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The	economically	viable	production	of	value	added	fuels	and	chemicals	from	

lignocellulosic	feedstocks	hinges	on	our	ability	to	quickly	and	efficiently	transform	structural	

carbon	molecules	to	end	products.	The	sugars	in	lignocellulosic	biomass	are	held	primarily	

within	cellulose	and	hemicellulose.	Cellulose	is	composed	primarily	of	glucose	monomers	which	

are	quickly	and	efficiently	consumed	by	a	variety	of	organisms.	Hemicellulose	is	comprised	

mainly	of	xylose.	Xylose	is	less	well	utilized	by	industrial	yeasts	and	completely	unusable	to	

wild-type	Saccharomyces	cerevisiae,	the	most	commonly	used	industrial	yeast.	

Strains	of	S.	cerevisiae	capable	of	fermenting	xylose	have	been	developed,	but	the	

specific	rate	of	xylose	utilization	in	these	strains	is	slow	and	product	yield	is	low.	Developing	a	

strain	capable	of	fermenting	xylose	both	efficiently	and	with	high	product	yield	would	be	a	

massive	step	towards	realizing	the	sustainable	production	of	lignocellulosic	bioethanol.	

Significant	work	has	gone	into	identifying	the	bottlenecks	within	S.	cerevisiae	that	may	

be	contributing	to	slow	xylose	utilization.	Research	groups	have	suggested	the	pentose	



	 	

phosphate	pathway,	the	xylose	reductase/xylitol	dehydrogenase	(XR/XDH)	pathway,	

xylulokinase	deficiency,	xylose	transport,	and	cofactor	redox	imbalance	as	possible	bottlenecks.	

These	groups	have	further	shown	that	expanding	the	capacity	of	any	of	these	pathways	can	

increase	xylose	utilization	under	certain	conditions.	Unfortunately,	without	a	thorough	

understanding	of	the	interplay	between	these	bottlenecks	and	the	conditions	under	which	they	

increase	the	rate	of	xylose	utilization	or	ethanol	production	it	is	nearly	impossible	to	rank	their	

importance	and	direct	the	course	of	future	strain	development.	

This	dissertation	works	to	identify	the	most	important	bottlenecks	and	strategies	to	

alleviate	them.	Specifically,	this	describes	the	development	of	a	series	of	S.	cerevisiae	strains	

harboring	the	XR/XDH	xylose	utilization	pathway	and	expressing	STB5	(a	transcription	factor	

responsible	for	pentose	phosphate	pathway	regulation)	and	PGI1	(a	required	glycolytic	enzyme	

normally	down-regulated	by	STB5p)	under	the	control	of	a	novel	xylose-inducible	promoter	

(TEF-X2-2).	This	novel	use	of	transcription	factors	to	regulate	the	entire	pentose	phosphate	

pathway	was	an	attempt	to	optimally	regulate	the	pathway	using	evolutionarily	optimal	

enzyme	expression	ratios.	These	strains	were	then	characterized	using	batch	fermentations	and	

high	throughput	transcriptomic	tools	to	understand	pentose	phosphate	pathway	regulation	and	

xylose	utilization	bottlenecks.	These	characterizations	identified	a	correlation	between	cell	

density	and	the	maximum	specific	rate	of	xylose	utilization	suggesting	that	oxygen	was	limiting	

both	respiration	and	fermentation.	Since	fermentation	is	normally	performed	anaerobically,	it	

was	hypothesized	that	fermentation	was	actually	limited	in	this	case	by	NADH	availability,	the	

production	of	which	would	decrease	under	anaerobic	conditions	because	of	the	stoppage	of	

the	TCA	cycle.	The	high	throughput	data	collected	was	further	used	to	constrain	a	regulatory	



	 	

model	framework	around	the	previously	developed	genome	scale	reconstruction	of	S.	

cerevisiae	known	as	iMM904.	This	model	considered	pentose	phosphate	pathway	regulation	

linked	to	STB5	expression,	xylose	transport	mediated	by	the	HXT	family	of	glucose	specific	

transporters,	and	the	kinetics	of	oxygen	uptake	and	mass	transfer.	The	novel	use	of	high	

throughput	data	and	regulatory	modeling	techniques	allowed	for	a	more	thorough	

understanding	of	the	bottlenecks	in	xylose	utilization,	supported	the	hypothesis	that	NADH	

availability	was	limiting	fermentation,	and	suggested	that	the	glyoxylate	pathway	might	allow	

for	anaerobic	replenishment	of	NADH	allowing	an	increased	rate	of	xylose	fermentation.	

Although	regulation	of	the	glyoxylate	pathway	has	been	considered	before,	the	suggestion	that	

it	could	increase	the	rate	of	xylose	utilization	and	ethanol	production	is	novel.	
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The	Path	Forward:	Using	High	Throughput	Data	and	Dynamic	Flux	
Balance	Modeling	to	Identify	Bottlenecks	in	the	Carbon	Metabolism	of	
Industrial	Microbes	and	Suggest	Solutions	to	Improve	Product	Yield	

1	Introduction	and	Research	Overview	

	 The	production	of	commodity	fuels	and	chemicals	is,	at	its	core,	a	numbers	

game.	Commodities	are	undifferentiated	amongst	suppliers.	Their	value	is	set	

entirely	by	market	supply	and	demand	without	regard	to	the	method	by	which,	or	

the	material	from	which,	they	are	produced.	As	such,	only	production	methods	that	

can	produce	a	commodity	at	or	below	market	value	are	considered	economically	

viable.		

Lignocellulosic	biomass	(wood,	grass	straw,	corn	stover,	etc.)	is	a	widely	

available	feedstock	comprised	of	cellulose,	hemicellulose,	and	lignin.	Cellulose	is	a	

polymer	of	glucose	(organized	as	a	string	of	repeating	cellobiose	monomers).	

Glucose	is	readily	consumed	by	a	plethora	of	industrial	microorganisms	including	S.	

cerevisiae.	Hemicellulose	is	comprised	primarily	of	xylose.	Xylose	can	be	metabolized	

by	certain	microorganisms	including	several	yeasts,	but	it	is	not	utilized	(or	very	

poorly	utilized)	by	the	most	common	industrial	yeasts.	Consumption	of	xylose	with	

high	product	yield	would	result	in	a	40%	increase	in	total	product	yield	per	unit	of	

biomass	(Kumar	et	al.,	2012).	In	the	production	of	commodity	chemicals	and	fuels,	

this	yield	increase	would	be	the	difference	between	an	economically	viable	process	

and	one	that	will	go	unused.	

This	work	focuses	on	Saccharomyces	cerevisiae	because	of	its	widespread	

use	in	the	fuel	ethanol	industry	and	the	variety	of	well-established	molecular	tools	
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and	methods	for	its	characterization	and	manipulation.	S.	cerevisiae	quickly	and	

efficiently	ferments	glucose	at	rates	up	to	4	g/gDCW/h	and	produces	ethanol	yields	

approaching	its	theoretical	maximum	yield	of	0.51	g	ethanol/	g	glucose.	However,	

wild-type	S.	cerevisiae	is	unable	to	ferment	xylose.	Past	research	has	focused	on	

engineering	exogenous	metabolic	functionality	into	S.	cerevisiae	to	allow	for	xylose	

utilization.	The	results	of	these	efforts	have	been	mixed.	The	bacterial	xylose	

isomerase	(XI)	pathway	has	been	engineered	into	S.	cerevisiae	with	some	success.	

Since	the	XI	pathway	evolved	in	bacteria,	its	expression	can	be	difficult	in	S.	

cerevisiae.	Even	when	the	enzyme	is	produced	correctly,	its	activity	(and	the	

resulting	specific	xylose	utilization	rate)	is	low.	Researchers	have	also	been	able	to	

engineer	basic	xylose	utilization	through	the	integration	of	the	xylose	reductase	(XR)	

xylitol	dehydrogenase	(XDH)	pathway	from	Scheffersomyces	stipitis	(Kötter	et	al.,	

1990);	however,	the	rate	of	specific	xylose	utilization	and	product	yield	are	

significantly	lower	when	compared	to	growth	on	glucose.	

The	factors	constraining	xylose	utilization	through	the	XR/XDH	pathway	have	

also	been	widely	studied.	The	activity	levels	of	XR	and	XDH	in	cell	lysates	were	

shown	to	be	poorly	correlated	with	the	rate	of	xylose	utilization	suggesting	that	the	

pathway	is	constrained	by	a	native	enzyme,	transporter,	or	cofactor.	Several	other	

likely	bottlenecks	have	been	suggested	including	xylose	transport,	xylulokinase	

activity,	multiple	bottlenecks	within	the	pentose	phosphate	pathway	(PPP),	and	non-

specific	bottlenecks	caused	by	a	shortage	of	cofactors	in	the	correct	redox	state	for	

reactions	associated	with	xylose	utilization.		
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A	non-specific	bottleneck	in	the	pentose	phosphate	pathway	has	been	the	

target	of	modification	in	several	studies.	The	majority	of	studies	have	focused	on	

overexpressing	portions	of	the	non-oxidative	pentose	phosphate	pathway	which	is	

responsible	for	connecting	xylulose	(produced	from	xylose	via	XR	and	XDH)	to	the	

glycolytic	pathway.	Strains	overexpressing	the	non-oxidative	PPP	enzymes	RPE1,	

RKI1,	TAL1,	and	TKL1	showed	up	to	a	2.4-fold	increase	in	the	rate	of	xylulose	

utilization	from	0.09	to	0.22	g/gDCW-h.	However	no	increase	in	the	rate	of	xylose	

utilization	was	detected	suggesting	that	xylose	utilization	may	be	limited	by	XR,	XDH,	

or	cofactors	required	for	these	reactions	(Johansson	and	Hahn-Hägerdal,	2002).	A	

separate	study	supported	this	conclusion,	finding	TAL1	was	required	for	xylose	

fermentation,	but	that	over-expression	did	not	increase	xylose	utilization	

(Matsushika	et	al.,	2012).	A	third	study	over-expressed	XK	as	well	as	the	PPP	

enzymes	RPE1,	RKI1,	TAL1,	and	TKL1	in	strains	harboring	either	xylose	isomerase	(XI)	

pathway	or	the	XR/XDH	pathway.	In	these	strains,	both	pathways	showed	a	

significant	increase	in	the	specific	growth	rate	when	the	non-oxidative	PPP	was	up-

regulated	during	aerobic	growth.	However,	anaerobic	results	were	less	promising.	

Despite	a	GRE3	deletion	(removing	one	method	of	native	xylitol	production)	these	

strains	showed	significant	xylitol	production	and	low	(but	non-zero)	ethanol	

production	(Karhumaa	et	al.,	2005).	A	similar	study	claims	significantly	more	ethanol	

production	under	anaerobic	conditions	with	up-regulation	of	XK,	RPI1,	RPE1,	TKL1,	

TAL1	(Kuyper	et	al.,	2005).	However,	this	study	appears	to	use	a	calculated	ethanol	

production	rate	(not	measured)	to	make	this	claim.	This	appears	suspect	because	
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the	calculation	is	a	mass	balance,	but	considers	only	select	metabolites	and	does	not	

consider	non-growth-associated	maintenance	cellular	functions.	This	may	lead	to	

over	estimation	of	ethanol	production.	In	conjunction	these	studies	seem	to	support	

the	conclusion	that	the	non-oxidative	PPP	can	be	limiting	under	aerobic	conditions,	

but	that	this	isn’t	always	the	case	when	the	XR/XDH	pathway	is	utilized	and	that	

anaerobic	xylose	consumption	is	bottlenecked	elsewhere.	

