal genomes. For example, in silico evidence sup-
ports RIP activity in Penicillium roqueforti (Ropars et al. 2012),

and whereas small amounts of AT-rich genome segments are
visible in the GC-content distribution, there is not a distinct AT-
rich peak in the GC-content distribution. Previously reported in
silico evidence also supports RIP-like activity in obligate bio-
trophs Melampsora laricis-populina and Puccinia graminia
(Horns et al. 2012), from the subphylum Pucciniomycotina,
albeit with different dinucleotide biases to those typically
seen within the Pezizomycotina. Both these species show
unimodal distributions. Therefore, while RIP appears to be
necessary for the formation of AT-rich regions, evidence of
RIP activity within a genome does not necessarily mean the
genome is bimodal. The evidence of RIP can also be due to
historical RIP and RIP may no longer be an active process. The

FIG. 8.—Percentage differences between average amino acid content of genes within and outside AT-rich regions are shown. Different colors corre-

spond to different fungal species as per the key (bottom right). Bars that have a solid fill color show where the difference in amino acid frequency is

statistically significant (Mann–Whitney U test, P = 0.05). Percentage differences above y = 0 correspond to higher values within AT-rich regions and below

y = 0 correspond to lower values within AT-rich regions (see axis labels).
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FIG. 9.—Percentage differences between codon usage frequencies in coding sequences within and outside AT-rich regions are shown. Percentage

differences above y = 0 correspond to higher values within AT-rich regions and below y = 0 correspond to lower values within AT-rich regions (see axis labels).

Each species is represented by different color as per the species key. Codons are grouped according to the amino acid they encode (see brackets and labels on

the x-axis). The horizontal position of each plot is based on the GC-content of the codons, with low GC-content codons positioned to the left and higher GC-

content codons to the right. Vertical grey bands and labels at the top of the figure show the codon GC-content.
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presence of repeats is also required for AT-rich region forma-
tion though RIP activity, however without subsequent RIP
these sequences are not necessarily distinguishable from the
rest of the genome by their GC-content.

A number of additional factors that could affect AT-rich
genome formation are not investigated in this survey. RIP
occurs around the time of meiosis and as such the sexual
cycle of the fungi is relevant to the presence of RIP affected
sequences. We note that species thought to be predominantly
asexual—Verticillium dahliae, Magnaporthe oryzae, Fusarium
oxysporum, and most Metarhizium spp. (Taylor et al. 1999; Hu
et al. 2014)—contained relatively low proportions of AT-rich
regions (supplementary table S1, Supplementary Material
online). Time between sexual cycles (and RIP cycles) could
relate to how much repeats propagate throughout the
genome prior to RIP deactivation. Reproductive frequency
(both sexual and asexual) could also influence selection, as
the burden of replicating a large genome increases with
more frequent reproductive cycles. It is beyond the scope of
the current study to gather detailed data on each species, not
least because many sequenced species have not yet been
studied in detail. Other factors affecting AT-rich region forma-
tion that are not investigated in this survey could relate to the
efficiency of RIP and the level of activity of other transposon
defence mechanisms such as DNA methylation (Miura et al.
2001) and RNA interference (Buchon and Vaury 2006; Cerutti
and Casas-mollano 2006; Chung et al. 2008). The genomes
we see are those that have survived and as such selection plays
a part in the amount of AT-rich sequence we see.

Links to Evolution

Transposon activity contributes to genetic variability and diver-
sification. RIP is primarily considered to be a fungal defence
mechanism against the proliferation of repeats. In this survey,
we saw a range of AT-rich region genome contents—i.e., the
overall proportion of the genome comprised of AT-rich re-
gions—from genomes comprised of ~1% AT-rich regions,
to extreme cases where AT-rich regions dominated the
genome. Most examples of genomes identified with AT-rich
regions were at the lower end of the spectrum where RIP has
prevented the spread of repeats and could be thought of as
evidence of selection favoring genome stability. At the higher
end of the spectrum, we see some genomes have been ex-
tensively invaded by repeats prior to their deactivation by RIP,
resulting bloated genomes with large components of AT-rich
regions. Transposon proliferation and subsequent RIP has the
potential to give a burst of diversification, provided both by
the transposons and the RIP mutations, followed by a return
to relative stability. Within the surveyed Pezizomycotina, bi-
modal genomes were similarly common within the genomes
of saprobes, pathogens, and symbionts. However, in the ge-
nomes of symbionts and pathogens there was a shift toward
higher components of AT-rich regions (fig. 5B).

An important consideration in our interpretation of these
data is the bias in the subset of fungi that have been se-
quenced. Fungal species are not selected for study at
random, but rather because of their industrial relevance or
experimental tractability. For example, model organisms
such as saprobic Pezizomycotina species N. crassa and A. nidu-
lans were selected for stability. Many plant pathogens are se-
quenced because of their economic relevance and as such this
group is biased toward pathogens that are particularly suc-
cessful and thus more frequently employing effective evolu-
tionary strategies. Further biases exist where sequencing has
been motivated by the desire to conduct comparative geno-
mics research, manifesting in clusters of genome sequences of
closely related organisms.

It is not yet possible to know if a truly random sampling of
the fungal kingdom would show the same trends seen here,
however there are some reasons why high components of AT-
rich regions might be more common in symbionts and path-
ogens. In both the symbionts and the pathogens, it appears to
be species with a plant host that are largely responsible for this
trend (fig. 5B). Both plant symbionts and pathogens need to
evade host defences and are therefore under different selec-
tion pressures to saprobes. For example, plant pathogens fre-
quently have an evolutionary history of host jumps and
overcoming host resistance or control measures. Many of
these fungi are cosmopolitan—they travel the world and are
exposed to a variety of host resistance genes and fungicides—
and only the fit survive. Genome dynamism in these species is
key to their survival. This could explain why bursts of diversi-
fication that could come about with AT-rich region formation
would be a successful evolutionary strategy in plant pathogens
and thus a common theme to their genomes.

The GC-content distributions of the eight surveyed obligate
biotroph plant pathogen species (Blumeria graminis f. sp.
hordei, Blumeria graminis f. sp. tritici, Erysiphe necator,
M. larici-populina, Melampsora lini, P. graminis f. sp. tritici,
Puccinia striiformis f. sp. tritici and Uromyces viciae-fabae)
were clearly unimodal. Considering the taxonomic distribution
of RIP and that just three of the nine are Pezizomycotina spe-
cies (B. graminis f. sp. hordei, B. graminis f. sp. tritici and
E. necator), we cannot say whether unimodal genomes are
common theme in obligate biotrophs. Only three nonobligate
biotroph species from the Pezizomycotina were surveyed
(A. take, P. fulva, and U. virens with 58.5%, 43.8%, and
34.6% AT-rich region composition, respectively) and as such
we cannot reliably compare nonobligate biotrophs with the
other plant pathogen groupings. Obligate biotrophs are
known to have large, repeat-bloated genomes (Spanu 2012)
with the set of assemblies included in this survey ranging in
size from a large 82 Mb (B. graminis f. sp. tritici 96224; Wicker
et al. 2013) to an enormous 210 Mb (U. viciae-fabae I2; Link
et al. 2014). In fact, the genome of B. graminis f. sp. tritici was
estimated to be 120 Mb (Wicker et al. 2013) and U. viciae-
fabae between 330 and 379 Mb (Link et al. 2014), however
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due to difficulties assembling repetitive DNA the assemblies
are significantly smaller. It has previously been suggested that
in the evolution of obligate biotrophs a relaxation of con-
straints on transposon activity was advantageous as it allowed
genetic variability. Notably, the genes necessary for RIP are
absent from Blumeria spp., despite being common among
other Pezizomycotina. Future sequencing projects may shed
light on whether this is a common trend in obligate biotrophs
and clarify any differing trends in the nonobligate biotrophs.

Although we have larger sets of hemibiotrophic and necro-
trophic species within the Pezizomycotina that are more suit-
able for comparison (25 and 21, respectively), the distinction
between these groups is contentious. Many of these patho-
gens have at one time or another been referred to in the
published literature as both necrotrophs and hemibiotrophs.
Hemibiotrophs have a longer latent phase than necrotrophs,
but the exact length of latent phase that distinguishes these
two states is not clearly defined. Within the surveyed
Pezizomycotina, higher AT-rich region components were
more common among the hemibiotrophic plant pathogens
than the necrotrophs (fig. 5B, see supplementary table S1,
Supplementary Material online, for individual species). Three
species out of the 25 surveyed hemibiotrophic Pezizomycotina
(L. maculans “brassicae”, Marssonina brunnea f. sp. multi-
germtubi, and Pseudocercospora fijiensis) had bimodal ge-
nomes with >30% AT-rich region content, whereas the
highest AT-rich region content seen among the 21 necro-
trophic Pezizomycotina was 11.8% (Macrophomina phaseo-
lina MS6; Islam et al. 2012). These differences could relate to
the length the latent phase of infection, although it is also
possible that additional or unknown characteristics not docu-
mented in this survey may explain these differences.

As discussed in our introduction, coding sequences can be
affected by RIP mutations either by “leakage” of RIP into
neighboring nonrepeat regions or by being themselves dupli-
cated and thus directly targeted by RIP. Our results support
this, showing evidence that proteins within AT-rich regions
have an amino acid composition consistent with them evolv-
ing under these conditions. The differences in amino acid fre-
quency in coding sequences within AT-rich regions could
support the idea that AT-rich regions contribute to the evolu-
tion of proteins with novel sequence and function. On the
other hand, some nonsynonymous changes may be tolerated
if they occur without affecting protein function. This may
occur where amino acids are altered to those with similar
properties.

Bioinformatic Challenges and Consequences

We note that several of the genomes with the highest AT-rich
component also have high numbers of scaffolds (supplemen-
tary table S2, Supplementary Material online). This is likely due
to the difficulty in assembling repetitive sequences, possibly
compounded by amplification biases toward GC-equilibrated

regions when using some sequencing platforms (Elhaik,
Graur, Josic 2010; Ross et al. 2013). We placed no restrictions
on genome assembly quality when selecting genomes for this
survey, and it is likely that some low coverage short read as-
semblies have failed to capture AT-rich regions. We refer to
the reader to the recent paper by Thomma et al. (2015) which
highlights the benefits of generating more complete genomes
and closing gaps in assemblies. As genomic resources are im-
proved it will be interesting to see how our understanding of
repetitive genome regions and AT-rich regions improves.

As demonstrated, AT-rich regions can have a distinctly
lower GC-content than other genome regions and have
different dinucleotide compositional biases. Results show-
ing different amino acid usage and codon biases in AT-rich
regions demonstrate that coding sequences in these re-
gions also differ from the rest of the genome. These factors
all affect gene prediction, which in many cases relies on
patterns in short (typically 5 or 6 nucleotide) sequences of
DNA. Ab initio gene prediction training is typically carried
out on a training set of genes, which may result in param-
eters that are a poor match to sequences in AT-rich regions.
Existing fungal specific approaches to gene prediction (Reid
et al. 2014; Testa, Hane, Ellwood, et al. 2015) may offer a
platform for addressing these issues.

Leveraging AT-Rich Region Annotation to Advance
Fungal Bioinformatics and Crop Protection

This study has revealed the true extent of AT-rich regions
across the fungal kingdom, with special emphasis on the
Pezizomycotina. Theoretical analysis and analysis of the gene
content of AT-rich regions has highlighted a tell-tale amino
acid bias in RIP affected proteins. This phenylalanine, tyrosine,
lysine, isoleucine and asparagine enriched and glycine, alanine
and proline depleted (FYKIN-enriched, GAP-depleted) signa-
ture could be used to screen for effectors. Searching for
FYKIN-enriched GAP-depleted proteins has the potential to
locate candidate effectors that have evolved under RIP condi-
tions but no longer have an AT-rich genomic context.

Knowledge of the locations of AT-rich regions within
fungal genomes also allows additional metadata to be asso-
ciated with gene loci, describing their genomic context and
potential to accumulate RIP mutations through leakage. There
are only a handful established examples of pathogenicity-re-
lated avirulence genes in fungi that conform to this pattern,
therefore this method may yet highlight many new candidate
pathogenicity genes. To this end, we present the software
OcculterCut (available from https://sourceforge.net/projects/
occultercut, last accessed April 30, 2016) that is capable of
replicating the analyses presented herein as well as reporting
gene annotations within and near AT-rich regions. Finally, cur-
rent gene prediction methods typically rely on training based
on the overall gene set or existing homologs, both of which
are ill suited to accurate prediction of highly unique gene sets
residing in AT-rich regions and/or with specialized roles in
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plant pathogen interactions. We anticipate that this new
knowledge will open up avenues for the prediction of
nonstandard genes, particularly fungal effector-like genes,
which will be the subject of our continued investigations.

Supplementary Material
Supplementary tables S1–S7 are available at Genome Biology
and Evolution online (http://www.gbe.oxfordjournals.org/).
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Elhaik E, Graur D, Josić K, Landan G. 2010. Identifying compositionally
homogeneous and non-homogeneous domains within the human
genome using a novel segmentation algorithm. Nucleic Acids
Research 38:e158.

Ellison CE, et al. 2011. Massive changes in genome architecture accom-
pany the transition to self-fertility in the filamentous fungus
Neurospora tetrasperma. Genetics 189:55–69.

Farman ML. 2007. Telomeres in the rice BLAST fungus Magnaporthe
oryzae: the world of the end as we know it. FEMS Microbiol Lett.
273:125–132.

Finn RD, et al. 2014. Pfam: the protein families database. Nucleic Acids
Res. 42:D222–D230.

Floudas D, et al. 2012. The Paleozoic origin of enzymatic lignin
decomposition reconstructed from 31 fungal genomes. Science
336:1715–1719.

Freitag M, Williams RL, Kothe GO, Selker EU. 2002. A cytosine methyl-
transferase homologue is essential for repeat-induced point mutation
in Neurospora crassa. PNAS 99:8802–8807.

Fudal I, et al. 2009. Repeat-induced point mutation (RIP) as an alternative
mechanism of evolution toward virulence in Leptosphaeria maculans.
Mol Plant Pathol. 22:932–941.

Galagan JE, et al. 2003. The genome sequence of the filamentous fungus
Neurospora crassa. Nature 422:859–868.

Galagan JE, et al. 2005. Sequencing of Aspergillus nidulans and
comparative analysis with A. fumigatus and A. oryzae. Nature
438:1105–1115.

Gardiner DM, et al. 2012. Comparative pathogenomics reveals horizon-
tally acquired novel virulence genes in fungi infecting cereal hosts.
PLoS Pathog. 8:e1002952.

Gioti A, et al. 2013. Genomic insights into the atopic eczema-associated
skin commensal yeast Malassezia sympodialis. mBio. 4:1–16.

Testa et al. GBE

2062 Genome Biol. Evol. 8(6):2044–2064. doi:10.1093/gbe/evw121 Advance Access publication June 11, 2016

 by guest on Septem
ber 19, 2016

http://gbe.oxfordjournals.org/
D

ow
nloaded from

 

http://gbe.oxfordjournals.org/lookup/suppl/doi:10.1093/gbe/evw121/-/DC1
http://www.gbe.oxfordjournals.org/
http://gbe.oxfordjournals.org/


Goffeau A, et al. 1996. Life with 6000 genes. Science 274:546–567.
Goodwin SB, et al. 2011. Finished genome of the fungal wheat path-

ogen Mycosphaerella graminicola reveals dispensome structure,
chromosome plasticity, and stealth pathogenesis. PLoS Genet.
7:e1002070.

Gout L, et al. 2006. Lost in the middle of nowhere: the AvrLm1 avirulence
gene of the Dothideomycete Leptosphaeria maculans. Mol Microbiol.
60:67–80.

Graı̈a F, et al. 2001. Genome quality control: RIP (repeat-induced point
mutation) comes to Podospora. Mol Microbiol. 40:586–595.

Hane JK, Oliver RP. 2008. RIPCAL: a tool for alignment-based analysis of
repeat-induced point mutations in fungal genomic sequences. BMC
Bioinform. 9:478.

Hane JK, Oliver RP. 2010. In silico reversal of repeat-induced point muta-
tion (RIP) identifies the origins of repeat families and uncovers ob-
scured duplicated genes. BMC Genomics 11:655.

Hane JK, et al. 2011. A novel mode of chromosomal evolution peculiar to
filamentous Ascomycete fungi. Genome Biol. 12:R45.

Hane JK, Williams AH, Taranto AP, Solomon PS, Oliver RP. 2015. Genetic
transformation systems in fungi. Fungal Biol. 2:55–68.

Heitman J, Sun S, James TY. 2013. Evolution of fungal sexual reproduction.
Mycologia 105:1–27.

Horns F, Petit E, Yockteng R, Hood ME. 2012. Patterns of repeat-induced
point mutation in transposable elements of basidiomycete fungi.
Genome Biol Evol. 4:240–247.

Hu X, et al. 2013. Genome survey uncovers the secrets of sex and lifestyle
in caterpillar fungus. Chin Sci Bull. 58:2846–2854.

Hu X, et al. 2014. Trajectory and genomic determinants of fungal-
pathogen speciation and host adaptation. Proc Natl Acad Sci U S A.
111:16796–16801.

Idnurm A, Howlett BJ. 2003. Analysis of loss of pathogenicity mutants reveals
that repeat-induced point mutations can occur in the Dothideomycete
Leptosphaeria maculans. Fungal Genet Biol. 39:31–37.

Ikeda K-i, et al. 2002. Repeat-induced point mutation (RIP) in
Magnaporthe grisea: implications for its sexual cycle in the natural
field context. Mol Microbiol. 45:1355–1364.

Irelan JT, Hagemann AT, Selker EU. 1994. High frequency repeat-induced
point mutation (RIP) is not associated with efficient recombination.
Genetics 138:1093–1103.

Islam MS, et al. 2012. Tools to kill: genome of one of the most destructive
plant pathogenic fungi Macrophomina phaseolina. BMC Genomics
13:493.

Jurka J, et al. 2005. Repbase update, a database of eukaryotic repetitive
elements. Cytogenet Genome Res. 110:462–467.

Link T, Seibel C, Voegele RT. 2014. Early insights into the genome se-
quence of Uromyces fabae. Front Plant Sci. 5:587.

Lo Presti L, et al. 2015. Fungal effectors and plant susceptibility. Annu Rev
Plant Biol. 66:513–545.

Martinez D, et al. 2004. Genome sequence of the lignocellulose degrading
fungus Phanerochaete chrysosporium strain RP78. Nat Biotechnol.
22(6):695–700.

Meerupati T, et al. 2013. Genomic mechanisms accounting for the adap-
tation to parasitism in nematode-trapping fungi. PLoS Genet.
9:e1003909.

Meinhardt LW, et al. 2014. Genome and secretome analysis of the hemi-
biotrophic fungal pathogen, Moniliophthora roreri, which causes
frosty pod rot disease of cacao: mechanisms of the biotrophic and
necrotrophic phases. BMC Genomics 15:164.

Miura A, et al. 2001. Mobilization of transposons by a mutation abolishing
full DNA methylation in Arabidopsis. Nature 411:212–214.

Nakayashiki H, Nishimoto N, Ikeda K., Tosa Y, Mayama S. 1999.
Degenerate MAGGY elements in a subgroup of Pyricularia grisea: a
possible example of successful capture of a genetic invader by a fungal
genome. Mol Gen Genet. 261:958–966.

NCBI Resource Coordinators 2014. Database resources of the
National Center for Biotechnology Information. Nucleic Acids Res.
43:6–17.

Ohm RA, et al. 2012. Diverse lifestyles and strategies of plant pathogenesis
encoded in the genomes of eighteen Dothideomycetes fungi. PLoS
Pathog. 8:e1003037.

Oliver JL, Bernaola-Galván P, Carpena P, Román-Roldán R. 2001. Isochore
chromosome maps of eukaryotic genomes. Gene 276:47–56.

Oliver JL, Carpena P, Hackenberg M, Bernaola-Galván P. 2004. IsoFinder:
computational prediction of isochores in genome sequences. Nucleic
Acids Res. 32:W287–W292.

Oliver R. 2012. Genomic tillage and the harvest of fungal phytopathogens.
New Phytol. 196:1015–1023.

Pan G, et al. 2013. Comparative genomics of parasitic silkworm micro-
sporidia reveal an association between genome expansion and host
adaptation. BMC Genomics 14:186.

Petersen TN, Brunak S, von Heijne G, Nielsen H. 2011. SignalP 4.0: dis-
criminating signal peptides from transmembrane regions. Nat
Methods. 8(10):785–786.

Pryszcz LP, Németh T, Gácser A, Gabaldén T. 2014. Genome com-
parison of Candida orthopsilosis clinical strains reveals the exis-
tence of hybrids between two distinct subspecies. Genome Biol
Evol. 6:1069–1078.

Quinlan AR, Hall IM. 2010. BEDTools: a flexible suite of utilities for com-
paring genomic features. Bioinformatics 26:841–842.

Raffaele S, Kamoun S. 2012. Genome evolution in filamentous plant
pathogens: why bigger can be better. Nat Rev Microbiol.
10:417–430.

Raffaele S, et al. 2010. Genome evolution following host jumps in the irish
potato famine pathogen lineage. Science 330:1540–1544.

Reid I, et al. 2014. SnowyOwl: accurate prediction of fungal genes by using
RNA-Seq and homology information to select among ab initio models.
BMC Bioinform. 15:229.

Ropars J, et al. 2012. Sex in cheese: evidence for sexuality in the fungus
Penicillium roqueforti. PloS One 7:e49665.

Ross MG, et al. 2013. Characterizing and measuring bias in sequence data.
Genome Biol. 14:R51.

Rouxel T, et al. 2011. Effector diversification within compartments of the
Leptosphaeria maculans genome affected by repeat-induced point
mutations. Nat Commun. 2:202.

Schardl CL, et al. 2013. Plant-symbiotic fungi as chemical engineers: multi-
genome analysis of the clavicipitaceae reveals dynamics of alkaloid loci.
PLoS Genet. 9:e1003323.

Selker EU, Cambareri EB, Jensen BC, Haack KR. 1987. Rearrangement
of duplicated DNA in specialized cells of neurospora. Cell 51:
741–752.

Sharpton TJ, et al. 2009. Comparative genomic analyses of the human fungal
pathogens Coccidioides and their relatives. Genome Res. 19:1722–1731.

Spanu PD. 2012. The genomics of obligate (and nonobligate) biotrophs.
Annu Rev Phytopathol. 50:91–109.

Storck R. 1965. Nucleotide composition of nucleic acids of fungi.
J Bacteriol. 91(1):227–230.

Sun B-F, et al. 2013. Multiple interkingdom horizontal gene transfers in
pyrenophora and closely related species and their contributions to
phytopathogenic lifestyles. PloS One 8:e60029.

Taylor JW, Jacobson DJ, Fisher MC. 1999. The evolution of asexual fungi:
reproduction, speciation and classification. Annu Rev Phytopathol.
37:197–246.

Testa A, Oliver R, Hane J. 2015. Overview of genomic and bioinformatic
resources for Zymoseptoria tritici. Fungal Genet Biol. 79:13–16.

Testa AC, Hane JK, Ellwood SR, Oliver, Richard P. 2015.
CodingQuarry: highly accurate hidden Markov model gene pre-
diction in fungal genomes using RNA-seq transcripts. BMC
Genomics 16:170.

OcculterCut GBE

Genome Biol. Evol. 8(6):2044–2064. doi:10.1093/gbe/evw121 Advance Access publication June 11, 2016 2063

 by guest on Septem
ber 19, 2016

http://gbe.oxfordjournals.org/
D

ow
nloaded from

 

http://gbe.oxfordjournals.org/


Thomma BPHJ, et al. 2015. Mind the gap; seven reasons to close frag-
mented genome assemblies. Fungal Genet Biol. 90:24–30.