	

Basic	representation	of	the	pathways	and	relevant	enzymes	associated	with	xylose	utilization	through	the	
pentose	phosphate	pathway.	

The	oxidative	portion	of	the	PPP	has	been	targeted	for	down-regulation	in	an	

attempt	to	decrease	NADPH	availability	thereby	reducing	the	production	and	export	

of	xylitol	and	increasing	the	yield	of	ethanol.	Down-regulation	of	ZWF1,	PGI1,	and	

GND1	was	shown	to	decrease	xylitol	yield	from	approximately	30%	of	consumed	

carbon	to	5%	(an	83%	drop).	However,	this	also	caused	an	84%	drop	in	specific	

xylose	consumption	(Jeppsson	et	al.,	2002).	A	similar	study	looked	at	both	up-

regulating	GDP1	to	enhance	the	flow	of	xylose	into	the	non-oxidative	PPP	and	down-

regulation	of	ZWF1.	This	resulted	in	a	decreased	xylitol	yield	from	53%	of	consumed	
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carbon	to	34%	(a	36%	drop),	but	xylose	consumption	also	decreased	by	51%	(Verho	

et	al.,	2003).	Recently	it	was	shown	that	the	dependence	on	ZWF1	(and	the	oxidative	

branch	of	the	pentose	phosphate	pathway)	was	related	linked	only	to	xylose	

utilization	through	the	XR/XDH	pathway	and	not	the	XI	pathway	(Hector	et	al.,	

2011a).	This	further	supported	the	hypothesis	that	the	oxidative	branch	of	the	PPP	is	

used	to	regenerate	NADPH	for	XR	and	is	required	for	the	aerobic	assimilation	of	

xylose.	These	studies	show	that	properly	sizing	the	oxidative	portion	of	the	PPP	can	

help	to	decrease	xylitol	export	when	an	unidentified	downstream	bottleneck	limits	

the	utilization	of	xylitol,	but	if	the	goal	of	modification	is	to	increase	both	the	

product	yield	from	and	the	rate	of	xylose	consumption,	over	constraint	of	the	

oxidative	PPP	should	be	avoided	in	favor	of	decongesting	down-stream	enzymes	and	

allowing	xylitol	to	proceed	through	the	PPP	and	into	the	central	carbon	metabolism.	

Finally,	two	studies	looked	beyond	enzymatic	bottlenecks	and	examined	

cofactor	availability.	Using	both	experimental	and	modeling	approaches	these	

studies	identified	an	excess	of	NADH	(and	a	shortage	of	NAD+).	This	imbalance	was	

theorized	to	be	linked	to	the	mismatched	cofactors	required	by	XR	(which	requires	

NADPH)	and	XDH	(which	requires	NAD+)	(Bruinenberg	et	al.,	1983;	Pitkänen	et	al.,	

2003).	

The	diversity	of	enzymatic	and	co-factor	targets	covered	by	existing	research	

suggests	that	there	isn’t	a	consensus	starting	point	to	improving	the	conversion	of	

xylose	to	ethanol.	The	lack	of	consensus	is	linked	in	part	to	the	different	definitions	

of	improvement	(consumption	rate	vs	yield).	It	is	also	possible	that	several	enzymes	
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act	as	individual	bottlenecks	under	unique	fermentation	conditions	or	that	several	

enzymes	act	in	concert	to	produce	a	single	bottleneck.	Regardless	of	the	nature	of	

the	bottleneck	or	bottlenecks,	an	over-arching	study	that	aimed	at	suggesting	which	

enzyme	and	cofactor	targets	are	most	important	to	the	industrial	fermentation	of	

xylose	is	needed.	In	the	event	that	multiple	enzymes	do	in	fact	act	as	bottlenecks	in	

the	process,	additional	work	would	be	needed	on	the	optimal	regulation	of	those	

enzymes.	

This	work	focused	on	two	primary	objectives.		

• The	first	objective	was	to	explore	the	constraint	of	the	pentose	phosphate	

pathway	by	creating	and	characterizing	a	series	of	lab	and	industrial	strains	

carrying	a	xylose-inducible	copy	of	STB5	(a	transcription	factor	responsible	for	

regulating	large	portions	of	the	pentose	phosphate	pathway).	Characterization	

experiments	will	provide	opportunities	to	identify	bottlenecks	in	the	utilization	of	

xylose.	The	novel	regulation	of	the	pentose	phosphate	pathway	using	a	

transcription	factor	will	further	serve	as	an	example	attempt	at	optimal	pathway	

regulation	using	native	enzyme	expression	ratios.	

• The	second	objective	was	to	develop	a	regulatory	modeling	framework	to	

constrain	the	previously	developed	genome-scale	model	iMM904.	This	

framework	incorporated	dynamic	sugar	transport	kinetics,	oxygen	uptake	

kinetics,	and	dynamic	constraint	of	the	pentose	phosphate	pathway	based	on	

high	throughput	qRT-PCR	data	of	the	developed	strains.	The	validated	model	

would	be	used	to	confirm	bottlenecks	identified	during	strain	characterization	
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and	to	suggest	possible	metabolomics	modifications	that	would	address	these	

bottlenecks.	

Optimal	enzymatic	regulation	would	minimize	both	xylose	utilization	

bottlenecks	and	the	metabolic	load	associated	with	the	production	of	enzymes	

beyond	required	capacity.	The	strains	developed	in	this	work	overexpress	STB5	in	

the	presence	of	xylose.	This	native	transcription	factor	is	used	to	simultaneously	

regulates	most	genes	of	the	pentose	phosphate	pathway	as	well	as	of	genes	

involved	in	the	production	of	NADPH	(Larochelle	et	al.,	2006).	Transcription	factors	

are	DNA	binding	proteins	that	cause	a	conformational	change	in	DNA	which	makes	

the	transcription	of	target	genes	more	or	less	likely	to	occur.	The	strength	of	

transcriptional	expression	or	repression	is	related	to	the	DNA	sequence	around	the	

transcription	factor	binding	cite.	In	theory,	these	sequences	around	the	transcription	

factor	binding	cite	should	evolve	such	that	the	ratio	of	expressed	enzymes	is	exactly	

sufficient	to	fulfil	cellular	reactions	without	excess	capacity	(reducing	metabolic	

expense	for	the	cell).	Therefore,	the	ratio	of	the	pentose	phosphate	pathway	

enzymes	under	control	of	STB5	should	be	evolutionarily	optimal	if	expression	is	

controlled	by	this	native	transcription	factor.	The	metabolic	cost	of	producing	genes	

associated	with	STB5	was	further	decreased	in	the	developed	strains	through	the	

regulation	of	STB5	by	Tef-X2-2.	Tef-X2-2	is	a	promoter	that	is	constitutively	on	unless	

a	repressor	molecule	(NLS-xlR-linker-SSN6)	is	expressed.	In	the	absence	of	xylose	this	

repressor	binds	Tef-X2-2	and	stops	transcription	of	Tef-X2-2’s	regulatory	target,	but	

when	xylose	is	present	it	binds	to	the	repressor	causing	a	conformational	change	
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that	disallows	binding	of	the	repressor	to	Tef-X2-2	and	allows	expression	of	the	

associated	mRNA.	Using	this	construct	to	control	STB5	decreases	the	expression	of	

STB5	target	genes	in	the	pentose	phosphate	pathway	that	are	required	for	xylose	

consumption	when	xylose	is	absent.	

	 The	over-expression	of	both	portions	of	the	pentose	phosphate	pathway	will	

not	necessarily	guarantee	an	increased	rate	of	xylose	utilization	under	all	conditions.	

Each	of	the	studies	highlighted	above	was	able	to	identify	a	different	set	of	

conditions	and/or	enzymes	that,	when	over-expressed	or	knocked	out,	improved	the	

specific	rate	of	xylose	utilization	or	the	product	yield.	An	issue	with	these	types	of	

studies	is	that	every	improvement	is	trumpeted	as	valuable	improvement	for	

industrial	ethanol	production.	This	includes	increases	in	the	respiratory	consumption	

of	xylose	that	does	significantly	improve	the	total	yield	of	ethanol	and	decreases	in	

xylitol	production	that	decrease	the	overall	rate	of	xylose	utilization.	Attention	is	not	

always	paid	to	the	conditions	under	which	these	improvements	occur	or	the	fact	

that	these	improvements	may	be	fundamentally	at	odds	with	the	goal	of	producing	

a	commodity	product	(ethanol)	at	a	high	rate	and	yield.	

	 The	creation	of	strains	harboring	plasmids	for	the	xylose-inducible	

production	of	STB5	was	included	here	as	an	attempt	to	improve	ethanol	production	

from	xylose	using	evolutionarily	optimal	expression	ratios.	Perhaps	more	

importantly,	these	strains	were	included	to	serve	as	an	example	of	how	

characterization	via	genome	scale	models	constrained	with	readily	attainable	high	
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throughput	data	can	improve	our	understanding	of	the	intracellular	metabolism	of	

novel	strains	to	drive	future	strain	development.	

Flux	balance	modeling	was	pioneered	by	Papoutsakis	in	1984	and	

standardized	in	the	early	1990s	by	the	Palsson	group	(Papoutsakis,	1984;	Savinell	

and	Palsson,	1992;	Varma	and	Palsson,	1994).	The	technique	is	a	type	of	constraint-

based	modeling	that	uses	physical	or	chemical	constraints	to	define	all	allowable	

fluxes	through	a	network.	Constraint-based	analysis	assumes	that	the	system	is	at	

steady	state	(i.e.	that	it	is	not	accumulating	metabolites	and	fluxes	are	constant)	and	

that	the	flux	through	all	reactions	must	remain	within	set	constraints.	In	any	single	

analysis	there	may	be	dozens	or	thousands	of	“allowable	solutions”.	To	select	a	

relevant	solution	an	optimization	is	carried	out	to	maximize	or	minimize	a	given	

variable.	The	maximization	of	growth	rate	and	the	maximization	of	ATP	production	

are	common	optimization	criteria	in	biological	systems.	

Dynamic	flux	balance	analysis	that	modeled	time	and	incorporated	basic	

regulatory	mechanisms	was	developed	in	the	early	2000s	(Covert	and	Palsson,	2003;	

Mahadevan	et	al.,	2002).	This	type	of	modeling	offers	an	opportunity	to	identify	

bottlenecks	on	an	organismal	level	and	to	consider	the	interplay	between	different	

types	of	bottlenecks	and	changing	culture	conditions.	The	increasing	availability	of	

high	throughput	data	sets	provides	a	convenient	method	by	which	to	understand	

cellular	regulatory	dynamics	on	an	enzymatic	level.	In	this	work	we	describe	the	

production	of	a	dynamic	regulatory	flux	balance	model	based	on	iMM904	and	

developed	to	identify	the	rate	limiting	reactions	within	modified	strains	of	
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Saccharomyces	cerevisiae	(Mo	et	al.,	2009).	This	model	was	constrained	using	high	

throughput	qRT-PCR	data	characterizing	the	expression	patterns	of	STB5	and	15	of	

its	regulatory	targets.	The	model	is	validated	and	then	used	to	identify	bottlenecks	

under	different	growth	conditions.	These	bottlenecks	are	analyzed	to	understand	

their	relevance	in	the	industrial	production	of	ethanol	from	lignocellulosic	biomass.	

This	analysis	is	used	to	suggest	which	bottlenecks	demand	further	examination	and	

which	are	not	valuable	to	address	for	industrial	strain	development.	Finally,	

suggestions	for	improving	the	identified	bottlenecks	are	provided.		
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2	The	Development	and	Characterization	of	Saccharomyces	

cerevisiae	Strains	Modified	to	Over-express	STB5	in	the	

Presence	of	Xylose		

2.1	Abstract	

The	development	of	novel	organisms	capable	of	efficiently	converting	

lignocellulosic	sugars	to	high	value	chemicals	is	of	critical	importance	to	the	biofuel	

and	biochemical	industries.	Saccharomyces	cerevisiae	has	been	successfully	

modified	to	consume	both	glucose	and	xylose	through	the	introduction	of	xylose	

reductase	and	xylitol	dehydrogenase	from	Scheffersomyces	stipitis.	However,	the	

specific	rate	of	xylose	consumption	is	low	when	compared	to	glucose.	Over-

expressions	of	individual	pentose	phosphate	pathway	enzymes	have	been	shown	to	

improve	xylose	utilization,	but	increasing	enzyme	production	is	metabolically	

expensive.	Using	a	xylose-inducible,	endogenous	transcription	factor	to	up	regulate	

entire	pathways	may	provide	optimal	expression	patterns	of	xylose	utilization	

enzyme	while	minimizing	metabolic	load	when	xylose	is	not	present.	This	work	

describes	the	development	of	a	series	of	lab	and	industrial	strains	of	Saccharomyces	

cerevisiae	harboring	an	integrated	xylose	reductase/xylitol	dehydrogenase	pathway	

from	Scheffersomyces	stipitis	as	well	as	xylose-inducible	copies	of	STB5	and	PGI1.	

Over-expression	of	STB5	and	PGI1	was	shown	to	have	no	effect	on	the	maximum	

specific	xylose	utilization	rate	under	oxygen	limiting	conditions.	However,	

statistically	significant	differences	were	observed	in	STB5	producing	strains	
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inoculated	at	low	density	(0.21	g/gDCW/h)	vs	high	density	(0.41	g/gDCW/h)	

suggesting	oxygen	limitation	(p=0.032).	Ethanol	yield	did	not	vary	with	the	rate	of	

xylose	utilization	suggesting	that	the	ratio	of	fermentation	to	respiration	is	static	and	

that	fermentation	may	be	metered	by	a	lack	of	NADH	produced	via	the	respiratory	

TCA	cycle.	

2.2	Introduction	

The	use	of	lignocellulosic	biomass	as	a	feedstock	for	value	added	chemicals	

and	fuels	has	become	increasingly	popular	based	on	its	widespread	availability,	

sustainability,	and	low	cost.	However,	the	production	of	commodity	chemicals	and	

fuels	is	extremely	cost	sensitive.	In	order	to	compete	effectively	with	petroleum	

based	production,	conversion	of	both	glucose	and	xylose	to	end	product	must	be	

both	rapid	and	high	yield.	Complete	utilization	of	both	sugars	would	result	in	a	40%	

decrease	in	the	cost	of	ethanol	production	(Kumar	et	al.,	2012).	

Significant	research	has	gone	into	engineering	S.	cerevisiae	to	consume	

xylose	more	efficiently.	Introduction	of	xylose	reductase	(XR)	and	xylitol	

dehydrogenase	(XDH)	from	Scheffersomyces	stipitis	allow	for	xylose	consumption.	

Further	work	has	shown	that	in	modified	strains,	the	activity	of	XR	and	XDH	in	cell	

lysates	of	S.	cerevisiae	are	not	well	correlated	with	the	specific	rate	of	xylose	

utilization	suggesting	that	these	reactions	do	not	constrain	xylose	utilization.	Several	

other	likely	bottlenecks	have	been	suggested	including	xylose	transport,	xylulokinase	

activity,	multiple	bottlenecks	within	the	pentose	phosphate	pathway	(PPP),	and	non-

specific	bottlenecks	caused	by	a	shortage	of	cofactors	in	the	correct	redox	state	for	
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xylose	utilization	(Jeppsson	et	al.,	2002;	Johansson	and	Hahn-Hägerdal,	2002;	

Karhumaa	et	al.,	2005;	Kuyper	et	al.,	2005;	Matsushika	et	al.,	2012;	Verho	et	al.,	

2003).	It	has	been	suggested	that	this	redox	imbalance	is	exacerbated	by	the	

constraints	within	the	PPP.	This	work	focuses	on	easing	these	PPP	constraints.	

The	oxidative	portion	of	the	PPP	has	been	targeted	for	down-regulation	in	an	

attempt	to	decrease	NADPH	availability	thereby	reducing	the	production	and	export	

of	xylitol	and	increasing	the	yield	of	ethanol.	Down-regulation	of	ZWF1,	PGI1,	and	

GND1	was	shown	to	decrease	xylitol	yield	from	approximately	30%	of	consumed	

carbon	to	5%	(an	83%	drop).	However,	this	also	caused	an	84%	drop	in	specific	

xylose	consumption	(Jeppsson	et	al.,	2002).	A	similar	study	looked	at	both	up-

regulating	GDP1	to	enhance	the	flow	of	xylose	into	the	non-oxidative	PPP	and	down-

regulation	of	ZWF1.	This	resulted	in	a	decreased	xylitol	yield	from	53%	of	consumed	

carbon	to	34%	(a	36%	drop),	but	xylose	consumption	also	decreased	by	51%	(Verho	

et	al.,	2003).	Recently	it	was	shown	that	the	dependence	on	ZWF1	(and	the	oxidative	

branch	of	the	pentose	phosphate	pathway)	was	related	only	to	xylose	utilization	

through	the	XR/XDH	pathway	and	not	the	XI	pathway	(Hector	et	al.,	2011a).	This	

further	supported	the	hypothesis	that	the	oxidative	branch	of	the	PPP	is	used	to	

regenerate	NADPH	for	XR	and	is	required	for	the	aerobic	assimilation	of	xylose.	

These	studies	show	that	properly	sizing	the	oxidative	portion	of	the	PPP	can	help	to	

decrease	xylitol	export	when	an	unidentified	downstream	bottleneck	limits	the	

utilization	of	xylitol,	but	if	the	goal	of	modification	is	to	increase	both	the	product	

yield	from	xylose	and	the	rate	of	xylose	consumption,	over-constraint	of	the	
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oxidative	PPP	should	be	avoided.	Instead,	decongesting	down-stream	enzymes	and	

allowing	xylitol	to	proceed	through	the	PPP	and	into	the	central	carbon	metabolism	

should	be	targeted.	

Finally,	two	studies	looked	beyond	enzymatic	bottlenecks	and	examined	

cofactor	availability.	Using	both	experimental	and	modeling	approaches	these	

studies	identified	an	excess	of	NADH	(and	a	shortage	of	NAD+).	This	imbalance	was	

theorized	to	be	linked	to	the	mismatched	cofactors	required	by	XR	(which	requires	

NADPH)	and	XDH	(which	requires	NAD+)	(Bruinenberg	et	al.,	1983;	Pitkänen	et	al.,	

2003).	

The	diversity	of	enzymatic	and	co-factor	targets	covered	by	existing	research	

suggests	that	there	isn’t	a	consensus	starting	point	to	improving	the	conversion	of	

xylose	to	ethanol.	The	lack	of	consensus	is	linked	in	part	to	the	different	definitions	

of	improvement	(consumption	rate	vs	yield).	It	is	also	possible	that	several	enzymes	

act	as	individual	bottlenecks	under	unique	fermentation	conditions	or	that	several	

enzymes	act	in	concert	to	produce	a	single	bottleneck.	Regardless	of	the	nature	of	

the	bottleneck	or	bottlenecks,	an	over-arching	study	that	aimed	at	suggesting	which	

enzyme	and	cofactor	targets	are	most	important	to	the	industrial	fermentation	of	

xylose	is	needed.	In	the	event	that	multiple	enzymes	do	in	fact	act	as	bottlenecks	in	

the	process,	additional	work	would	be	needed	on	the	optimal	regulation	of	those	

enzymes.	

This	work	discusses	the	development	and	characterization	of	a	series	of	

novel	strains	which	simultaneously	regulate	the	oxidative	and	non-oxidative	PPP	
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through	the	over-expression	of	a	native	transcription	factor	(STB5).	STB5	has	been	

shown	to	regulate	most	genes	of	the	pentose	phosphate	pathway	as	well	as	of	genes	

involved	in	the	production	of	NADPH	(Larochelle	et	al.,	2006).	Transcription	factors	

are	DNA	binding	proteins	that	cause	a	conformational	change	in	DNA	which	makes	

the	transcription	of	target	genes	more	or	less	likely	to	occur.	The	strength	of	

transcriptional	expression	or	repression	is	related	to	the	DNA	sequence	around	the	

transcription	factor	binding	cite.	In	theory,	these	sequences	around	the	transcription	

factor	binding	cite	should	evolve	such	that	the	ratio	of	expressed	enzymes	is	exactly	

sufficient	to	fulfil	cellular	reactions	without	excess	capacity	(reducing	metabolic	

expense	for	the	cell).	Therefore,	the	ratio	of	the	pentose	phosphate	pathway	

enzymes	under	control	of	STB5	should	be	evolutionarily	optimal	if	expression	is	

controlled	by	this	native	transcription	factor.	The	metabolic	cost	of	producing	genes	

associated	with	STB5	was	further	decreased	in	the	developed	strains	through	the	

regulation	of	STB5	by	Tef-X2-2.	Tef-X2-2	is	a	promoter	that	is	constitutively	on	unless	

a	repressor	molecule	(NLS-xlR-linker-SSN6)	is	expressed.	In	the	absence	of	xylose	this	

repressor	binds	Tef-X2-2	and	stops	transcription	of	Tef-X2-2’s	regulatory	target,	but	

when	xylose	is	present	it	binds	to	the	repressor	causing	a	conformational	change	

that	disallows	binding	of	the	repressor	to	Tef-X2-2	and	allows	expression	of	the	

associated	mRNA.	Using	this	construct	to	control	STB5	decreases	the	expression	of	

STB5	target	genes	in	the	pentose	phosphate	pathway	that	are	required	for	xylose	

consumption	when	xylose	is	absent.	PGI1,	a	required	glycolytic	enzyme	known	to	be	
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down	regulated	by	STB5	was	also	expressed	in	these	strains	under	the	same	

promoter	construct	to	ensure	sufficient	glycolytic	capacity.	

This	strain	was	further	characterized	to	determine	the	nature	and	impact	of	

the	STB5	induced	PPP	regulation	on	the	rate	of	xylose	uptake,	cell	growth,	and	

ethanol	yield.	These	characterizations	were	used	to	suggest	potential	bottlenecks	in	

xylose	metabolism.	These	bottlenecks	were	assessed	for	their	impact	on	the	

efficient	production	of	ethanol	from	xylose.	Finally,	industrial	versions	of	the	strain	

were	characterized	on	detoxified	corn	stover	hydrolysates	to	ensure	that	pure	sugar	

experiments	(and	the	identified	bottlenecks)	would	be	predictive	of	performance	

and	bottlenecks	in	industrial	fermentations.	

2.3	Materials	and	Methods	

2.3.1	Strains	and	General	Culture	Methods	

	 Three	sets	of	strains	were	produced	in	three	separate	backgrounds	

(CEN.PK2-1C,	YB-2625,	and	D5A).	Each	set	contained	a	control	strain,	a	strain	

constitutively	expressing	STB5	and	PGI1,	and	a	strain	expressing	STB5	and	PGI1	

under	the	control	of	a	xylose-inducible	promoter	construct.	Each	strain	background	

had	been	previously	transformed	to	express	XR,	XDH,	and	XK	via	a	chromosomal	

integration	providing	basic	xylose	utilization	capabilities.	Each	final	strain	used	in	this	

work	was	also	transformed	with	a	plasmid.	These	plasmids	contained	either	no	

expressed	genes	(control),	constitutively	expressed	STB5	and	PGI1	controlled	by	Tef-

X2-2	(without	its	repressor	molecule),	or	xylose-inducible	STB5	and	PGI1	regulated	

by	the	xylose-inducible	promoter	Tef-X2-2	and	its	corresponding	repressor	molecule.	
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Plasmid	maintenance	and	production	was	carried	out	in	NEB10	competent	

Escherichia	coli	cells	(New	England	Biolabs	(NEB),	Ipswich,	MA,	USA)	grown	in	LB	

medium	with	appropriate	selection	antibiotics	following	manufacturer	

recommended	protocols	(Sambrook	and	Russell,	2001).	Plasmids	were	transformed	

into	yeast	strains	using	a	standard	lithium	acetate	method	(Gietz	and	Woods,	2002).	