Tzeng TH, Lyngholm LK, Ford CF, Bronson CR. 1992. A restriction frag-
ment length polymorphism map and electrophoretic karyotype of the
fungal maize pathogen Cochliobolus heterostrophus. Genetics.
130(1):81–96.

Van de Wouw AP, et al. 2010. Evolution of linked avirulence effec-
tors in Leptosphaeria maculans is affected by genomic environ-
ment and exposure to resistance genes in host plants. PLoS
Pathog. 6:e1001180.

Watters MK, Randall, Thomas A, Margolin BS, Selker EU, Stadier DR. 1999.
Action of repeat-induced point mutation on both strands of a duplex
and on tandem duplications of various sizes in neurospora. Genetics
153(2):705–714.

Wellcome Trust Sanger Institute. 2015. GFF (General Feature Format) spe-
cifications document. [cited 2016 Apr 30]. Available from: http://
www.sanger.ac.uk/resources/software/gff/.

Wicker T, et al. 2013. The wheat powdery mildew genome shows the unique
evolution of an obligate biotroph. Nat Genet. 45:1092–1096.

Xu X-H, et al. 2014. The rice endophyte Harpophora oryzae genome re-
veals evolution from a pathogen to a mutualistic endophyte. Sci Rep.
4:5783.

Zhang Y, et al. 2014. Specific adaptation of Ustilaginoidea virens in occu-
pying host florets revealed by comparative and functional genomics.
Nat Commun. 5:3849.

Zheng P, et al. 2011. Genome sequence of the insect pathogenic fungus
Cordyceps militaris, a valued traditional Chinese medicine. Genome
Biol. 12:R116.

Zhu S, et al. 2012. Sequencing the genome of Marssonina brunnea reveals
fungus-poplar co-evolution. BMC Genomics 13:382.

Zolan ME. 1995. Chromosome-length polymorphism in fungi. Microbiol
Rev. 59:686–698.

Associate editor: Davide Pisani

Testa et al. GBE

2064 Genome Biol. Evol. 8(6):2044–2064. doi:10.1093/gbe/evw121 Advance Access publication June 11, 2016

 by guest on Septem
ber 19, 2016

http://gbe.oxfordjournals.org/
D

ow
nloaded from

 

http://www.sanger.ac.uk/resources/software/gff/
http://www.sanger.ac.uk/resources/software/gff/
http://gbe.oxfordjournals.org/


106	
	

	 	



107	
	

Chapter	7 Pyrenophora	teres	f.	teres	and	Pyrenophora	

teres	f.	maculata	genome	assemblies	and	effector	

prediction	

7.1 Attribution	statement	
	

	

Title:		 Pyrenophora	teres	f.	teres	and	Pyrenophora	teres	f.	maculata	genomics	and	

effector	prediction	

Authors:	 Alison	C	Testa,	Simon	R	Ellwood,	Julie	Lawrence,	and	Richard	P	Oliver	

	

	

This	thesis	chapter	was	the	result	of	collaborative	laboratory	based	work	and	bioinformatics	analysis.	

As	such,	not	all	work	contained	within	this	chapter	can	be	attributed	to	the	Ph.	D.	candidate.	

	

The	Ph.	D.	candidate	(ACT)	made	the	following	contributions	to	this	chapter:	

• ACT	conducted	the	bioinformatics	analysis	

• ACT	wrote	the	chapter,	excepting	the	sections	describing	DNA	and	RNA	extractions	

• ACT	did	not	conduct	any	of	the	wet	laboratory	work	

	

The	following	contributions	were	made	by	co-authors:	

• SRL	wrote	the	DNA	and	RNA	extraction	descriptions	

• DNA	and	RNA	extractions	and	all	other	lab	work	was	carried	out	by	SRE	and	JL	

• RPO,	SRE,	and	JKH	reviewed	the	manuscript	

	 	



108	
	

I,	Alison	Testa,	hereby	certify	that	this	attribution	statement	is	an	accurate	record	of	my	contribution	

to	the	research	presented	in	this	chapter	

	
	
	
_______________________________	 	 ________________	
Alison	C	Testa	 	 	 	 	 Date	
	
	
	
	
	
I	certify	that	this	attribution	statement	is	an	accurate	record	of	Alison	Testa’s	contribution	to	the	
research	presented	in	this	chapter.	
	
	
	
	
_______________________________	 	 ________________	
Richard	P	Oliver		 	 	 	 	 Date	
(Principal	supervisor	and	co-author)		
	
	
	
	
_______________________________	 	 ________________	
Simon	R	Ellwood			 	 	 	 Date	
(Principal	supervisor	and	co-author)		

	 	



109	
	

7.2 Abstract	
Pyrenophora	teres	f.	teres	(Ptt)	and	Pyrenophora	teres	f.	maculata	(Ptm)	are	fungal	pathogens	

causing	net-form	of	net-blotch	and	spot-form	of	net-blotch	on	susceptible	barley	cultivars.	In	this	

study,	the	genome	of	each	of	the	pathogens	was	sequenced	using	PacBio	single-molecule	real-time	

(SMRT)	sequencing	technology,	resulting	in	56.7	Mbp	and	42.0	Mbp	assemblies	for	Ptt	and	Ptm	

respectively.	RNA-seq	driven	gene	prediction	methods	were	used	to	predict	the	gene	content	of	

each	species,	with	particular	attention	given	to	the	inclusion	of	small,	secreted	proteins	of	interest	to	

downstream	effector	candidate	prediction	work.	Finally,	the	genomic	context	and	protein	sequences	

of	each	of	the	species	was	analysed	and	candidate	effectors	selected.	These	high-quality	genomic	

resources	and	the	assessment	of	candidate	effectors	will	form	a	strong	basis	for	continued	research	

into	these	pathogens.	

7.3 Background	

Barley	is	Australia’s	second	largest	crop	(2)	as	well	as	being	an	important	crop	worldwide,	and	is	

used	for	animal	feed,	in	malting,	and	grain	for	human	consumption.	In	Australia,	barley	pathogens	

are	estimated	to	cause	average	annual	yield	losses	of	252	million	dollars	or	19.6%	of	the	average	

annual	barley	crop	value	(2).	Among	the	most	important	pathogens	of	barley	are	the	fungal	

pathogen	species	Pyrenophora	teres	f.	teres	(Ptt)	and	Pyrenophora	teres	f.	maculata	(Ptm).	

	

Ptt	and	Ptm	cause	net-form	of	net-blotch	and	spot-form	of	net-blotch	respectively.	These	species	

have	generally	been	described	as	necrotrophs	in	the	literature	(14,15,46),	however	each	has	a	latent	

phase	of	infection	and	could	be	considered	a	hemibiotroph.	Disease	symptoms	of	the	net-form	

appear	as	necrotic	lines	running	parallel	along	the	leaf	veins,	with	perpendicular	necrosis	

occasionally	joining	these	longer	lines	to	form	a	net-like	pattern.	In	contrast,	spot	form	appears	as	

oval	or	circular	necrotic	regions	surrounded	by	yellowing	chlorotic	leaf	tissues,	similar	to	the	lesions	

caused	by	Pyrenophora	tritici-repentis	(Ptr)	on	wheat	(13).	Ptt	and	Ptm	are	classed	as	‘forms’,	but	

may	be	considered	as	distinct	species,	with	hybridization	between	the	two	species	noted	as	either	

unusual	or	absent	under	field	conditions	(223).	Phylogenetic	analysis	of	orthologous	intergenic	

regions	in	Ptt,	Ptm,	and	Ptr	estimated	the	two	barley	infecting	species	diverged	from	the	wheat	

infecting	Ptr	about	8.04	M	years	ago,	while	Ptm	and	Ptt	diverged	from	each	much	more	recently	at	

around	519	k	years	ago	(14).	

	

The	first	Pyrenophora	species	to	be	sequenced	was	Ptr,	using	Sanger	technology	with	the	assembly	

assisted	by	optical	mapping,	resulting	in	a	compact	37.8	Mbp	assembly	contained	within	47	scaffolds	

(5,12).	The	first	genome	assembly	of	Ptt	was	published	in	2010,	assembled	from	short	paired-end	

read	data	from	the	Solexa	platform	(15).	The	resulting	assembly	was	41.95	Mb	and	allowed	the	

identification	of	11,799	putative	genes.	Analysis	of	the	gene	content	found	non-ribosomal	peptide	

synthetases	and	efflux	pumps	to	have	undergone	Ptt	specific	gene	expansion.	A	more	recent	
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addition	to	the	set	of	sequenced	Pyrenophora	spp.	has	been	the	seed	pathogen	Pyrenophora	

semeniperda	(224).	To	date	a	genome	sequence	of	Ptm	has	not	been	published.	

	

Evidence	has	shown	that	the	barley-Ptt	pathosystem	operates,	at	least	in	part,	as	necrotrophic	

effector	triggered	susceptibility	(46),	similar	to	that	seen	in	the	wheat	Ptr	and	wheat-

Parastagonospora	nodorum	interaction	(87,152).	There	is	also	evidence	of	dominant	resistance,	and	

these	species	may	therefore	also	harbour	avirulence	effectors	(13).	Despite	this,	no	effectors	have	as	

yet	been	cloned	from	Ptt	or	Ptm.	Bioinformatic	analysis	of	genomic	resources	can	assist	in	identifying	

putative	effectors,	which	can	then	be	further	investigated	by	heterologous	expression	and	

infiltration	into	cultivars	of	the	host	plant.	The	bioinformatic	components	to	this	approach	typically	

involve	assembling	a	pathogen	genome	sequence,	predicting	the	gene	content,	and	selecting	a	set	of	

candidate	effector	genes.	Effector	candidates	are	typically	chosen	based	on	properties	observed	

from	the	set	of	known	fungal	effectors,	such	as	their	size,	cysteine	content,	genomic	context,	

expression	profile,	and	evidence	of	positive	selection	(86–88).	Recently,	EffectorP,	a	machine	

learning	fungal	effector	predictor,	has	been	developed	to	assess	the	protein	sequences	of	secreted	

proteins	and	predict	putative	effectors	(89).	The	selection	of	effector	candidates	relies	on	the	

genome	assembly	and	gene	predictions,	and	as	such	establishing	high-quality	genomic	resources	for	

a	pathogen	species	is	an	important	preliminary	step	in	predicting	the	effector	gene	content.	

	

PacBio	single-molecule	real-time	(SMRT)	sequencing	technology	has	recently	emerged	as	a	low	cost	

sequencing	technology	that	achieves	long	DNA	reads.	These	long	reads	are	capable	of	spanning	

repetitive	regions	that	cannot	be	reconstructed	when	assembling	short	read	data	alone.	

Furthermore,	this	technology	does	not	have	a	GC-content	bias,	and	has	been	shown	to	achieve	

consistent	coverage	of	AT-rich	sequence	(112).	This	is	particularly	relevant	to	Dothideomycete	

genome	where	AT-rich	genome	regions	are	common	(Chapter	6)	due	to	the	activity	of	repeat-

induced	point	mutation	(RIP).	RIP	is	a	mechanism	by	which	repeat	regions	are	peppered	with	C	to	T	

transitions	on	both	strands,	resulting	in	genome	sequence	that	is	AT-rich	(64,65).	The	potential	for	

PacBio	reads	to	be	sufficiently	long	to	traverse	repetitive	regions	while	maintaining	consistent	

coverage	over	AT-rich	RIP	degraded	repeats	makes	this	technology	an	attractive	choice	for	improving	

assembly	quality.	The	frequent	close	proximity	of	known	effectors	to	repetitive	and	in	some	cases	

AT-rich	genome	regions	means	reducing	assembly	gaps	and	fragmentation	is	of	particular	

importance	to	downstream	effector	gene	prediction	(113).	