Outgrowth	and	plating	using	YP	medium	(10	g/l	yeast	extract,	20	g/l	bacto-peptone	

autoclaved	without	a	carbon	source	(with	sterile	glucose	(added	to	2%)	and	

appropriate	selection	antibiotics	added	separately).	Developed	strains	and	plasmids	

can	be	found	in	Table	1.	

Table	1:	Strains	and	plasmids	used	in	this	work.	

	

2.3.2	Development	of	Xylose-inducible	STB5/PGI1	Plasmid	and	Strains	

Required	plasmids	were	recovered	from	competent	E.	coli	cells	grown	over	

night	using	QIAprep	Minipreps	(Qiagen).	The	overall	plasmid	construction	strategy	is	

displayed	in	Figure	1	beginning	with	an	empty	vector	and	ending	with	STB5	and	PGI1	

expressed	under	the	control	of	individual	Tef-X2-2	promoters.		Plasmids	pRH635	and	

pRH506	were	cut	with	Sac1	and	Xoh1	in	CutSmart	Buffer	(NEB).	The	vector	fragment	

from	pRH635	and	a	616bp	fragment	from	pRH506	containing	the	xylose-inducible	
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promoter	Tef-X2-2	were	gel	isolated.	The	Tef-X2-2	promoter	is	constitutively	on	

unless	its	corresponding	repressor	molecule	is	produced.	In	the	presence	of	this	

repressor	molecule,	Tef-X2-2	is	repressed	in	the	absence	of	xylose.	The	fragments	

were	then	ligated	using	a	NEB	Quick	Ligation	Kit.	The	ligated	plasmid	(pRH759)	was	

cloned	in	E.	coli	and	plated	on	LB	Ampicillin	plates	with	X-Gal	selection.	The	

promoter	insertion	was	verified	using	Phusion	Hot	Start	Flex	(NEB)	PCR.	One	positive	

clone	was	transferred	to	LB	Ampicilin	liquid	culture,	grown	overnight,	and	plasmids	

were	harvested	via	QIAprep	Miniprep.	Two	vectors	were	created	using	pRH759.	To	

create	a	plasmid	with	STB5	controlled	by	Tef-X2-2,	pRH759	and	pRH290	(containing	

STB5)	were	digested	with	Spe1	and	Sal1	in	CutSmart	buffer.	STB5	from	pRH290	and	

vector	from	cut	pRH759	were	gel	isolated	and	the	fragment	from	pRH759	was	

treated	with	Antarctic	phosphatase	(AP)	to	avoid	self-re-ligation.	STB5	from	pRH290	

was	then	ligated	into	the	cut	and	AP	treated	pRH759	creating	pRH760	(a	plasmid	

constitutively	expressing	STB5	through	the	Tef-X2-2	promoter).	To	create	a	plasmid	

expressing	PGI1	under	Tef-X2-2	control,	pRH759	and	pRH452	(containing	PGI1)	were	

cut	with	Spe1	and	EcoRV	in	CutSmart	buffer.	To	make	gel	isolation	easier,	pRH452	

was	also	cut	with	Nae1.	PGI1	from	pRH452	and	vector	from	cut	pRH759	were	gel	

isolated	and	ligated	using	NEB	Quick	Ligation	Kit	to	form	pRH761	(a	plasmid	

constitutively	expressing	PGI1	through	the	Tef-X2-2	promoter).	Following	ligation,	

pRH760	and	pRH761	were	transformed	into	competent	E.	coli	cells	and	grown	on	

selective	LB	Ampicillin	plates.	Individual	colonies	were	screened	for	the	proper	

insertion	of	PGI1	and	STB5	using	Phusion	Hot	Start	Flex	(NEB)	PCR.	Primer	sets	
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249/250	and	417/418	were	used	for	pRH760	for	pRH761	respectively.	The	inducible	

PGI1	construct	was	then	moved	from	pRH760	into	pRH761	to	create	a	single	plasmid	

constituatively	expressing	both	STB5	and	PGI1.	To	do	this,	pRH760	was	first	

linearized	by	digestion	with	HindIII	in	Buffer	2	(NEB)	plus	BSA.	The	promoter-PGI1	

construct	was	cut	out	of	pRH761	using	Sac1	and	Xoh1	in	CutSmart.	Digestion	for	

both	plasmids	was	stopped	using	heat	inactivation	at	80°C	for	20	minutes.	Both	

digested	plasmids	were	then	blunt	ended	using	T4	DNA	Polymerase	(NEB).	The	

reaction	was	stopped	via	enzyme	removal	using	a	Qiagen	QIAquick	PCR	Purification	

Kit.	The	linearized	vector	(pRH760)	was	then	treated	with	AP	to	avoid	self-re-

ligation.	The	digestion	products	were	then	gel	isolated	and	ligated	using	the	Quick	

Ligation	Kit	(NEB)	to	form	pRH762.	Competent	E.	coli	were	transformed	with	pRH762	

and	plated	on	LB	Ampicillin	plates.	The	presence	of	PGI1	in	these	clones	was	verified	

via	PCR	screening	using	Phusion	Hot	Start	Flex	and	primer	set	417/418.	This	

screening	could	not	identify	between	the	two	possible	orientation	of	PGI1	within	the	

vector.	Six	positive	clones	were	therefore	grown	overnight.	The	plasmids	from	these	

clones	were	harvested	via	QIAprep	Miniprep	and	the	strains	were	digested	with	

Spe1	in	CutSmart	Buffer.	The	digests	were	run	on	an	agarose	gel.	Based	on	the	

fragment	size	observed	on	the	gel,	only	the	head	to	tail	orientation	was	produced	

(three	of	six	clones).	The	remaining	clones	were	improperly	produced	and	did	not	

produce	the	expected	band	sizes	for	either	the	head-to-tail	or	tail-to-tail	

orientations.	One	of	the	head-to-tail	clones	of	pRH762	was	selected	for	further	

work.	The	repressor	molecule	responsible	for	inferring	xylose	inducibility	to	Tef-X2-2	
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was	contained	on	pRH483.	To	introduce	it	to	pRH762,	pRH483	was	first	digested	

with	Sac1	and	Xoh1	in	CutSmart	Buffer.	The	digestion	was	stopped	using	heat	

inactivation	at	80°C	for	20	minutes.	Following	heat	inactivation,	the	plasmid	

fragments	were	blunt	ended	using	T4	DNA	Polymerase	(NEB).	Blunt	ending	was	

halted	using	a	Qiagen	QIAquick	PCR	Purification	Kit.	Finally,	the	unwanted	vector	

fragment	was	cleaved	with	Sca1-HF	in	CutSmart	buffer.	Plasmid	pRH762	was	also	

cleaved	with	Sac1	in	CutSmart,	heat	inactivated,	blunt	ended,	and	purified	using	the	

Qiagen	QIAquick	PCR	Purification	Kit.	Following	purification	the	plasmid	was	treated	

with	AP	to	avoid	self-re-ligation.	Both	sets	of	plasmid	products	were	then	gel	

isolated	and	ligated	to	form	pRH769.	The	ligation	product	was	cloned	into	

competent	E.	coli	and	plated	on	LB	Ampicilin	plates.	The	insertion	was	verified	via	

PCR,	this	time	using	HotMaster	Taq	DNA	Polymerase	and	primer	set	21/22.	Once	

again,	the	insertion	direction	was	unknown	due	to	the	use	of	blunt	end	ligation	and	

could	not	be	determined	from	PCR	screening.	Six	positive	clones	were	selected	and	

grown	overnight.	The	plasmids	from	these	clones	were	harvested	via	QIAprep	

Miniprep,	digested	with	Spe1-HF	in	CutSmart,	and	run	on	an	agarose	gel.	Only	one	

of	six	clones	had	an	identifiable	restriction	fragment	pattern.	This	clone	(pRH769)	

contained	head-to-tail	orientation	between	the	repressor	molecule	and	PGI1	(Figure	

2).	A	complete	collection	of	plasmid	maps	used	in	this	work	is	available	in	appendix	

6.1.	
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Figure	1:	Plasmid	construction	strategy	overview	

	

Figure	2:	Final	Plasmid	(pRH769)	map	

	Before	insertion	into	yeast	cell	lines,	the	identities	of	pRH762	(inferring	

constitutive	expression	of	STB5	and	PGI1)	and	pRH769	(inferring	xylose	inducible	
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expression	of	STB5	and	PGI1)	were	re-verified	via	restriction	digest	to	minimize	the	

risk	of	bacterial	plasmid	modification.	Three	yeast	strains	(YRH288,	YRH396	and	

YRH400)	that	had	been	previously	transformed	with	chromosomal	expression	of	XR,	

XDH	and	XK	were	selected	for	transformation	using	the	plasmids	developed	in	this	

work(Hector	et	al.,	2011b).These	strains	represent	one	lab	background	(CEN.PK2-1C)	

and	two	industrial	backgrounds	(YB-2625	and	D5A).	Each	parent	strain	was	

transformed	was	transformed	with	the	constitutive	and	xylose	inducible	PGI1/STB5	

plasmids	(pRH762	and	pRH769)	as	well	as	an	empty	vector	control	plasmid	(pRS418)	

(Figure	3)	using	a	standard	lithium	acetate	method	(Gietz	and	Woods,	2002).	Strains	

containing	Tef-X2-2	without	a	repressor	were	not	used	in	this	work,	but	have	been	

included	here	for	completeness.	Clones	were	grown	initially	in	YP	glucose	without	

selection,	then	transferred	to	YP	glucose	plates	with	clonNat	selection.	Individual	

colonies	were	selected	from	these	plates	and	represent	the	cell	lines	described	in	

Table	1.	
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Figure	3:	Yeast	strain	backgrounds	and	incorporated	plasmids	

2.3.4	Sampling	for	Verification	of	STB5,	PGI1,	and	Target	Protein	Regulation	

For	the	collection	of	transcriptomic	and	proteomic	data,	cells	were	grown	

overnight	in	either	YP-glucose	(2%)	or	YP-xylose	(2%).	The	cells	were	then	pelleted	at	

5000	g	for	1	minute	and	washed	twice	in	sterile	water.	Cell	density	of	the	inoculum	

was	measured	via	spectrophotometry	at	600	nm	and	inoculum	volume	was	

calculated	such	that	the	experimental	culture	would	obtain	a	final	optical	density	of	

between	0.15	and	1.00	at	harvest.	Washed	cells	were	transferred	to	medium	

containing	the	opposite	carbon	source	(glucose	to	xylose	or	xylose	to	glucose).	

Experiments	were	carried	out	using	strain	YRH1460	with	harvests	at	2,	4,	8,	10,	and	

12	hours.	Boundary	conditions	were	also	established	for	both	YRH1458	and	

YRH1460	through	growth	on	exclusively	xylose	or	glucose	medium	with	harvest	after	

24	hours.	All	experiments	were	carried	out	in	triplicate.	