	

After	genome	assembly,	gene	prediction	is	the	first	step	in	assessing	the	gene	content	of	an	

organism	and	forms	the	basis	for	downstream	analysis,	including	the	prediction	of	effectors.	RNA-

seq	has	become	a	popular	as	a	low	cost	sequencing	technology	that	can	be	used	to	improve	gene	

predictions	(10,119,121,225),	with	alignments	of	reads	and/or	transcripts	to	the	genome	providing	

evidence	of	gene	loci	and	intron	boundaries.	Adding	the	utility	of	RNA-seq	data,	many	gene	
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prediction	tools	and	pipelines	incorporate	RNA-seq	data	to	improve	gene	predictions	(129,132,198).	

RNA-seq	data	has	been	used	to	annotate	numerous	fungal	pathogen	species	(10,119)	and	the	

identification	of	novel	small,	cysteine-rich	proteins	has	been	reported	(10).	As	such,	the	use	of	RNA-

seq	data	in	gene	prediction	has	the	potential	to	greatly	benefit	downstream	effector	prediction.	

7.4 Methods	

7.4.1 DNA	library	preparation	and	extraction	(short-read)	

Isolates	were	grown	in	Fries	2	media	until	sufficient	biomass	was	achieved.	Due	to	a	high	

polysaccharide	content,	DNA	was	extracted	using	a	modified	high	salt	cetyltrimethylammonium	

bromide	(CTAB)	procedure	incorporating	2M	NaCl	and	based	on	that	that	described	by	Michiels	et	al.	

(226).	Samples	were	extracted	with	an	equal	volume	of	chloroform/isoamyl	(24:1)	treated	with	50	

μg	RNase,	and	extracted	with	chloroform/isoamyl	again.	DNA	was	precipitated	with	5M	NH4Ac	and	

precipitated	at	room	temperature	overnight	with	0.7	volume	isopropanol.	Pelleted	DNA	was	

dissolved	in	TE	and	the	further	treated	with	buffer	RLT	(Qiagen).	Finally,	the	DNA	was	extracted	using	

chloroform/isoamyl		followed	by	a	2x	volumes	EtOH	precipitation.		

7.4.2 RNA	library	preparation	and	extraction	(short-read)	

RNA	tissue	samples	were	taken	at	3	days,	1	week	and	3	weeks	for	isolates	grown	Fries	2	cultures.	

Samples	were	also	taken	from	early	growth	on	a	mixture	of	V8	and	PDA	rapidly	growing	plates	at	2	

days)	and	from	older	plates	(10	days)	when	conidia	start	to	form.	RNA	extractions	using	Trizol	

(Thermo	Fisher	Scientific,	Waltham,	MA,	USA)	were	performed	as	per	the	manufacturer’s	

instructions.	Any	contaminating	DNA	was	removed	by	DNase	treatment	(Thermo	Fisher	Scientific).	

cDNA	was	synthesised	using	a	BioRad	(Hercules,	CA,	USA)	iScript	cDNA	kit.	

7.4.3 Preparation	of	DNA	for	PacBio	sequencing	

Single	molecule	PacBio	sequencing	requires	high	MW	DNA	free	of	contaminants,	a	challenge	with	

many	fungal	species	and	P.	teres	in	particular	as	DNA	preparations	are	typically	viscous	and	coloured.	

Although	DNA	yields	and	A260/280	ratios	tend	to	be	good	with	published	protocols,	A260/230	ratios	

are	consistently	low.	We	therefore	used	partial	digestion	of	fungal	tissue	with	hydrolytic	enzymes.		

	

P.	teres	isolates	were	grown	in	the	dark	in	Fries	2	with	3g/L	sucrose	in	flasks		at	125	rpm	at	room	

termperature	for	2-3	days	or	until	there	was	adequate	biomass.	Mycelia	were	rinsed	in	sterile	water	

blended	then	grown	overnight-24	hours	as	above.	The	mycelia	were	harvested	by	centrifuging	at	

2000g	10	minutes	and	rinsed	three	times	with	MWS	(1M	NaCl,	10mM	MgCl2,	10mM	KH2PO4	pH	

5.8).	Two	grams	of	mycelia	were	digested	overnight	in	40	mL	MWS	with	3%	Extralyse	(Laffort,	

Bordeaux,	France)	with	gentle	rocking	gently	at	4oC.	Mycelia	harvested	and	rinsed	three	times	with	

water	before	blotting	dry	on	milk	filters	and	blotting	paper.	
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The	CTAB	protocol	described	above	for	short	read	DNA	libraries	and	based	on	Michiels	et	al.	(2003)	

was	used	with	the	following	changes:	Only	a	single	phenol/chloroform/isoamyl	(25:24:1)	extraction	

followed	by	a	5	M	NH4Ac	and	ethanol	precipitation	was	performed	after	the	CTAB	incubation	step	

and	a	single	chloroform/isoamyl	(24:1)	extraction	followed	by	a	5	M	NH4Ac	and	isopropanol	

precipitation	was	carried	out	after	RNase	treatment	to	minimise	DNA	loss	and	shearing.	

7.4.4 Assembly	

7.4.4.1 Pyrenophora	teres	f.	teres	

PacBio	reads	were	self-corrected	and	assembled	using	the	PBcR	pipeline	(parameters:	-length	500,	-

partitions	200,	genomeSize=57000000,	-sensitive)	from	Celera	Assembler	(v.	8.3)	(115).	Quiver	

(SMRT	pipe)	was	used	to	polish	the	draft	assembly	generated	by	PBcR,	as	recommended	in	the	PBcR	

manual.	DNA	Illumina	short	reads	were	trimmed	for	adapter	sequences	and	quality	using	

Trimmomatic	(200)	(adapters:2:30:10	LEADING:30,TRAILING:30,	SLIDINGWINDOW:5:30,	

MINLEN:35).	The	resulting	short	reads	were	aligned	to	the	polished	PacBio	assembly	using	bowtie	(v.	

2.2.5)	(227).	Pilon	(v.	1.13)	(228)	(--fix	bases,gaps,local,breaks)	was	then	used	to	correct	errors	

highlighted	by	the	Illumina	alignment.	

7.4.4.2 Pyrenophora	teres	f.	maculata	

The	P.	teres	f.	maculata	assembly	was	generated	in	the	same	manner	as	described	above	for	Ptt	

using	PBcR,	Quiver,	and	Pilon	with	a	smaller	genome	size	set	when	running	PBcR	

(genomeSize=42000000).	

7.4.5 Annotation	

7.4.5.1 DNA	repeat	identification	

Repeat	identification	was	based	on	the	description	given	in	the	MAKER	tutorials	(229),	and	

consistent	with	previously	published	studies	of	fungi	employing	a	combination	of	structure	based	

and	de	novo	methods	(20,230).	The	same	repeat	identification	process	was	conducted	

independently	on	Ptt	and	Ptm	assemblies.	An	identical	analysis	of	the	repetitive	content	of	Ptr	was	

also	conducted	to	allow	Ptt	and	Ptm	to	be	compared	to	Ptr	without	bias	due	to	differing	repeat	

identification	methods.	Structure-based	repeat	identification	was	used	to	identify	full-length	long	

terminal	repeat	(LTR),	miniature	inverted-repeat	transposable	element	(MITE),	and	terminal-repeat	

retrotransposons	in	miniature	(TRIM)	elements.	A	filtering	process	was	then	used	to	remove	

redundancy	in	this	set	and	select	a	set	of	representative	sequences.	The	resulting	set	of	sequences	

was	used	to	mask	the	genome	before	carrying	out	de	novo	repeat	identification.	Finally,	the	repeat	

libraries	from	the	different	repeat	finding	methods	(structure	based	and	de	novo)	were	used	to	

identify	repeats	in	assembly.	Details	of	each	of	these	steps	are	described	in	detail	in	the	following	

paragraphs.	
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MITE	sequences	were	identified	using	MITE-hunter	(231)	with	default	parameters.	Putative	LTR	

transposon	sequences	were	identified	using	LTRharvest	(232),	firstly	searching	for	those	with	LTR	

sequences	with	99%	identity.	Internal	features	of	the	putative	LTRs	were	annotated	using	LTRdigest	

(233)	with	the	eukaryotic	tRNA	database	GtRNAdb	(234).	Putative	transposons	with	an	annotated	

polypurine	tract	(PPT)	or	primer	binding	site	(PBS)	with	less	than	50%	overlap	with	LTR	sequences,	

situated	within	20	bp	of	the	LTR	(5’	for	PPT,	3’	for	PBS)	were	retained	and	others	discarded.	

Sequence	similarity	between	pairs	of	sequences	up	and	downstream	of	LTRs	can	be	an	indication	of	

a	false	positive	LTR.	As	such,	pairs	of	regions	50	bp	up	and	downstream	of	LTRs	were	aligned	and	

where	an	alignment	had	>60%	identity	over	25	or	more	nucleotides	the	putative	LTR	was	discarded.	

Finally,	nested	transposons	were	filtered	out	by	searching	for	alignments	between	LTR	sequences	

and	the	inner	regions	of	transposons,	discarding	transposons	where	an	LTR	aligned	with	>80%	

identity	over	>90%	of	its	length.	Representative	transposons	were	selected	using	an	iterative	all–by–

all	blastn	(BLAST+	v.	2.2.30)	(209)	approach.	In	each	iteration	blastn	was	used	to	find	alignments	with	

>80%	identity,	covering	>90%	of	both	the	query	and	reference	sequence.	The	sequence	with	the	

most	of	these	alignments	was	moved	to	a	set	of	representative	sequences,	and	sequences	it	aligned	

to	were	discarded.	This	was	repeated	until	either	no	hits	were	found	(remaining	sequences	were	

moved	to	the	set	of	representative	sequences)	or	all	sequences	had	been	moved	out	of	the	main	set.	

This	process	was	repeated	searching	for	LTRs	with	85%	identity,	removing	putative	LTRs	with	

homology	to	those	already	identified	(>80%	identity	over	90%	length).	A	library	of	TRIM	sequences	

was	also	generated	by	the	same	method	used	to	identify	LTR-transposons,	but	with	parameters	

restricting	the	search	to	sequence	lengths	typical	of	TRIMs.	

	

MITE,	TRIM	and	LTR-transposon	libraries	were	concatenated	and	used	with	RepeatMasker	(204)	to	

mask	the	genome.	The	resulting	genome	sequence,	within	which	repeats	families	identified	using	

structure	based	methods	had	been	masked,	was	then	used	as	input	to	the	de	novo	repeat	

identification	pipeline	RepeatModeler	(203),	which	incorporates	k-mer	based	(using	RepeatScout	

(235))	and	homology	based	(using	RECON	(203))	repeat	prediction.	This	was	done	to	discover	any	

additional	repeat	families	that	were	not	detected	by	method	relying	on	the	recognition	of	structural	

features	(such	of	LTRs)	exhibited	by	members	of	some	repeat	families.	Finally,	the	consensus	library	

generated	by	RepeatModeler	was	combined	with	the	MITE,	TRIM,	and	LTR-transposon	libraries	and	

used	with	RepeatMasker	to	locate	repeats	in	the	genome.	

7.4.5.2 AT-rich	region	and	RIP	

AT-rich	regions	were	searched	for	using	in	Ptt,	Ptm,	and	the	publically	available	Ptr	BFP-ToxAC	

assembly	(12)	using	OcculterCut	(described	in	Chapter	6).	Dinucleotide	frequencies	calculated	from	

AT-rich	genome	regions	were	compared	to	those	calculated	from	GC-equilibrated	genome	regions.	

TpA/ApT	RIP	indices	were	calculated	and	compared	for	each	region	type.	
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7.4.5.3 Genes	

Identical	gene	prediction	methods	were	employed	for	both	Ptt	and	Ptm.	RNA-seq	reads	were	aligned	

to	the	genome	assembly	using	TopHat	(v.	2.1.0)	(122,201)	and	assembled	using	Cufflinks	(v.	2.2.1)	

(202).	The	“junctions.bed”	file	output	by	TopHat	was	converted	to	a	bed	file	of	intron	locations	and	

used	as	an	input	to	run	GeneMark-ET	(v.	4.30)	(207).	A	second	set	of	annotations	was	predicted	

using	CodingQuarry	(v.	2.0)	(198),	using	the	Cufflinks	transcript	alignment	to	self-train	and	inform	

predictions.	In	predicting	genes	using	AUGUSTUS	(124,133)	a	training	set	of	genes	was	needed	to	

first	train	AUGUSTUS.	A	training	set	of	genes	was	not	necessary	to	run	CodingQuarry	or	GeneMark-

ET,	as	these	self-train.	A	recently	released	pipeline,	BRAKER1	(132),	automates	the	training	of	

AUGUSTUS	using	GeneMark-ET,	however	the	presented	methods	were	finalised	prior	to	its	

publication.	To	select	a	set	of	gene	models	for	training,	the	subset	of	CodingQuarry	predictions	with	

Cufflinks	transcript	support	were	compared	to	GeneMark-ET	predictions	and	a	common	set	

separated.	Protein	sequences	were	extracted	from	this	set	and	blastp	was	used	to	search	for	

alignments	to	reviewed	Uniprot-KB	entries	from	fungal	species.	Proteins	with	an	alignment	spanning	

≥90%	of	both	the	query	protein	and	the	database	entry	were	separated	into	a	set	of	high	quality	

genes.	This	high	quality	set	was	used	to	train	AUGUSTUS.	AUGUSTUS	(v	3.2)	(124,133)	was	run	with	

the	resulting	parameters	and	intron	hints	derived	from	the	TopHat	alignment.	CodingQuarry-PM	

(CodingQuarry	v.	2.0	pathogen	mode,	Chapter	4)	was	run	subsequent	to	CodingQuarry	in	an	attempt	

to	further	predict	effector-like	genes.	Gene	predictions	were	run	using	the	soft-masked	genome	

sequence,	that	is,	where	repetitive	genome	regions	are	indicated	by	lower-case	letters	in	the	

genome	sequence	file.	

	

Predictions	made	by	CodingQuarry,	CodingQuarry-PM,	GeneMark-ET,	and	AUGUSTUS	and	transcript	

alignments	from	Cufflinks	were	input	to	EVidenceModeler	(v.	1.1.1)	(128)	(weights:	Cufflinks	=	6,	

CodingQuarry	=	2,	AUGUSTUS	=	2,	and	GeneMark-ET	=	1).	Additional	steps	were	then	taken	to	

ensure	effector-like	genes	were	included	in	the	final	annotation.	Predictions	made	by	CodingQuarry,	

CodingQuarry-PM,	AUGUSTUS,	and	putative	coding	sequences	annotated	as	the	longest	open-

reading	frame	within	each	Cufflinks	transcript	were	compared	to	the	EVidenceModeler	gene	set	

using	BEDTools	(v.	2.17)	(211)	coverageBED	tool.	Predicted	genes	that	did	not	overlap	a	gene	in	the	

EVidenceModeler	gene	set	were	separated.	Protein	sequences	were	extracted	from	these	gene	

models,	and	those	that	were	predicted	to	be	secreted	(SignalP	v.	4.1	(208))	or	had	a	Pfam	domain	hit	

were	separated.	Conflicting	predicted	gene	structures	at	loci	within	this	set	were	manually	

inspected.	Where	the	Cufflinks	assembly	showed	better	support	for	one	of	the	gene	models,	it	was	

selected.	“Better”	support	was	judged	as	more	complete	exon	support.	Where	there	was	no	

transcript	evidence	to	assist	in	the	choice	of	gene	model,	the	longer	predicted	coding	sequence	was	

retained.	Upon	resolving	conflicts,	the	additional	predicted	gene	set	was	added	to	the	

EVidenceModeler	set	to	form	the	final	set	of	annotations.	
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7.4.6 Gene	content	analysis	

Gene	IDs	and	their	basic	properties	(location,	number	of	exons,	size)	were	recorded	in	a	table,	

alongside	a	summary	of	which	prediction	method	had	contributed	to	its	prediction.	If	the	gene	

model	predicted	by	a	particular	software	tool	was	identical	to	the	gene	model	at	that	locus	in	the	

final	annotation	set,	this	software	tool	was	considered	to	have	contributed	to	the	final	annotation.	

Genes	were	compared	to	the	Cufflinks	derived	transcript	alignment	and	this	information	was	

documented	to	allow	future	users	of	these	gene	predictions	to	assess	the	reliability	of	predictions	

when	considering	their	planned	analysis.		

	

Protein	sequences	from	the	final	gene	set	were	extracted	and	searched	for	Pfam	(v.	29.0)	domains	

using	hmmscan	(HMMER	3.1b2	(210),	automatic	cut-off	determined	using	the	parameter	--cut-ga).	

Blastp	(BLAST+	v.	2.2.30)	(209)	was	used	to	identify	genes	common	to	Ptt,	Ptm,	and	Ptr.	When	

comparing	Ptm	and	Ptt,	protein	sequences	were	queried	against	a	protein	database	built	from	the	

other	species’	proteome.	A	query	gene	searched	(using	blastp	from	BLAST+	v.	2.2.30	(209))	against	a	

protein	database	showing	90%	or	greater	coverage	by	90%	or	higher	amino	acid	level	alignments	

was	considered	to	be	common	to	both	species.	The	Ptr	annotation	was	derived	by	differing	methods	

to	those	outlined	for	Ptt	and	Ptm,	and	as	such	presence	and	absence	variation	when	comparing	the	

predicted	protein	sets	could	reflect	the	differences	in	gene	prediction	techniques	rather	than	

genuine	differences	in	the	gene	content.	To	account	for	this,	when	making	comparisons	with	Ptr,	

protein	sequences	were	compared	to	Ptr	proteins	(using	blastp)	and	an	additional	step	of	searching	

for	alignments	to	the	Ptr	genome	sequence	was	carried	out	using	tblastn	(BLAST+	v.	2.2.30)	(209).	

Again,	to	consider	a	query	gene	as	“present”	in	a	subject	database,	>90%	protein	level	identity	and	

>90%	query	sequence	coverage	by	the	blast	alignments	was	required.	

7.4.7 Effector	gene	prediction	

Genes	were	assessed	according	to	properties	typically	associated	with	effectors	and	the	resulting	

data	was	recorded	(Supplementary	section	S2	Tables	1	and	2).	The	distance	from	each	gene	to	the	

closest	AT-rich	region	and	repeat	was	recorded.	Coding	sequences	were	extracted,	translated	into	

protein	sequences,	and	their	size	(molecular	weight	in	Daltons	and	length	in	amino	acids)	and	

cysteine	content	(as	a	count	and	percentage	of	the	protein	length)	were	recorded.	Proteins	were	

searched	for	Pfam	domain	homology	using	hmmscan	(HMMER	3.1b2	(210),	automatic	cut-off	

determined	using	the	parameter	--cut-ga).	SignalP	(v.	4.1)	was	used	to	predict	proteins	with	a	signal	

peptide	and	the	signal	peptide	length	was	recorded.	TMHMM	(v.	2.0)	(236)	was	then	run	on	the	

putative	mature	peptide	sequences	output	by	SignalP.	Proteins	that	were	predicted	to	be	secreted	

by	SignalP	(v.	4.1)	and	did	not	contain	a	predicted	transmembrane	domain	within	their	mature	

peptide	sequence	were	separated	and	considered	as	the	predicted	secretome.	This	predicted	

secretome	was	analysed	using	EffectorP	(89)	and	resulting	probability	scores	recorded.	A	cumulative	

score	out	of	10	was	given	to	each	gene	based	on	the	following	criteria:	
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• +2	Strong	RNA-seq	support	

• +1	Partial	RNA-seq	support	

• +2	Predicted	to	be	secreted	

• +1	EffectorP	score	≥	0.8	

• +1	Within	1	kbp	of	an	AT-rich	region	

• +1	Within	1	kbp	nucleotides	of	a	repetitive	element	

• +1	Absent	or	highly	diverged	in	other	P.	teres	species	

• +1	Absent	or	highly	diverged	in	Ptr	

• +1	No	Pfam	domain	OR	a	Pfam	domain	present	in	another	known	effector.	

EffectorP	takes	into	account	the	protein	size	and	cysteine	content	as	part	of	its	automated	machine	

learning	process,	and	as	such	these	protein	attributes	have	been	tabulated	but	do	not	contribute	to	

the	effector	scoring.	Strong	RNA-seq	support	was	included	to	ensure	that	the	annotations	of	genes	

selected	for	downstream	analysis	are	accurate,	rather	than	because	it	indicates	a	gene	may	encode	

an	effector.	Each	of	the	criteria	used	in	this	scoring	system	have	been	tabulated	(Supplementary	S2),	

allowing	different	scoring	to	be	applied	in	future	studies	as	further	data	comes	to	light.		

7.5 Results	

7.5.1 Assembly	

A	summary	of	the	PacBio	SMRT	read	sequencing	output	is	given	in	Table	7.	Initially,	4	x	P4	chemistry	

and	2	x	P5	chemistry	SMRT	cells	were	used	for	each	Ptt	and	Ptm.	A	greater	total	read	length	for	Ptm	

was	achieved	than	Ptt.	This	was	thought	to	be	due	to	differences	in	the	suitability	of	the	library	

preparation	techniques	for	each	of	the	pathogens.	These	initial	data	sets	were	later	supplemented	

with	P6	chemistry	reads	in	order	to	achieve	greater	coverage	depth	necessary	for	accurate	error	

correction	of	the	reads.	Due	to	earlier	observations	of	the	higher	read	coverage	achieved	for	Ptm,	

more	SMRT	cells	were	used	for	Ptt	(10	x	P6	for	Ptt	compared	to	4	x	P6	for	Ptm)	to	compensate.	The	

distributions	of	sub-read	lengths	for	P4,	P5,	and	P6	chemistries	are	shown	in	Figure	5.	Ptt	Won1-1	

assembled	into	397	scaffolds	with	a	total	sequence	of	56.7	Mbp.	More	than	half	of	the	assembly	is	

contained	within	the	10	largest	scaffolds	(N50	=	10),	with	the	10th	largest	scaffold	1.89	kbp	in	length	

(L50	=	1.89	Mbp).	Ptm	SG1-1	assembled	into	131	scaffolds	with	a	total	sequence	of	42.0	Mbp,	N50	of	

10,	and	L50	of	1.18	Mbp.	Based	on	the	assembly	sizes	achieved,	the	PacBio	SMRT	read	coverage	was	

135X	for	Ptt	and	179X	for	Ptm.	

		 Ptt	 		 Ptm	
Pacbio	
chemistry	 SMRT	cells	 Base	pairs	

(Mbp)	
Coverage	 	

SMRT	cells	 Base	pairs	
(Mbp)	

Coverage	

(on	56.7Mbp)	 (on	42.0Mbp)	
P4s	 4	 1,064	 19.8X	 		 4	 2,183	 51.9X	
P5s	 2	 730	 12.9X	 		 2	 1,434	 34.1X	
P6s	 10	 5,864	 103X	 		 4	 3,918	 93.3X	
total	 16	 7,658	 135X	 		 10	 7,535	 179X	
Table	7:	A	summary	of	the	PacBio	sub-reads	obtained	from	sequencing	Ptt	and	Ptm.	
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Figure	5	PacBio	SMRT	sub-read	length	distributions	obtained	for	A.	Ptt	and	B.	Ptm	are	shown.	Sub-reads	derived	from	each	
of	the	different	chemistries	have	been	plotted	in	different	colours	(P4s	–	purple,	P5s	–	blue,	P6s	–	green).	