At	harvest,	four	aliquots	of	12	ml	of	cell	culture	were	removed	and	quenched	

in	18	ml	of	absolute	methanol	at	0°C	in	a	50	ml	conical	tube.	Cells	were	then	
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collected	via	centrifugation	at	3500	g	for	3	minutes	in	a	centrifuge	pre-chilled	to	0°C.	

The	supernatants	were	removed	and	the	pellets	were	resuspended	in	1	ml	aliquots	

of	60%	methanol,	transferred	to	a	screw	top	centrifuge	tubes,	and	flash	frozen	in	an	

ethanol	dry	ice	bath.	Frozen	samples	were	transferred	to	a	-80°C	freezer	for	storage	

until	further	use	(Bolten	et	al.,	2007).	

2.3.5	mRNA	extraction	

Total	RNA	was	extracted	using	an	Qiagen	RNeasy	kit	with	on-column	DNase	

Digestion.	Cell	aliquots	were	thawed	on	ice	and	pelleted	at	21130	g	in	a	4°C	micro	

centrifuge	for	5	minutes.	The	methanol	fix	was	removed	with	a	micro	pipette.	The	

cell	pellet	was	mixed	with	600	µl	of	0.5	mm	zirconia/silica	beads	(Biospec)	and	600	

µl	of	the	supplied	RLT	buffer	and	was	beaten	in	two	45	second	cycles	at	5.5	intensity	

(separated	by	a	five	minute	cooling	cycle	on	ice)	in	a	FastPrep	FP120	bead	beater.	

The	beads	were	allowed	to	settle	and	the	supernatant	was	removed	to	a	new	tube.	

This	tube	was	centrifuged	at	21130	g	for	two	minutes.	The	supernatant	was	

collected	and	processed	per	the	RNeasy	kit	directions	with	on-column	DNase	

Digestion.	RNA	concentration	was	assayed	using	a	nano-drop	A260	reading.	RNA	

quality	(lack	of	degradation)	and	purity	(lack	of	genomic	DNA)	was	assayed	via	

bleach	gel	(Aranda	et	al.,	2012).	This	gel	identified	genomic	DNA	contamination	in	

several	samples.	All	samples	were	subsequently	diluted	to	50	µg/ml	in	RNase	free	

H2O	and	treated	using	Ambion	TURBO	DNA-free	Kit.	This	removed	contaminating	

genomic	DNA	as	verified	by	reverse	transcriptase	(RT)	negative	PCR	control.	
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2.3.6	qRT-PCR	relative	mRNA	quantification	

Relative	quantification	of	mRNAs	of	interest	was	carried	out	via	qRT-PCR	in	a	

Corbett	Rotor-Gene	6000.	Qiagen	Rotor-Gene	SYBR	Green	RT-PCR	Kit	reagents	were	

used	throughout	all	primer	validation	and	sample	analysis.		Reactions	were	carried	

out	in	a	25	µl	reaction	volume	containing	12.5	µl	2x	master	mix,	2.5	µl	each	of	10	

ng/µl	forward	and	reverse	primer,	0.25	µl	RT,	2	µl	of	20	ng/µl	template	RNA,	and	

5.25	µl	RNase	free	water.	Cycle	times	and	temperatures	followed	recommended	

conditions	with	a	ten-minute	reverse	transcription	phase	at	55°C	followed	by	five	

minutes	at	95°C	for	to	activate	HotStartTaq	Plus	DNA	Polymerase.	Forty	cycles	of	

two-step	PCR	cycling	followed	with	5	second	denaturation	at	95°C	and	10	second	

combined	annealing/extension	at	60°C.	

Expression	relative	to	exponentially	growing	YRH1458	cells	propagated	

exclusively	with	glucose	as	a	carbon	source	was	quantified	using	the	2"∆∆$% 	method	

(Livak	and	Schmittgen,	2001).	ACT1	(β-Actin)	was	used	as	an	internal	control.	

Reported	values	are	an	average	of	biological	triplicates	at	each	time	point.	To	assess	

primer	suitability,	the	threshold	cycles	of	an	mRNA	dilution	series		(40	ng/µl	to	0.4	

ng/µl)	was	measured	for	each	primer	set.	The	slope	of	the	log	linear	portion	of	this	

curve	was	used	to	assess	PCR	efficiency	as	𝑃𝐶𝑅_𝐸𝑓 = 10
"/

01234 − 1.	Primer	efficiencies	

(Table	2)	were	somewhat	higher	than	expected	(117.6%-145.6%).	This	was	likely	due	

to	a	small	amount	of	inhibiting	compound	present	in	the	total	RNA	sample.	This	

inhibiting	compound	is	diluted	out	as	less	target	material	is	used	producing	the	

appearance	of	greater	than	100%	efficiency.	Since	all	primers	tested	had	similarly	
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high	efficiencies,	they	were	acceptable	for	this	analysis.	Each	primer	set	was	also	

assayed	for	primer	dimer	formation	via	no	template	control.	Each	mRNA	sample	was	

verified	to	be	free	of	genomic	DNA	through	a	RT(-)	control.	
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Table	2:	qRT-PCR	Primers,	Associated	Product	Length,	and	Efficiency	Validation

	

2.3.7	Pure	Sugar	Fermentations	
Pure	sugar	fermentations	were	conducted	in	125	ml	Erlenmeyer	shaker	flasks	

with	a	50	ml	medium	volume.	Flasks	were	capped	with	tinfoil	and	incubated	at	30°C	

while	mixing	on	a	rotatory	shaker	at	135	rpm.	The	media	used	for	both	stock	

cultures	and	experiments	was	standard	YP	(10	g/l	yeast	extract,	20	g/l	bacto-
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peptone	autoclaved	without	a	carbon	source	with	sterile	glucose	and	or	xylose	and	

ClonNat	added	separately).	Initial	sugar	concentrations	for	all	pure	sugar	

experiments	can	be	found	in	Table	3.	All	fermentations	were	performed	in	triplicate	

with	an	additional	non-sampled	replicate	inoculated	with	strain	YRH1464	used	as	a	

representative	sample	to	measure	ORP	and	pH	(using	a	Hanna	Instruments	Plating	

pH	Portable	Meter	(HI99131))	without	contaminating	sampled	replicates.	

Table	3:	Initial	measured	sugar	concentrations	and	inoculated	densities.	Values	represent	the	average	of	three	
replicates.	

	

Sampling	was	conducted	at	0,	2,	4,	8,	12,	24,	36,	and	48	hours.	Cell	density	

was	measured	using	an	optical	density	measurement	at	600	nm	(OD600)	a	

spectrophotometer.	Samples	for	HPLC	analysis	were	collected	and	centrifuged	at	
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15000	g	to	remove	cells	and	debris.	HPLC	samples	were	stored	in	HPLC	vials	with	

polypropylene	inserts	at	-80°C	until	analysis.	

Statistical	analysis	was	performed	on	each	set	of	triplicates.	Welch’s	T-tests	

were	used	to	identify	statistically	meaningful	differences	(p<0.05)	in	specific	glucose	

and	xylose	consumption	rates	as	well	as	biomass	and	ethanol	yields	with	respect	to	

glucose	and	xylose.	Comparisons	were	considered	between	strains	carrying	the	

xylose-inducible	STB5	plasmid	and	control	strains	of	the	same	genetic	background	as	

well	as	between	strains	of	different	backgrounds	where	applicable.	

2.3.8	Corn	Stover	Production	and	Fermentation	

All	pretreatments	were	performed	in	nominal	19	mm	(0.75	inch)	diameter,	

305	mm	(12	inch)	long	stainless	steel	tubes	(#316	alloy	stainless	steel)	with	

compression	ferrule	cap	fittings	on	each	end.	Air	dried	corn	stover	which	had	been	

milled	to	pass	through	a	4	mm	sieve	was	brought	to	20%	solids	content	(wet	basis)	

using	ddH2O.	Each	reactor	was	loaded	with	30	g	of	moisture	adjusted	corn	stover.	

The	tubes	were	submerged	in	a	250°C	sand	bath	until	the	internal	temperature	of	

the	reactor	was	180°C	(approximately	2	minutes)	at	which	point	they	were	

transferred	to	a	laboratory	oven	set	to	180°C	and	held	for	20	minutes.	The	

temperature	was	monitored	with	an	Omega	HH147	data	logger	with	a	type-K	

thermocouple	installed	in	a	tube	filled	with	an	equal	amount	(30	g)	of	water.	

Temperature	profiles	for	this	system	had	been	previously	characterized	(Kumar	and	

Murthy,	2011).	After	20	minutes,	the	temperature	of	the	tubes	was	rapidly	reduced	
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by	submersion	in	a	room	temperature	water	bath.	The	contents	of	the	tubes	was	

collected	in	bulk	and	frozen	at	-20°C	until	it	could	be	process	further.	

	 All	pretreated	material	was	detoxified	in	a	single	batch.	Approximately	650	g	

of	pretreated	biomass	was	vacuum	filtered	through	a	glass	fiber	filter	and	the	filtrate	

was	reserved.	The	biomass	was	washed	with	350	ml	of	ddH2O.	This	wash	liquid	was	

added	to	the	reserved	filtrate.	The	biomass	was	then	thoroughly	washed	with	an	

additional	2000	ml	of	ddH2O.	This	wash	was	discarded.	The	reserved	filtrate	was	

pretreated	by	overliming.	The	pH	of	the	filtrate	was	brought	to	11.0	with	calcium	

hydroxide.	This	pH	was	maintained	for	one	hour	at	30°C	at	which	point	the	pH	was	

adjusted	to	5.0	by	dropwise	addition	of	1N	HCl.	After	pH	adjustment,	the	filtrate	was	

centrifuged	to	remove	precipitates.	The	weight	of	the	collected	solid	and	liquid	was	

recorded	and	the	moisture	content	of	the	solid	was	determined.	Each	fermentation	

replicate	required	3	g	solids	and	27	g	liquid	to	achieve	a	10%	solids	loading.	Makeup	

water	was	added	to	the	detoxified	liquid	to	achieve	this	ratio	after	accounting	for	

the	1	ml	inoculum	volume	and	the	water	contained	in	the	wet	solids.	ClonNat	(100	

µg/ml),	urea	(CH4N2O)	(16	mM,	2.17	g/l),	magnesium	sulfate	(MgSO4)	(5	mM,	2.79	

g/l),	and	citrate	buffer	(1	ml/l	of	1M	stock	pH	5.0)	were	added	to	the	detoxified	

liquid	such	that	the	concentrations	listed	above	would	be	reached	in	the	final	

medium.	The	pH	of	the	solution	was	then	readjusted	to	5.0	using	sodium	citrate.	

This	liquid	was	split	into	bulk	aliquots	for	experimental	treatments	and	the	required	

enzyme	additions	were	made	to	begin	the	SSF	experiments	(	
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Table	4).	Novazyme	CTEC	and	HTEC	were	used	in	this	experiment.	CTEC	is	an	enzyme	

mixture	comprised	primarily	of	cellulases	used	in	the	hydrolysis	of	lignocellulosic	

biomass.	HTEC	has	a	higher	percentage	of	hemi-cellulases.	The	breakdown	of	

hemicellulose	is	important	for	the	production	of	usable	five	carbon	sugars	and	

increases	cellulose	activity	by	providing	better	access	to	cellulose.	In	all	experiments,	

per	manufacturer	recommendation,	CTEC	and	HTEC	were	dosed	at	20	and	2	mg	

enzyme	/	g	cellulose	respectively.	

Table	4:	Timing	of	enzyme	additions	for	each	experimental	treatment.	