7.5.2 Repetitive	content	

A	total	of	23.0	Mbp	(40.4%)	of	the	Ptt	assembly	was	annotated	as	repetitive,	compared	to	10.7	Mbp	

(25.7%)	of	the	Ptm	assembly.	This	14.4	Mbp	difference	in	the	repetitive	content	of	the	two	

assemblies	accounts	for	most	of	the	12.3	Mbp	difference	in	assembly	size,	giving	the	two	species	

comparable	non-repetitive	assembly	sizes	of	33.7	Mbp	(Ptt)	and	31.3	Mbp	(Ptm)	(Figure	6).	These	

sizes	are	close	to	the	non-repetitive	Ptr	size	of	32.4	Mbp,	although	Ptr	had	a	much	smaller	repetitive	

component	of	5.4	Mbp	(14.3%	of	the	assembly)	(Figure	6).	

	

	

Figure	6:	A	summary	of	the	length	of	the	Ptr,	Ptm,	and	Ptt	assemblies	taken	up	by	repetitive	(orange)	and	non-repetitive	
regions	(blue).	The	overall	lengths	of	repetitive	and	non-repetitive	regions	have	been	further	broken	down	into	those	
within	AT-rich	genome	regions	(light	blue	for	non-repetitive	regions,	light	orange	for	repetitive	regions)	and	those	within	
GC-equilibrated	regions	(dark	blue	for	non-repetitive	regions,	dark	orange	for	repetitive	regions).	

In	all	3	assemblies	(Ptt,	Ptm,	and	Ptr),	Class	I	LTR	retrotransposons	accounted	for	the	majority	of	

repetitive	sequences	(Table	8).	In	both	Ptt	and	Ptm,	LTR	retrotransposon	content	was	predominantly	

from	Gypsy	superfamily	elements,	whereas	the	Ptr	LTR	retrotransposon	content	was	mainly	from	

Copia	superfamily	elements.	

	 	

A. P! B. Ptm
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Table	8	A	summary	of	the	repetitive	content	of	the	Ptt,	Ptm	and	Ptr	assemblies	

Class	 Repeat	class	 Repeat	type	

Total	number	of	

families	 Total	length	(bp)	

Percentage	of	repeat	

content	

Percentage	of	genome	

assembly	

Ptt	 Ptm	 Ptr	 Ptt	 Ptm	 Ptr	 Ptt	 Ptm	 Ptr	 Ptt	 Ptm	 Ptr	

Class	I	 LTR	
Retrotransposon	

Copia	 15	 9	 23	 4,193,192	 2,294,686	 2,512,115	 18.3%	 21.5%	 46.8%	 7.4%	 5.5%	 6.6%	

	

Gypsy	 30	 13	 9	 9,496,045	 5,375,888	 833,991	 41.4%	 50.4%	 15.5%	 16.7%	 12.8%	 2.2%	

	total	 		 		 44	 22	 32	 13,659,116	 7,805,494	 3,345,539	 59.5%	 73.1%	 62.3%	 24.1%	 18.6%	 8.8%	

	

Non	LTR	

Retrotransposon	

LINE/Tad1	 2	 -	 2	 252,112	 -	 121,946	 1.1%	 -	 2.3%	 0.4%	 -	 0.3%	

	 	

LINE/RTE-BovB	 2	 -	 -	 244,135	 -	 -	 1.1%	 -	 -	 0.4%	 -	 -	

	 	

LINE/R1	 1	 -	 -	 26,152	 -	 -	 0.1%	 -	 -	 0.0%	 -	 -	

	 	

LINE	(Unkown)	 1	 -	 -	 122,898	 -	 -	 0.5%	 -	 -	 0.2%	 -	 -	

	 	

LINE/Penelope	 -	 1	 -	 -	 20,257	 -	 -	 0.2%	 -	 -	 0.0%	 -	

	 	

Line/L1	 -	 -	 1	 -	 -	 18,797	 -	 -	 0.4%	 -	 -	 0.0%	

	total	 		 		 6	 1	 3	 645,243	 20,257	 140,743	 2.8%	 0.2%	 2.6%	 1.1%	 0.0%	 0.4%	

Class	II	 DNA	transposon	 TcMarFot1	 8	 4	 4	 970,289	 718,752	 410,488	 4.2%	 6.7%	 7.6%	 1.7%	 1.7%	 1.1%	

	 	

Academ	 1	 -	 -	 275,884	 -	 -	 1.2%	 -	 -	 0.5%	 -	 -	

	 	

hAT-Restless	 1	 1	 7	 199,380	 42,565	 540,095	 0.9%	 0.4%	 10.1%	 0.4%	 0.1%	 1.4%	

	 	

hAT-Ac	 1	 1	 -	 46,847	 246,060	 -	 0.2%	 2.3%	 -	 0.1%	 0.6%	 -	

	 	

TcMarTc1	 1	 1	 1	 44,691	 24,372	 38,624	 0.2%	 0.2%	 0.7%	 0.1%	 0.1%	 0.1%	

	 	

TcMar-ISRm11	 -	 -	 2	 -	 -	 33,751	 -	 -	 0.6%	 -	 -	 -	

	 	

TcMar-Ant1	 -	 -	 1	 -	 -	 126,589	 -	 -	 2.4%	 -	 -	 -	

	 	

MuLE-MuDR	 1	 -	 -	 20,313	 -	 -	 0.1%	 -	 -	 0.0%	 -	 -	

	 	

Ginger	 -	 1	 -	 -	 7,512	 -	 -	 0.1%	 -	 -	 0.0%	 -	

	total	 		 		 13	 8	 12	 1,556,126	 1,034,875	 1,149,500	 6.8%	 9.7%	 21.4%	 2.7%	 2.5%	 3.0%	

Non-autonomous	 TRIMs	

	

4	 5	 1	 154,215	 149,084	 7,013	 0.7%	 1.4%	 0.1%	 0.3%	 0.4%	 0.0%	

	

MITEs	

	

35	 14	 15	 2,532,409	 224,248	 185,420	 11.0%	 2.1%	 3.5%	 4.5%	 0.5%	 0.5%	

	total	 		 		 39	 19	 16	 2,686,100	 363,013	 192,432	 11.7%	 3.4%	 3.6%	 4.7%	 0.9%	 0.5%	

Unknown	/	

unclassified	

Unknown	/	

Unclassified	

		 43	 28	 49	 4,403,798	 1,306,494	 912,961	 19.2%	 12.2%	 17.0%	 7.8%	 3.1%	 2.4%	
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GC-content	analysis	found	the	assemblies	of	Ptt	and	Ptm	to	be	bimodal;	alternating	between	blocks	

of	AT-rich,	repeat	dense,	gene	sparse	regions	and	gene	dense	GC-equilibrated	regions.	This	genome	

feature	—	discussed	in	detail	in	Chapter	6	—	has	been	reported	in	some	fungal	species,	most	notably	

L.	maculans.	AT-rich	regions	were	not	found	in	the	genome	assembly	of	Ptr,	which	has	a	clearly	

unimodal	GC-content.	AT-rich	regions	were	on	average	around	24	kbp	and	28	kbp	in	the	Ptt	and	Ptm	

assemblies	respectively,	however	both	contained	much	longer	AT-rich	regions,	the	longest	almost	

400	kbp	in	the	Ptt	assembly	and	just	over	300	kbp	in	the	Ptm	assembly.	In	both	the	Ptt	and	Ptm	

assemblies,	the	majority	(63%	and	80%	respectively)	of	repetitive	sequence	was	within	AT-rich	

genome	regions	(Figure	6).	AT-rich	regions	in	Pezizomycotina	species	are	generally	a	signature	of	RIP	

(see	Chapter	6),	which	mutates	cytosine	nucleotides	to	thymine	nucleotides	(C	to	T).	RIP	is	biased	

towards	the	mutation	of	CpA	di-nucleotides,	resulting	in	a	high	TpA/ApT	ratio	when	compared	to	

regions	that	are	not	RIP	affected.	The	ratio	of	TpA/ApT	dinucleotides	seen	in	Ptt	AT-rich	regions	was	

1.9,	compared	to	a	ratio	of	0.8	in	GC-equilibrated	regions,	supporting	the	activity	of	RIP	in	AT-rich	

regions.	Evidence	of	RIP	is	also	seen	in	the	AT-rich	regions	of	Ptm,	which	have	a	TpA/ApT	

dinucleotide	ratio	of	1.9.		

7.5.3 Gene	annotations	

The	Ptt	gene	set	contained	13,470	genes	with	an	average	gene	length	of	493	amino	acids	and	an	

average	of	2.5	exons	per	gene.	The	Ptm	gene	prediction	contained	11,813	genes,	with	a	similar	

average	gene	length	and	average	number	of	exons	per	gene	to	Ptt,	at	471	amino	acids	and	2.6	exons	

per	gene.	The	higher	number	of	genes	predicted	in	Ptt	is	consistent	with	the	non-repetitive	portion	

of	the	Ptt	genome	being	2.4	M	bp	larger	than	the	non-repetitive	portion	of	the	Ptm	genome	(Figure	

6).	Details	of	the	gene	content	of	each	species	are	summarised	in	Table	9	Summary	of	Ptt	and	Ptm	

gene	content	and	listed	in	detail	in	supplementary	section	S2.		

	

Table	9	Summary	of	Ptt	and	Ptm	gene	content	

Species	
Genome	
size	(Mbp)	

No.	assembled	
transcripts	
(Cufflinks)	

No.	
genes	

Average	
exons	per	
gene	

Average	gene	
length	(amino	
acids)	

Genes	
predicted	to	be	
secreted	

Genes	with	
Pfam	
domain	

Ptt	 56.7	 14,606	 13,470	 2.5	 493	 1,327	 8,672	
Ptm	 42.0	 13,055	 11,813	 2.6	 471	 1,296	 7,692	
	

As	described	in	the	methods	section,	RNA-seq	data	was	utilised	in	training	gene	prediction	software	

and	informing	predictions.	In	the	resulting	Ptt	gene	set,	8153	genes	had	strong	support	from	the	

transcript	assembly	alignment,	3,528	had	partial	support,	and	a	minority	of	1789	were	unsupported.		

Similar	levels	of	support	were	seen	in	the	Ptm	gene	set,	with	7115,	3192,	and,	1506	genes	with	

strong,	partial,	and	no	transcript	assembly	support	respectively.		

	

The	bulk	of	the	gene	set	for	each	species	were	output	by	EVidenceModel,	as	the	result	of	combining	

predicted	gene	sets	from	CodingQuarry,	CodingQuarry-PM,	AUGUSTUS,	and	GeneMark-ET.	This	
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totalled	12,829	genes	or	95.2%	of	final	gene	set	for	Ptt	and	11,444	genes	or	96.9%	of	the	final	gene	

set	for	Ptm.	The	agreement	of	predicted	gene	models	from	CodingQuarry,	CodingQuarry-PM,	

GeneMark-ET,	and	AUGUSTUS	is	shown	in	Figure	7.	Over	5000	genes	in	each	of	the	final	predicted	

gene	sets	for	Ptt	and	Ptm	were	predicted	identically	by	each	of	the	gene	predictors.	In	each	species,	

over	80%	of	the	CodingQuarry-PM	predicted	genes	that	were	included	in	the	final	gene	set	were	not	

predicted	by	the	other	gene	prediction	tools.		

	
Figure	7	Venn	diagrams	showing	the	agreement	of	the	various	gene	predictors	with	the	final	gene	set	for	A	Ptt	and	B	Ptm.		

Subsequent	measures	included	predicted	genes	that	were	not	included	in	the	EVidenceModeler	set	

but	were	predicted	by	other	gene	prediction	software,	and	were	predicted	to	be	secreted	or	had	

Pfam	domain	support	(see	Methods).	This	resulted	in	the	inclusion	of	641	additional	genes	for	Ptt	

and	369	genes	for	Ptm.		

7.5.4 Effector	prediction	

When	applied	to	the	Ptt	gene	set,	cumulative	effector	scoring	system	described	resulted	in	13	genes	

scoring	10/10,	96	scoring	9/10,	and	233	scoring	8/10.	Of	the	109	top-scoring	(9/10	and	10/10)	genes,	

62	gene	models	were	part	of	the	set	that	was	added	as	a	supplement	to	the	EVidenceModeler	set.	

Twenty-six	of	the	top-scoring	genes	or	24%	were	predicted	by	CodingQuarry-PM,	which	is	specially	

designed	to	predict	effector-like	genes.	These	results	highlight	the	importance	of	ensuring	effector	

like	genes	are	included	in	annotations,	as	without	the	special	measures	taken	to	include	these	genes	

(see	Methods)	the	list	of	candidate	effectors	would	be	significantly	shorter.	The	set	of	233	genes	

scoring	8/10	contains	two	proteins	that	are	weak	homologous	(PttWon1-1.001410	and	PttWon1-

1.065610)	to	the	Fusarium	oxysporum	effector	SIX7.	Local	alignments	between	the	Ptt	proteins	
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PttWon1-1.001410	and	PttWon1-1.065610	are	163	and	103	amino	acids	with	32.5%	and	33.6%	

amino	acid	level	identity.	Also	among	the	233	genes	scoring	8/10	is	a	protein	sequence	present	in	12	

copies	throughout	the	genome	and	absent	from	Ptm.	While	not	one	of	the	top-scoring	(9/10	or	

10/10)	effector	candidates,	the	multi-copy	nature	of	this	gene	is	interesting	considering	the	Ptr	

effector	ToxB	is	present	in	multiple	copies	(173).	The	protein	is	111	amino	acids	long,	contains	3	

cysteines,	has	an	EffectorP	score	of	0.87	and	does	not	have	homology	to	any	protein	in	NCBI’s	nr.	

	

Of	the	11,813	Ptm	genes,	3	received	an	“effector”	score	of	10/10,	28	received	a	9/10	score,	and	156	

received	an	8/10	score	based	on	the	criteria	discussed	in	the	methods	section	and	relating	to	protein	

sequence	properties	and	genomic	context.	Of	these	31	top-scoring	(scoring	10/10	or	9/10)	effector	

candidates,	12	(39%)	were	genes	that	had	been	added	to	the	EVidenceModeler	gene	set	in	

attempting	to	ensure	effector-like	genes	were	included	in	the	gene	annotation.	Of	the	31	top-scoring	

genes,	12	(39%)	had	been	predicted	by	CodingQuarry-PM,	a	run	mode	of	CodingQuarry	designed	to	

predict	effector-like	genes	that	are	frequently	missed	by	other	gene	prediction	methods	(see	

Chapter	4).	Again,	these	results	support	the	importance	of	ensuring	effector-like	genes	are	not	

missed	at	the	gene	prediction	stage	of	effector	candidate	searches.	A	further	278	genes	received	a	

score	of	7,	among	which	is	a	protein	that	is	not	present	in	Ptt	but	shows	51.7%	homology	to	the	

known	Ptr	effector	ToxB,	with	the	alignment	spanning	the	full	87	amino	acids	of	ToxB.	

7.6 Discussion	
The	assembly	and	annotation	results	presented	represent	a	dramatic	improvement	in	the	genomic	

resources	available	for	Ptt.	In	addition	to	this	improved	Ptt	assembly,	we	have	also	presented	a	high	

quality	assembly	of	the	closely	related	Ptm,	enabling	the	presented	comparisons	of	repetitive	

content	and	setting	the	stage	for	further	comparative	genomics.	Furthermore,	these	new	resources	

enabled	comparisons	between	the	two	recently	diverged	barley	pathogens	Ptt	and	Ptm,	and	with	

the	closely	related	wheat	pathogen	Ptr.		

	

The	previously	published	genome	sequence	of	Ptt	0-1	was	assembled	from	75	bp	paired	end	reads	

from	Illumina’s	Solexa	platform.	Half	of	the	assembly	was	contained	within	408	scaffolds,	as	

compared	to	just	10	scaffolds	in	the	assembly	presented	here.	Furthermore,	at	56.7	Mbp	the	new	

assembly	is	around	14.7	Mbp	larger	than	the	previous	assembly.	This	size	difference	can	be	largely	

attributed	to	the	assembly	of	repeats	and	made	possible	by	PacBio	SMRT	long-reads.	This	highlights	

one	of	the	shortcomings	of	many	fungal	draft	genome	assemblies	derived	from	short	read	

sequencing,	where	repetitive	regions	are	either	absent	or	highly	fragmented.	This	result	advocates	

the	use	of	PacBio	SMRT	sequencing	as	an	alternative	to	short-read	sequencing	where	downstream	

analysis	of	the	repetitive	content	of	the	genome	is	planned.		

	



122	
	

With	our	new	high-quality	assemblies	we	find	notable	differences	in	the	transposon	content	of	these	

three	Pyrenophora	species.	Transposon	activity	has	been	linked	to	host-jumps	(72),	and	the	higher	

repetitive	content	of	Ptm	and	Ptt	when	compared	to	Ptr	may	have	been	instrumental	in	the	

divergence	of	the	barley-infecting	Pyrenophora	teres	species	from	Ptr.	Expanded	genomes	and	

transposon	activity	has	also	been	linked	to	the	evolution	of	effectors	(50,53).	RIP	activity	in	the	

barley	infecting	Pyrenophora	species	Ptt	and	Ptm	has	given	them	a	bimodal	GC-content	similar	to	

that	seen	in	L.	maculans	and	in	stark	contrast	to	the	unimodal	GC-content	of	Ptr.	The	activity	of	RIP	

within	AT-rich	regions	of	the	Ptm	and	Ptt	genomes	adds	another	dimension	to	evolutionary	potential	

of	these	species.		

	

One	of	the	key	research	goals	in	the	study	of	these	P.	teres	species	is	to	identify	candidate	effector	

proteins,	which	can	be	expressed	in	the	lab	with	the	objective	of	identifying	and	developing	resistant	

barley	varieties.	In	other	plant	pathogen	species,	numerous	effectors	have	been	identified	close	to	

or	within	repetitive	genome	regions,	and	as	such	the	assembly	of	these	regions	is	particularly	

important.	In	the	newly	presented	assemblies	a	number	of	secreted	proteins	with	this	genomic	

context	are	identified,	and	a	more	accurate	assessment	of	this	proximity	of	gene	loci	to	repeats	

provided.	These	new	insights	about	the	repetitive	content	of	Ptm	and	Ptt	and	additional	effector	

candidate	criteria	were	made	possible	through	the	use	of	PacBio	sequencing,	without	which	large	

portions	of	the	genome	would	have	been	fragmented	or	absent	(as	was	the	case	in	the	previously	

published	Ptt	assembly).	

	

The	identification	of	effector	candidates	can	also	be	hampered	by	poor	quality	gene	calls.	By	using	a	

combination	of	RNA-seq	driven	methods,	the	newly	presented	annotations	can	be	expected	to	be	far	

more	reliable	than	the	previously	published	ab	initio	predictions.	As	such,	the	assembly	and	

annotation	improvements	presented	here	will	positively	impact	future	efforts	to	identify	effectors.	

Furthermore,	top	scoring	effector	candidates	presented	here	may	can	be	further	refined	through	the	

incorporation	of	additional	lines	of	evidence	such	as	expression	data,	proteomics,	and	comparison	

with	additional	isolates.	

	

7.6.1 Supporting	Information		

	

S2	Table	1:	A	list	of	Ptt	genes	with	their	protein	properties	and	characteristics	used	to	select	effector	

candidates.	

	

S2	Table	2:	A	list	of	Ptm	genes	with	their	protein	properties	and	characteristics	used	to	select	

effector	candidates.	
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Chapter	8 Conclusion	
The	bioinformatic	prediction	of	effectors	is	a	multi-step	process,	involving	genome	assembly,	gene	

prediction,	and	the	selection	of	effector	candidates.	The	research	presented	in	this	thesis	has	

contributed	to	effector	gene	prediction	through	novel	gene	prediction	techniques,	an	improved	

understanding	of	AT-rich	regions	and	a	method	for	assessing	them,	and	genomic	resources	and	

candidate	effectors	for	barley	pathogens	Pyrenophora	teres	f.	maculata	(Ptm)	and	Pyrenophora	teres	

f.	teres	(Ptt).	

8.1 Gene	prediction	

A	large	part	of	this	thesis	focused	on	the	gene	prediction	stage	of	the	typical	effector	candidate	

prediction	pipeline,	which	follows	genome	assembly	and	precedes	the	actual	selection	of	putative	

effectors	from	larger	gene	lists.	This	involved	general	improvements	to	fungal	gene	annotation	

through	the	incorporation	of	RNA-seq	data,	analysis	of	the	prediction	of	known	fungal	effector	gene	

loci,	a	method	to	specifically	address	the	problem	of	effectors	that	are	missed	by	gene	prediction	

software,	and	a	practical	application	of	gene	prediction	methods	in	the	annotation	of	Ptm	and	Ptt.	

	

In	the	first	part	of	this	research,	fungal	gene	prediction	improvement	through	the	incorporation	of	

RNA-seq	transcripts	was	investigated	(198).	The	method	developed,	CodingQuarry,	capitalises	on	the	

high	proportion	of	correctly	assembled	transcripts	seen	in	fungal	RNA-seq	experiments	by	using	

these	both	for	training	and	to	make	coding	sequences	predictions	directly	from	assembled	

transcripts	sequences.	CodingQuarry	was	also	designed	mindful	of	a	common	error	in	fungal	

transcript	reconstruction,	where	adjacent	gene	loci	with	overlapping	untranslated	regions	(UTRs)	can	

assemble	into	a	single,	merged	transcript.	Benchmarking	against	high-quality	gene	sets	within	model	

fungal	organisms	S.	pombe	and	S.	cerevisiae	demonstrated	over	90%	of	genes	were	predicted	

correctly	—	a	4–5%	improvement	over	the	next-best	competing	method	tested.	Additional	

advantages	were	shown	in	a	reduction	of	adjacent	genes	being	predicted	as	a	single	larger	gene	

when	compared	to	AUGUSTUS	(237).	An	additional	feature	was	included	to	predict	putative	RNA-seq	

supported	genes	where	standard	gene	prediction	does	not	predict	a	coding	sequence.	This	was	

included	with	application	to	pathogenomics	in	mind,	where	additional	“dubious”	gene	predictions	

could	be	included	in	effector	candidate	lists	if	they	conformed	to	other	effector-like	characteristics	

(for	example,	are	predicted	signal	peptide).		

	

Approaches	combining	the	results	of	different	gene	prediction	tools	have	been	shown	to	achieve	

higher	accuracy	than	the	individual	tools	alone	(128).	This	relies	on	one	prediction	tool	making	a	

correct	prediction	at	a	locus	where	another	prediction	tool	fails,	meaning	a	higher	overall	accuracy	

can	be	achieved	by	selecting	the	correctly	predicted	gene	model	at	each	locus.	An	important	aspect	

to	CodingQuarry	was	that	it	incorporated	RNA-seq	evidence	in	a	different	way	to	competing	

software.	The	result	of	this	was	that	95%	of	the	common	set	of	genes	predicted	by	CodingQuarry	
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and	AUGUSTUS	were	correct,	and	each	gene	predictor	made	some	correct	predictions	at	loci	where	

the	other	failed.	Furthermore,	CodingQuarry	is	a	novel	gene	prediction	tool,	rather	than	one	that	

combines	existing	tools,	meaning	that	incorporating	CodingQuarry	into	pipelines	and	combining	

predictions	with	those	made	by	other	methods	has	the	potential	to	further	improve	fungal	gene	

prediction.	An	avenue	of	future	research	in	improving	fungal	gene	prediction	accuracy	could	be	to	

catalogue	the	types	of	prediction	errors	different	gene	prediction	software	makes	and	tailor	

pipelines	according	to	this	information.	For	example,	the	methodology	used	in	CodingQuarry	makes	

it	less	likely	to	merge	adjacent	gene	loci	than	AUGUSTUS,	and	fewer	of	these	errors	were	observed	in	

CodingQuarry	predictions	when	benchmarking	on	S.	pombe.	As	such,	a	pipeline	may	benefit	from	

weighting	CodingQuarry	predictions	higher	than	AUGUSTUS	predictions	where	AUGUSTUS	predicts	

one	large	gene	and	CodingQuarry	predicts	two	smaller	adjacent	genes.		