	

	 Fermentations	were	carried	out	in	50	ml,	vented,	conical	bottom	tubes	(TPP	

TubeSpin	Bioreactors).	Moist	biomass	equivalent	to	three	grams	dry	weight	was	

weighed	into	tubes.	Detoxified	filtrate	containing	the	added	salts,	antibiotic,	and	

enzymes	was	added	to	the	biomass	to	bring	the	total	weight	to	29	g.	If	the	

experimental	treatment	called	for	pre-fermentation	hydrolysis,	it	was	carried	out	at	

50°C	for	24	hours.	The	tubes	were	then	brought	to	30°C	and	inoculated	with	1	ml	of	

cells	washed	twice	in	sterile	water	providing	an	OD600	of	4	(3.8	g/l)	to	the	tube.	Pre-

hydrolysis	and	fermentations	were	incubated	on	a	Labline	4635	platform	rocker	for	

continuous	mixing.	
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	 Samples	were	taken	at	0,	2,	4,	8,	12,	18,	24,	36,	48,	72,	96,	and	120	hours.	To	

sample,	the	tubes	were	first	spun	at	3000	g	for	20	seconds	to	knock	down	large	

biomass	particulate.	A	micropipette	was	then	used	to	transfer	200	µl	of	sample	to	a	

microfuge	tube.	The	sample	was	spun	for	2	minutes	at	15000	g	to	remove	small	

particulates	and	was	then	transferred	to	an	HPLC	vial	with	a	200	µl	polypropylene	

insert.	The	samples	were	frozen	at	-80°C	until	analysis.	

	 All	fermentations	were	run	in	triplicate.	The	ORP	(oxidation-reduction	

potential	used	as	a	proxy	for	dissolved	oxygen	measurement)	and	pH	were	

measured	at	each	time	point	in	an	additional	non-sampled	replicate	inoculated	with	

strain	YRH1464	using	a	Hanna	Instruments	Plating	pH	Portable	Meter	(HI99131).	This	

was	done	to	avoid	cross	contamination	with	a	non-sterile	probe	and	serves	as	a	

representative	sample	for	ORP.	

	 Statistical	analysis	was	carried	out	on	each	set	of	triplicates.	Welch’s	T-tests	

were	used	to	identify	statistically	meaningful	differences	in	final	ethanol	

concentration.	Average	final	ethanol	concentrations	were	also	compared	to	

theoretical	maximum	ethanol	values	and	expected	ethanol	values	given	the	ethanol	

yields	found	in	pure	sugar	experiments.	

2.3.9	HPLC	Analysis	

HPLC	samples	from	all	experiments	were	analyzed	on	a	Bio-Rad	fermentation	

monitoring	column	(#1250115)	using	a	0.005	M	H2SO4	mobile	phase.	The	flow	rate	

and	column	temperature	were	set	to	0.8	ml	per	minute	and	65°C	respectively.	The	

injection	volume	was	5	µl.	Detection	was	carried	out	using	an	Agilent	refractive	
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index	detector.	A	complete	standard	set	was	included	with	each	HPLC	run	which	

included	glucose,	xylose,	ethanol,	acetic	acid,	succinic	acid,	lactic	acid,	and	glycerol.	

This	standard	set	provided	a	linear	standard	curve	over	the	response	range	of	all	

measured	samples.	

2.4	Results	and	Discussion	

2.4.1	qRT-PCR	for	Verification	of	Xylose-inducible	Production	of	STB5	and	PGI1	

	 Based	on	qRT-PCR	data	collected	in	this	study,	STB5	and	PGI1	were	

successfully	over-expressed	using	the	xylose-inducible	promoter	Tef-X2-2.	STB5	in	

YRH1460	was	expressed	maximally	at	32.9	times	wild-type	(YRH1458)	baseline	

expression	levels	and	13.9	times	its	own	minimum	observed	expression	levels	when	

grown	on	glucose	(Figure	4).	This	suggests	that	the	Tef-X2-2	promoter	is	somewhat	

leaky,	creating	a	2.4-fold	increase	in	STB5	expression	over	baseline	expression	even	

when	xylose	is	not	present.	PGI1	in	YRH1460	grown	on	xylose	saw	a	4.7-fold	

expression	increase	over	baseline	wild-type	conditions.	PGI1	is	actively	repressed	by	

STB5	so	the	smaller	total	fold	increase	is	expected	as	direct	over-expression	and	

STB5’s	repressive	action	compete	to	regulate	endogenous	PGI1	levels.	Of	the	15	

STB5	targets	examined,	12	showed	at	least	a	two-fold	increase	in	mRNA	expression	

in	response	to	xylose	exposure	with	maximal	up-regulation	between	2.0	and	198.4	

times	base	line.	The	largest	fold	increase	in	expression	occurred	in	GND2.	GND1,	

FBP1,	PGI1,	TKL2,	TAL1,	SOL3,	and	SOL4	also	experienced	greater	than	four-fold	up-

regulation	over	baseline.	RKI1	and	ZWF1	displayed	the	smallest	rise	in	expression	

(1.56	and	1.38	fold	respectively).	
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Figure	4:	mRNA	expression	levels	of	PGI1,	STB5,	and	several	regulatory	targets	for	STB5	at	2,	6,	and	12	hours	
after	exposure	of	YRH1460	to	xylose	

	 It	appears	that	even	when	xylose	is	present	intracellular	regulation	

rebalances	STB5	and	PGI1	expression	over	time.	Maximum	expression	of	both	STB5	

and	PGI1	occurred	between	four	and	six	hours	following	inoculation	into	xylose	

containing	medium.	By	10	hours,	the	expression	of	both	enzymes	was	half	of	their	

maximum	expression.	Beyond	24	hours,	the	expression	level	had	returned	to	base	

line	in	PGI1	and	STB5	had	returned	to	approximately	a	five-fold	increase	over	

YRH1458	baseline	(approximately	double	the	expression	of	STB5	in	YRH1460	in	

glucose).	Target	proteins	showed	a	similar	pattern	of	up-regulation	and	return	to	

baseline.	Based	on	these	findings,	if	there	is	a	benefit	to	overexpressing	STB5	

targets,	it	would	be	expected	to	manifest	most	strongly	in	the	initial	eight	hours	

after	exposure	to	xylose.	For	additional	information	on	the	qRT-PCR	results	obtained	

in	this	work	see	appendix	6.2	which	contains	average	data	for	all	examined	genes	

and	time	points.	
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2.4.2	Characterization	of	Developed	Strains	in	Pure	Sugar	Experiments	

	 A	series	of	experiments	were	carried	out	using	YP	medium	containing	

glucose,	xylose,	or	a	glucose-xylose	mixture	as	a	carbon	source.	The	purpose	of	

these	experiments	was	to	characterize	the	strains	developed	in	this	work	and	to	

quantify	any	benefit	provided	by	the	over-expression	of	PGI1,	STB5	and	its	

associated	proteins.	Initial	media	sugar	concentrations	and	strains	used	for	each	

experimental	condition	are	listed	in	Table	3.	

	 When	comparing	the	rate	of	xylose	utilization	in	cultures	where	xylose	was	

the	only	carbon	source	available,	no	statistically	relevant	difference	was	observed	

between	strains	of	the	same	background	strains	carrying	a	xylose-inducible	copy	of	

STB5	and	those	with	empty	control	vectors.	However,	there	was	a	statistically	

significant	difference	(p=0.032)	in	the	maximum	observed	rate	of	xylose	utilization	in	

YRH1460	when	inoculated	at	high	density	(0.21	g/gDCW/h)	vs	low	density	(0.41	

g/gDCW/h).	Similar	results	were	found	in	mixed	glucose-xylose	fermentations.	Here,	

no	statistically	relevant	difference	was	observed	between	strains	overexpressing	

STB5	and	control	strains	in	terms	of	maximum	specific	xylose	utilization.	Again,	

when	comparing	high	and	low	density	cultures,	there	was	a	statistically	significant	

difference	(p=	0.007)	in	the	specific	rate	of	xylose	utilization	with	high	inoculation	

density	cultures	consuming	at	0.10	g/gDCW/h	and	cultures	inoculated	at	low	density	

consuming	at	a	maximum	of	0.14	g/gDCW/h.	Similar	trends	were	seen	in	YRH1458	

with	high	density	cultures	consuming	xylose	at	a	lower	specific	rate	than	low	density	

cultures,	but	these	differences	were	not	statistically	significant.	To	highlight	the	
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pervasiveness	of	this	trend,	the	cell	density	during	the	period	of	maximum	specific	

xylose	utilization	in	each	experiment	(all	strains,	and	both	xylose	and	mixed	glucose-

xylose	cultures)	was	plotted	against	the	maximum	specific	xylose	uptake	rate	

measured	in	each	experiment.	A	natural	log	curve	fit	to	this	data	produces	an	R2	of	

0.672	suggesting	a	strong	correlation	between	maximum	xylose	uptake	rate	and	cell	

density	(Figure	5).	The	most	likely	explanation	for	this	effect	is	oxygen	limitation.	

While	pure	sugar	cultures	were	agitated	vigorously	during	fermentation,	gas	

exchange	could	still	be	limiting	available	oxygen.	ORP	measurements	indicated	near	

anaerobic	conditions	supporting	this	hypothesis.	When	oxygen	is	limited	in	the	

medium,	any	oxygen	that	does	diffuse	into	the	medium	is	immediately	taken	up	by	

the	fermenting	yeast.	When	more	yeast	cells	are	present,	each	cell	takes	up	less	

oxygen.	Oxygen	is	required	for	respiration.	Therefore,	when	more	cells	are	present,	

less	oxygen	is	taken	up	per	cell,	the	specific	capacity	for	respiratory	metabolism	is	

constrained,	and	the	rate	of	specific	xylose	uptake	decreases.	
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Figure	5:	Relationship	between	maximum	xylose	uptake	rate	and	cell	density	during	maximum	xylose	uptake	rate	
is	negative	suggesting	oxygen	limitation	

	 The	respiratory	and	fermentative	pathways	for	xylose	utilization	use	the	

same	pathway	for	xylose	uptake	and	processing	through	the	PPP	into	glycolysis.	If	

the	enzymes	in	this	pathway	were	limiting	they	would	have	to	be	limiting	for	both	

respiration	and	fermentation.	If	the	respiratory	consumption	of	xylose	is	constrained	

after	the	branch	point	separating	respiratory	and	fermentative	metabolism	(the	

conversion	of	pyruvate	into	either	acetaldehyde	or	acetyl-CoA),	then	fermentative	

metabolism	must	also	be	constrained	after	this	branch	point.	There	are	three	types	

of	constraints	that	could	limit	the	rate	of	fermentation.	The	first	is	an	enzymatic	

constraint.	Pyruvate	decarboxylase	or	alcohol	dehydrogenase	could	have	insufficient	

capacity	for	conversion	of	pyruvate	to	acetaldehyde	or	acetaldehyde	to	ethanol	

(Figure	6-1).	This	type	of	constraint	seems	relatively	unlikely	given	the	capacity	of	

these	enzymes	during	fermentation	of	glucose.	The	second	type	of	constraint	is	

product	inhibition.	The	concentration	of	ethanol	could	be	too	high	to	allow	alcohol	
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dehydrogenase	to	drive	the	production	of	ethanol	(Figure	6-2).	Again,	this	seems	

very	unlikely	given	the	rate	at	which	this	reaction	continues	with	much	higher	

ethanol	concentrations	during	glucose	fermentation.	The	final	type	of	constraint	is	a	

redox	cofactor	deficit	(Figure	6-3).	The	conversion	of	acetaldehyde	to	ethanol	

requires	NADH.	During	fermentation	on	glucose,	sufficient	NADH	is	produced	during	

the	processing	of	glucose	(specifically	during	the	conversion	of	glyceraldehyde-3P	to	

1,3-Bisphosphoglycerate)	to	cover	the	demand	for	NADH	during	downstream	

reactions.	However,	when	xylose	is	fermented	this	amount	appears	to	be	

insufficient.		

	

Figure	6:	Potential	bottlenecks	limiting	the	conversion	of	pyruvate	to	ethanol.	

The	strongest	evidence	for	an	NADH	deficit	comes	from	ethanol	yield.	

Cultures	inoculated	at	high	density	have	a	lower	specific	xylose	consumption	rate	

than	cultures	inoculated	at	low	density.	This	appears	to	be	related	to	oxygen	

limitation	and	constraint	of	the	respiratory	pathway.	If	the	maximum	specific	rate	of	

fermentation	was	static,	cultures	respiring	more	slowly	would	have	a	higher	

proportional	yield	of	ethanol	per	gram	of	sugar	consumed.	This	was	not	observed	in	
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any	set	of	experiments	utilizing	xylose	as	a	carbon	source.	Each	set	of	experiments	in	

identical	media	with	high	and	low	density	inoculation	had	statistically	similar	ethanol	

yields	(0.249-0.279	g	ethanol/	g	xylose).	This	suggests	that	the	bottleneck	

constraining	the	fermentation	of	xylose	is	both	dynamic	and	proportional	to	the	

total	utilization	of	xylose	in	the	cell.	The	majority	of	unfermented	xylose	is	

metabolized	via	respiration	which	produces	NADH.	This	NADH,	if	used	to	drive	

fermentation,	provides	the	stoichiometric	link	relating	total	xylose	consumption	to	

the	xylose	fermentation	constraint	in	these	strains	(Figure	7).	

	

Figure	7:	Respiration	of	xylose	is	limited	by	oxygen	availability.	In	turn	this	decreases	available	NADH	which	limits	
xylose	metabolism	via	fermentation.	

	

	 The	yield	of	biomass	per	gram	sugar	was	well	correlated	with	cell	density.	

Biomass	yield	on	xylose	was	higher	in	low	density	cultures	than	in	high	density	

cultures.	In	strain	YRH1458,	cultures	inoculated	at	low	density	yielded	0.255	g	

biomass/	g	xylose	while	high	density	inoculated	cultures	yielded	0.188	g	biomass	/	g	
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xylose	(p=0.00017).	Similarly,	strain	YRH1460	yielded	0.289	and	0.216	g	biomass	/	g	

xylose	when	grown	with	xylose	as	the	only	carbon	source	(p=0.033).	This	is	

consistent	with	reports	that	oxygen	is	required	for	growth	on	xylose.	With	glucose	as	

the	carbon	source	yield	differences	were	less	dramatic.	YRH1458	produced	0.132	

and	0.099	g	biomass	/	g	glucose	in	high	and	low	density	inoculated	cultures	

respectively	(p=0.023).	Differences	in	strain	YRH1460	were	not	statistically	

significant.	

During	growth	on	xylose,	STB5	over-expression	did	not	have	a	statistically	

significant	effect	on	the	maximum	observed	growth	rate.	The	maximum	growth	

rates	on	xylose	in	all	strains	ranged	from	0.29	to	0.31	doublings	per	hour.	Growth	

rate	measurements	in	individual	time	windows	(i.e.	0-4	hours,	4-8	hours,	etc.)	did	

show	statistically	significant	differences,	however	these	differences	seemed	to	be	

more	indicative	of	the	current	concentration	of	biomass	in	the	culture	(denser	

cultures	with	less	available	oxygen	grew	more	slowly)	than	of	differences	between	

control	strains	and	those	over-expressing	STB5	and	PGI1.	For	a	complete	listing	of	

averaged	data	from	this	experiment	set	see	appendix	6.3.	

2.4.3	Characterization	of	Developed	Strains	on	Corn	Stover	Hydrolysates	

Despite	the	use	of	mild	hot	water	pretreatment	which	should	produce	

minimal	inhibitors	(Kabel	et	al.,	2007;	Pedersen	and	Meyer,	2010),	fermentation	of	

corn	stover	hydrolysates	proved	somewhat	difficult	even	with	strains	from	industrial	

backgrounds.	Prior	to	fermenting	detoxified	hydrolysate	liquor	and	washed	

hydrolysate	solids	(preparation	was	described	in	methods	section),	non-detoxified	
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hydrolysates,	and	detoxified	liquor	with	unwashed	solids	were	inoculated	with	

strains	YRH1461,	YRH1463,	YRH1464,	YRH1466.	No	fermentation	was	detectable	

under	these	conditions.	

Using	the	fully	detoxified	hydrolysate	liquor	and	washed	solids,	all	four	

strains	were	able	to	consume	a	significant	amount	of	available	sugar.	Based	on	the	

established	composition	of	the	dried	corn	stover	and	assuming	no	degradation	or	

sugar	loss	during	pretreatment	or	detoxification,	the	maximum	theoretical	ethanol	

yield	from	glucose	and	xylose	was	30.45	g/l	(18.89	g/l	from	glucose	and	11.56	g/l	

from	xylose	with	a	51%	yield).	If	arabinans,	galactans,	and	sugars	from	enzyme	

formulation	are	included,	the	maximum	theoretical	ethanol	yield	increases	to	34.66	

g/l	(including	2.30	g/l	from	arabinans,	0.89	g/l	from	galactans,	and	1.01	g/l	from	

enzymes).	Based	on	the	actual	ethanol	yield	identified	for	glucose	and	xylose	in	

experiments	in	YP	media,	the	expected	total	ethanol	yield	is	25.07	g/l	(15.61	g/l	from	

glucose	at	a	42.15%	yield,	5.81	g/l	from	xylose	at	a	25.61%	yield,	and	1.01	g/l	from	

all	other	sugars).	

Three	enzyme	addition	cases	were	examined.	The	first	case	included	CTEC	

and	HTEC	addition	24	hours	prior	to	inoculation.	This	was	considered	the	base	case	

and	was	carried	out	using	both	industrial	backgrounds	and	both	the	STB5/PGI1	

inducible	and	empty	plasmid	controls.	All	strains	in	this	condition	consumed	all	

available	glucose.	There	was	between	4.0	and	5.0	g/l	residual	xylose	in	all	cases	after	

120	hours.	The	average	maximum	measured	ethanol	concentration	in	each	set	of	

three	replicates	was	between	22.37	and	22.58	g/l	(64.5%	and	65.1%	of	theoretical	
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maximum	or	between	89.2%	and	90.1%	of	expected	yield).	There	was	no	statistical	

difference	(p>0.05)	in	final	ethanol	concentration	between	strain	backgrounds	or	

between	strains	expressing	xylose-inducible	copies	of	STB5	and	PGI1	and	those	with	

control	plasmids.	

	The	additional	two	cases	attempted	to	better	utilize	the	early	boost	in	PPP	

capacity	by	minimizing	available	glucose	and	maximizing	available	xylose	in	the	early	

hours	of	fermentation.	Since	there	was	no	statistical	difference	between	the	two	

strain	backgrounds	in	the	first	hydrolysates	case,	these	cases	utilized	only	strains	

YRH1464	and	YRH1466	(D5A	industrial	background).	Case	two	included	HTEC	added	

24	hours	prior	to	inoculation	and	CTEC	addition	at	inoculation.	The	average	final	

ethanol	concentrations	after	120	hours	of	fermentation	were	23.85	and	24.83	g/l	

(68.6%	and	71.6%	of	theoretical	maximum	or	93.7%	and	99.0%	of	expected	yield)	for	

strains	YRH1464	and	YRH1466	respectively,	however	there	was	no	statistical	

significance	to	this	difference	(p>0.05).	There	was	a	statistically	significant	difference	

between	the	average	final	ethanol	concentration	between	YRH1466	replicates	in	the	

first	enzyme	addition	case	(CTEC	and	HTEC	in	pre-hydrolysis)	and	those	in	the	

second	enzyme	addition	case	(HTEC	in	pre-hydrolysis,	CTEC	at	inoculation)	with	final	

concentrations	of	22.59	and	24.83	respectively	(p=0.0012).	This	would	imply	that	

early	availability	to	xylose	enhanced	fermentation	in	these	strains	and	suggests	that	

STB5	is	likely	following	a	similar	regulatory	pattern	as	seen	in	pure	sugar	

experiments.	



	
43	
	

Case	three	had	no	pre-hydrolysis	with	HTEC	added	at	inoculation	and	CTEC	

added	24	hours	after	inoculation.	This	condition	was	largely	unsuccessful.	HTEC	

alone	appeared	to	have	minimal	effect	on	xylose	availability.	Xylose	concentration	

was	less	than	2.0	g/l	until	CTEC	addition	after	which	it	jumped	to	more	than	5.0	g/l.	

Glucose	concentration	prior	to	CTEC	addition	was	below	the	detection	limit.	With	

minimal	sugar	availability,	ethanol	production	in	the	first	24	hours	was	minimal	(less	

than	1.0	g/l).	Cell	viability	during	this	phase	seems	to	have	been	compromised	as	

well.	After	CTEC	was	added	at	24	hours,	free	xylose	increased	to	more	than	5.0	g/l	

and	free	glucose	reached	beyond	40	g/l,	however	ethanol	production	did	not	

improve.	The	apparent	rise	of	glucose	beyond	the	theoretical	maximum	

concentration	may	have	been	caused	by	the	alteration	of	the	solids	to	liquid	ratio	by	

the	sampling	method.	Each	sample	removed	about	0.2	ml	or	approximately	0.75%	of	

the	liquid	from	the	culture.	Sampling	before	the	CTEC	addition	at	24	hours	would	

have	increased	the	solids	content	of	the	culture	by	approximately	5%.	This	

phenomenon	would	have	been	less	influential	in	cases	one	and	two	where	earlier	

enzyme	additions	would	have	liberated	the	majority	of	sugar	either	before	sampling	

began	or	in	the	first	several	hours	of	fermentation.	

The	total	ethanol	production	and	total	sugar	consumption	in	all	strains	in	

hydrolysates	was	slightly	lower	than	expected	given	strain	performance	in	pure	

sugars.	Part	of	this	may	have	been	due	to	inhibition	from	residual	pretreatment	

byproducts	after	detoxification.	Although	the	majority	of	HMF	and	furfural	were	

likely	during	over	liming,	significant	acetic	acid	from	hemicellulose	breakdown	was	
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still	detectable	in	the	medium.	Acetic	acid	can	decrease	cell	growth	and	viability	

especially	in	low	pH	environments.	While	pH	was	adjusted	prior	to	fermentation	and	

passively	controlled	using	a	citrate	buffering	solution,	it	did	drop	as	low	as	4.78	

during	fermentation.	This	could	have	led	to	inhibition,	but	the	extent	of	inhibition	in	

these	experiments	suggests	that	oxygen	limitation	is	the	more	likely	cause	of	slow	

xylose	consumption	in	these	hydrolysate	fermentations.	

Mixing	within	the	conical	tubes	was	sufficient	to	allow	enzyme	contact	with	

the	biomass.	Additionally,	the	sampling	procedure	created	regular	periods	of	more	

vigorous	mixing	and	gas	exchange.	However,	the	majority	of	gas	exchange	was	

accomplished	through	a	hydrophobic	membrane	in	the	cap	of	each	fermentation	

tube.	This	membrane	allowed	pressure	to	dissipate,	but	with	positive	pressure	in	the	

tube	and	high	viscosity	sample	regularly	sticking	to	this	membrane	it	was	likely	

insufficient	to	allow	for	an	optimal	influx	of	oxygen	(or	even	to	match	the	oxygen	

flux	in	the	pure	sugar	experiments).		