	

One	of	the	difficulties	in	attempting	to	improve	fungal	gene	prediction	is	having	high	confidence	

annotations	to	benchmark	sensitivity	and	specificity	against.	Ideally,	prediction	methods	should	be	

benchmarked	genome-wide	to	correctly	capture	the	full	range	of	variation	that	exists	within	a	

genome.	Furthermore,	gene	models	used	for	benchmarking	should	ideally	have	a	high	degree	of	

experimental	support.	Even	in	whole	genome	annotations	that	are	of	an	overall	high	quality,	

experimental	support	may	not	exist	or	its	acquisition	may	be	experimentally	intractable	for	certain	

gene	loci.	Gene	models	lacking	experimental	support	are	likely	to	be	themselves	the	result	of	gene	

prediction	software,	which	can	then	bias	attempts	to	benchmark	novel	and	existing	software.	In	

avoiding	the	pitfalls	of	inaccuracies	in	benchmarking	sets,	CodingQuarry	predictions	were	compared	

to	high-quality	annotations	that	exist	for	model	species	Saccharomyces	cerevisae	and	

Schizosaccharomyces	pombe.	It	would	be	extremely	beneficial	to	gene	prediction	improvement	to	

have	high-quality	reference	pathogen	genome	annotations,	which	could	be	used	to	further	assess	

and	improve	CodingQuarry	and	other	gene	prediction	tools.		

	

Comparing	gene	prediction	results	to	known	effector	genes	showed	that	effectors	are	frequently	

missed	by	gene	prediction	tools.	The	investigation	into	the	prediction	of	effector	genes	using	existing	

gene	prediction	tools	showed	that	effector	genes	were	frequently	missed	by	gene	prediction	

software.	The	prediction	of	effectors	was	more	successful	where	RNA-seq	data	supported	the	gene	

locus.	In	addressing	the	problem	of	missed	effector	gene	loci,	CodingQuarry-PM	—	a	pathogen	mode	

of	CodingQuarry	that	target	the	prediction	of	effector-like	genes	—	was	presented.	CodingQuarry-

PM	was	able	to	greatly	improve	this	situation,	vastly	reducing	the	number	of	missed	effectors,	by	

using	a	method	that	benefited	from	RNA-seq	data	but	was	not	reliant	on	it.	Future	applications	of	

CodingQuarry-PM	to	fungal	pathogen	genome	sequences	are	likely	to	locate	novel	effector	

candidates.		
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An	area	of	future	research	using	CodingQuarry-PM	could	be	use	proteomics	to	validate	to	

predictions.	Analysis	of	proteomics	datasets	involves	aligning	peptide	weights	to	locations	in	a	

protein	sequence	database.	Matches	to	CodingQuarry-PM	predictions	would	provide	strong	

evidence	that	these	are	genuine	genes.	Including	CodingQuarry-PM	predicted	protein	sequences	in	

protein	sequence	databases	has	the	potential	to	identify	novel	peptide	matches	that	had	been	

previously	overlooked.	Such	results	would	lend	further	support	to	CodingQuarry-PM	predictions	and	

may	reveal	interesting	effector	candidates.	

8.2 AT-rich	regions	

In	Chapter	5	and	Chapter	6,	AT-rich	regions	within	fungal	genomes	were	investigated,	motivated	by	

known	examples	of	effector-encoding	genes	in	close	proximity	to	AT-rich	regions.	Connections	

between	the	activity	of	repeat-induced	point	mutation	(RIP),	transposon	activity,	and	the	evolution	

of	pathogenicity	genes	have	been	made	in	previous	studies.	The	work	presented	in	this	thesis	

contributes	a	succinct	method	for	determining	the	presence	and	genomic	location	of	AT-rich	regions	

(OcculterCut)	and	a	systematic	survey	of	their	presence	and	properties	in	published	fungal	genomes.	

The	first	application	of	the	OcculterCut	method	was	made	in	describing	AT-rich	regions	within	Z.	

tritici	(Chapter	5)	(183),	following	which	a	broad	survey	of	519	published	fungal	genomes	was	

conducted	(Chapter	6).	Finally,	OcculterCut	was	used	to	determine	the	AT-rich	region	content	of	P.	

teres	f.	teres	and	P.	teres	f.	maculata	and	this	information	was	used	as	a	line	of	evidence	in	selecting	

candidate	effectors	(Chapter	7).	

	

The	survey	of	the	AT-rich	region	content	of	published	fungal	genomes	unequivocally	demonstrates	

the	ubiquity	of	AT-rich	regions	and	bimodal	genomes,	particularly	within	the	Pezizomycotina	

subphylum	and	plant-associated	fungi	therein.	This	opens	up	the	possibility	of	investigating	

candidate	effectors	from	within	AT-rich	regions	in	a	number	of	pathogen	species,	and	should	alert	

future	sequencing	projects	to	the	possibility	of	seeing	this	genome	type	in	a	newly	assembled	

genome	sequences.	Community	uptake	of	OcculterCut	will	be	an	important	aspect	to	the	continued	

documentation	of	AT-rich	regions	and	comparisons	with	the	presented	survey.	It	is	hoped	that	the	

publication	of	the	survey	data	and	software	tool	presented	in	Chapter	6,	and	the	fact	that	

OcculterCut	is	free	and	trivial	to	install	and	use	will	assist	in	this	regard.	

	

One	of	the	limitations	of	this	study	was	genome	assembly	quality	and	the	effect	this	may	have	on	

survey	results.	It	is	reasonable	to	expect	that	genome	assemblies	from	short	read	sequencing	may	

poorly	describe	AT-rich	regions.	As	platforms	such	as	PacBio	grow	in	popularity	and	draft	assemblies	

from	short-read	data	are	updated,	we	may	see	differing	results	to	those	presented	in	this	survey	for	

some	species.	Within	this	thesis	this	was	found	to	be	true	of	P.	teres	f.	teres,	where	the	short-read,	

publically	available	genome	assembly	surveyed	in	Chapter	6	did	not	contain	AT-rich	regions	but	the	

higher-quality	PacBio	assembly	presented	in	Chapter	7	had	an	AT-rich	region	component	of	29%.		
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The	relevance	of	AT-rich	regions	to	study	of	phytopathogens	is	clear	given	their	frequent	presence	in	

plant	associated	Dothideomycete	genomes.	Additionally,	AT-rich	regions	are	arguably	relevant	to	the	

three	main	stages	of	bioinformatic	effector	prediction:	genome	assembly,	gene	prediction,	and	the	

selection	of	effector	candidates.	The	relevance	to	assembly	is	due	to	the	difficulty	in	assembling	

highly	repetitive	regions	and	sequencing	biases	that	result	in	lower	read	coverage	of	AT-rich	regions	

when	using	some	sequencing	platforms	(112).	The	demonstrated	differences	in	codon	and	amino	

acid	usage	of	genes	within	AT-rich	regions	when	compared	to	genes	within	GC-equilibrated	regions	

(Chapter	6)	are	relevant	to	gene	prediction	within	these	regions.	The	proximity	of	genes	to	AT-rich	

regions	can	be	used	as	a	line	of	evidence	when	selecting	effector	candidates	from	larger	lists	of	

genes,	based	on	known	examples	of	effectors	locating	in	AT-rich	genome	regions	(17,66).	

Furthermore,	trends	in	amino	acid	and	codon	usage	in	coding	sequences	within	AT-rich	genome	

regions	may	be	significant	to	techniques	that	assess	the	amino	acid	content	of	effectors,	as	effectors	

residing	within	these	regions	are	likely	to	differ	from	other	effectors	in	their	amino	acid	usage.		

8.3 Pyrenophora	teres	f.	teres	and	Pyrenophora	teres	f.	maculata	
In	Chapter	7,	improved	genomic	resources	for	Ptt	and	the	first	genomic	resources	for	Ptm	were	

presented.	The	genome	assemblies	were	generated	using	single-molecule	real-time	(SMRT)	PacBio	

sequencing	technology.	Repeats	and	AT-rich	regions	were	annotated	and	compared	to	P.	tritici-

repentis.	RNA-seq	driven	annotations	of	coding	sequences	were	made,	and	genes	were	assessed	

with	respect	to	criteria	typically	associated	with	effectors.	

	

The	motivation	for	using	SMRT	sequencing	was	the	potential	to	resolve	repetitive	regions	and	

generate	a	more	complete	assembly	than	can	typically	be	achieved	by	using	short-read	data.	The	use	

of	SMRT	sequencing	technology	was	extremely	worthwhile	considering	the	most	striking	difference	

between	P.	teres	genomes	and	the	related	wheat	pathogen	P.	tritici-repentis	was	the	large	

difference	in	genome	size	and	repeat	content,	and	the	presence	of	distinct	AT-rich	regions.	AT-rich	

regions	were	not	present	in	the	previously	published	assembly	of	Ptt	0-1	(15),	which	is	likely	due	to	it	

being	generated	from	short-read	data,	and	due	to	the	exclusion	of	small	contig	fragments	from	the	

publically	available	version	of	the	genome.	This	further	advocates	the	importance	of	achieving	high-

quality	genome	assemblies	for	these	species.		

	

Predicted	gene	sets	were	also	presented	for	Ptt	and	Ptm,	using	a	range	of	RNA-seq	driven	methods	

that	were	then	combined	to	form	a	final	annotation.	These	annotations	are	a	strong	resource	for	

further	research	into	these	pathogens.	The	assessment	of	the	prediction	of	known	effectors	in	

Chapter	4	highlighted	the	high	number	of	effectors	that	are	missed	by	gene	prediction,	motivating	

additional	steps	to	ensure	that	secreted	genes	were	included	in	the	final	annotation	sets.	Over	50%	

of	the	top-scoring	Ptt	effector	candidates	and	over	30%	of	the	top-scoring	Ptm	effector	candidates	
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were	added	to	the	predicted	gene	set	through	these	secretome-targeted	gene	prediction	steps.	

Together	with	the	results	of	gene	prediction	benchmarking	on	known	effectors	in	Chapter	4,	this	

result	strongly	supports	importance	of	ensuring	effector-like	gene	loci	are	included	in	whole	genome	

annotations.	Effector	candidates	that	were	the	result	of	prediction	by	CodingQuarry-PM	(Chapter	4)	

further	support	the	utility	of	this	software	in	gene	prediction	where	downstream	effector	candidate	

selection	is	planned.	

	

The	importance	of	Ptt	and	Ptm	to	the	barley	industry	means	that	research	into	these	pathogens	is	

likely	to	continue	and	grow.	The	results	presented	in	this	thesis	will	be	of	use	to	further	studies,	in	

particular	in	searching	for	effectors.	Refining	effector	candidates	with	additional	data	such	as	in	

planta	RNA-seq	and	proteomics	of	secreted	protein	fractions	is	likely	to	be	particularly	useful.	

8.4 Future	directions	
Much	of	the	research	and	review	of	bioinformatics	effector	prediction	has	focussed	on	the	selection	

of	effector	candidates	from	larger	gene	lists	(86,89,90).	More	recently,	the	accuracy	of	other	

bioinformatic	steps	that	contribute	to	the	overall	success	of	effector	prediction	has	been	increasingly	

recognised	and	addressed	(48,113,222).	The	bioinformatic	prediction	of	fungal	effectors	is	likely	to	

long	remain	an	active	and	challenging	area	of	research.	It	is	hoped	that	the	methods	presented	

within	this	thesis	will	be	adopted	and	will	motivate	further	efforts	to	specialise	bioinformatic	

techniques	to	the	prediction	of	fungal	effectors.		 	
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