Both	of	these	variables	would	serve	to	decrease	available	oxygen	flux	in	the	

hydrolysates.	Oxidation	reduction	potential	was	measured	in	both	the	pure	sugar	

and	hydrolysate	experiments	as	a	proxy	for	available	oxygen.	These	measurements	

suggested	that	both	the	pure	sugar	and	hydrolysate	environments	had	very	little	

oxygen	(classification	fluctuated	between	micro-aerobic	and	anaerobic	with	

minimum	ORP	values	ranging	from	-80	to	-220	mV).	However,	these	measurements	

suggest	the	concentration	of	free	oxygen,	and	cannot	differentiate	between	a	
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sealed,	sterile,	anaerobic	flask	and	a	flask	that	is	anaerobic	due	to	balanced	

respiratory	oxygen	consumption	and	influx	of	atmospheric	oxygen.	

STB5	regulates	both	the	oxidative	and	non-oxidative	pentose	phosphate	

pathway.	The	non-oxidative	branch	is	important	for	the	integration	of	xylose	to	

glycolysis.	Over-expression	of	the	non-oxidative	pentose	phosphate	pathway	would	

be	important	if	the	rate	of	xylose	utilization	was	high.	However,	in	these	

experiments	the	rate	of	xylose	utilization	appears	to	be	well	below	the	maximum	

rate	observed	on	pure	sugars.	The	oxidative	branch	can	be	used	to	regenerate	

NADPH	which	is	required	for	conversion	of	xylose	to	xylitol.	However,	neither	branch	

of	the	pentose	phosphate	pathway	addresses	NADH.	NADH	is	required	for	the	

production	of	ethanol.	Normally	enough	NADH	is	produced	during	the	first	steps	of	

glycolysis	to	balance	these	later	reactions,	but	when	xylose	is	fermented	this	does	

not	appear	to	be	sufficient.	The	regeneration	of	NADH	then	falls	to	the	TCA	cycle,	

but	without	oxygen	as	a	terminal	electron	acceptor	the	TCA	cycle	cannot	function.	

With	deficiencies	in	oxygen	and	NADH,	consumption	of	xylose	cannot	proceed	

through	either	respiration	or	through	fermentation.	To	see	a	complete	list	of	

averaged	data	from	this	experiment	set,	see	appendix	6.4.	

2.5	Conclusion	

	 STB5	was	selected	as	a	target	for	regulation	because	of	its	role	in	regulating	

both	the	oxidative	and	non-oxidative	pentose	phosphate	pathway.	Regulation	using	

a	xylose-inducible	copy	of	STB5	was	a	success	in	so	far	as	it	did	increase	the	

expression	of	STB5	and	several	of	the	enzymatic	targets	that	it	regulates.	However,	
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these	over-expressions	did	not	appear	to	make	significant	impacts	on	xylose	

utilization	in	this	case.	The	primary	reason	for	this	appears	to	be	oxygen	limitation	

which	constrains	respiratory	consumption.	In	turn,	this	creates	an	NADH	deficit	

which	constrains	fermentative	capacity.	While	these	issues	could	be	addressed	with	

increased	aeration,	this	would	serve	primarily	to	increase	respiration	while	

fermentative	yield	remains	at	a	maximum	0.25	g	ethanol/	g	xylose.	If	oxygen	

availability	is	increased	dramatically	and	respiration	is	the	preferred	usage	pathway	

for	xylose	(as	has	been	previously	suggested)	the	ethanol	yield	may	actually	fall.	In	

order	to	increase	both	xylose	utilization	and	ethanol	yield	from	xylose,	future	work	

should	focus	on	identifying	strategies	to	increase	the	availability	of	NADH.	
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3	Using	High	Throughput	Data	and	Dynamic	Flux	Balance	

Modeling	Techniques	to	Suggest	Points	of	Constraint	in	

Xylose	Utilization	in	Saccharomyces	cerevisiae	

3.1	Abstract	

The	economic	viability	of	biochemical	production	from	lignocellulosic	biomass	

hinges	on	the	rapid,	high-yield	conversion	of	structural	carbon	molecules	to	high	

value	products.	Five	carbon	sugars	found	in	hemicellulose	are	not	utilized	by	wild-

type	Saccharomyces	cerevisiae,	but	modified	strains	have	been	developed	to	

consume	five	carbon	sugars	via	the	xylose	reductase/xylitol	dehydrogenase	and	

xylose	isomerase	pathways.	In	these	strains,	a	collection	of	poorly	understood	

dynamic	bottlenecks	limits	the	specific	consumption	rate	xylose.	This	work	describes	

the	development	and	validation	of	a	novel	dynamic	flux	balance	model	for	a	

modified	strain	of	Saccharomyces	cerevisiae	carrying	the	xylose	reductase/xylitol	

dehydrogenase	pathway	for	xylose	utilization	and	a	plasmid	for	the	xylose-inducible	

expression	of	STB5,	a	transcription	factor	responsible	for	regulation	of	key	enzymes	

in	the	pentose	phosphate	pathway.	The	model	utilizes	transcriptional	expression	

data	to	model	the	temporal	and	xylose	dependent	expression	of	STB5	and	15	of	its	

regulation	targets.	The	model	demonstrates	that	up-regulation	of	STB5	increases	

oxidative	pentose	phosphate	pathway	reactions	allowing	for	improved	

NADP/NADPH	balance	and	increased	xylose	consumption	at	high	growth	rates	under	

aerobic	conditions.	NAD/NADH	balance	is	identified	as	limiting	to	fermentative	
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metabolism	thereby	slowing	xylose	consumption	under	oxygen	limited	conditions	

(when	the	TCA	cycle	is	no	longer	capable	or	regenerating	NADH).	The	model	predicts	

that	the	glyoxylate	pathway	might	be	used	under	anaerobic	conditions	to	

regenerate	NADH	and	allow	further	production	of	ethanol	via	fermentation.	This	

pathway	does	not	appear	to	be	used	in	fermentations	in	this	work	because	of	

allosteric	feedback	inhibition,	but	is	suggested	as	a	target	for	regulatory	

modification.	Glycerol	and	acetate	are	also	identified	as	potential	non-ethanol	

production	targets	with	less	restrictive	cofactor	balancing	issues.		

3.2	Introduction	

	 Economically	viable	production	of	renewable,	value-added	chemicals	from	

lignocellulosic	biomass	is	limited	by	the	rate	and	yield	at	which	structural	carbon	can	

be	converted	to	desired	end	product.	Lignocellulosic	biomass	is	composed	primarily	

of	cellulose,	hemicellulose,	and	lignin.	The	six	carbon	sugars	that	make	up	cellulose	

are	readily	and	efficiently	utilized	by	Saccharomyces	cerevisiae,	however,	the	five	

carbon	sugars	that	make	up	hemicellulose	are	not	as	easily	fermented.	Consumption	

of	five	carbon	sugars	with	high	product	yield	would	result	in	a	40%	increase	in	total	

product	yield	per	unit	of	biomass	(Kumar	et	al.,	2012).	

	 Past	research	focused	on	engineering	exogenous	metabolic	functionality	into	

S.	cerevisiae	to	allow	for	xylose	utilization.	The	results	of	these	efforts	were	mixed.	

While	researchers	were	able	to	engineer	basic	xylose	utilization	functionality	

through	the	xylose	reductase	(XR)	xylitol	dehydrogenase	(XDH)	pathway	(Kötter	et	

al.,	1990),	specific	utilization	and	product	yield	were	significantly	lower	when	
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compared	to	growth	on	glucose.	More	recently,	different	groups	have	focused	on	

identifying	potential	bottlenecks	to	address	these	issues.	Identified	bottlenecks		

include	the	redox	imbalance	caused	by	the	differing	cofactor	demands	of	XR	and	

XDH	(Bruinenberg	et	al.,	1983;	Jeppsson	et	al.,	2002;	Kötter	and	Ciriacy,	1993),	

constraint	in	phosphorylation	of	xylulose	via	xylulokinase	(XK)	(Hohenschuh	et	al.,	

2015;	Lee	et	al.,	2003),	xylose	transport	through	the	HXT	family	of	endogenous	

hexose	specific	transporters	as	well	as	exogenous	transporters	including	GXF1	and	

GXS1	(Hotta	et	al.,	2009;	Sedlak	and	Ho,	2004)	,	and	downstream	limitation	within	

the	pentose	phosphate	pathway	(Johansson	and	Hahn-Hägerdal,	2002;	Matsushika	

et	al.,	2012).	These	efforts	have	shown	some	success,	but	the	interplay	between	

these	potential	bottlenecks	under	dynamic	environmental	conditions	(with	changing	

oxygen	and	sugar	availability)	is	poorly	understood.	It	could	be	that	each	identified	

bottleneck	acts	as	a	binding	constraint	only	under	a	very	specific	set	of	conditions.	It	

could	also	be	that	several	enzymes	act	in	conjunction	forming	a	single	bottleneck.	

Regardless	of	the	nature	of	the	constraint,	a	clear	understanding	of	where	and	

under	what	conditions	bottlenecks	occur	will	allow	future	strain	development	to	

prioritize	the	most	restrictive	and	industrially	relevant	bottlenecks	to	improve	both	

xylose	uptake	and	ethanol	yield.	

	 Genome	scale	dynamic	flux	balance	modeling	offers	an	opportunity	to	

identify	bottlenecks	on	an	organismal	level	and	to	consider	the	interplay	between	

different	types	of	bottlenecks	and	changing	culture	conditions.	The	increasing	

availability	of	high	throughput	tools	and	data	sets	provides	a	convenient	method	by	



	
50	
	

which	to	understand	cellular	regulatory	dynamics	on	a	temporal-enzymatic	level.	In	

this	work	we	describe	the	production	of	a	dynamic	regulatory	flux	balance	model	

based	on	iMM904	and	developed	to	identify	the	rate	limiting	reactions	within	

modified	strains	of	Saccharomyces	cerevisiae	(Mo	et	al.,	2009).	Parent	strains	had	

been	previously	transformed	to	express	XR,	XDH,	and	XK	via	a	chromosomal	

integration	providing	basic	xylose	utilization	capabilities.	Each	final	strain	used	in	this	

work	was	also	transformed	with	a	plasmid.	These	plasmids	contained	either	no	

expressed	genes	(control)	or	xylose-inducible	STB5	and	PGI1	regulated	by	the	xylose-

inducible	promoter	Tef-X2-2	and	its	corresponding	repressor	molecule.	STB5	is	a	

transcription	factor	known	to	regulate	the	majority	of	the	pentose	phosphate	

pathway	and	was	included	in	an	attempt	to	optimally	regulate	the	pathway	based	

on	evolutionarily	optimal	enzyme	expression	patterns	(Cadière	et	al.,	2010;	Hector	

et	al.,	2009;	Larochelle	et	al.,	2006;	MacIsaac	et	al.,	2006).	PGI1	is	a	required	

glycolytic	enzyme	that	is	down-regulated	by	STB5.	It	is	included	in	the	strain	to	

ensure	sufficient	PGI1	capacity	when	endogenous	production	of	PGI1	is	down-

regulated	due	to	over-expression	of	STB5.	The	model	also	includes	complete	

glucose-dependent	regulation	of	the	HXT	family	of	hexose	specific	transporters	and	

accounts	for	redox	imbalance	under	dynamic	oxygen	and	sugar	availability	

conditions	(Bertilsson	et	al.,	2007).	The	model	is	verified	against	22	experimental	

treatments	and	is	used	to	suggest	the	highest	value	targets	for	future	strain	

modification.	
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3.3	Materials	and	Methods	

3.3.1	Strains	

The	two	primary	strains	of	S.	cerevisiae	used	in	this	study	were	YRH1458	and	

YRH1460	(the	development	of	has	been	described	previously).	Each	strain	(Table	5)	

was	derived	from	the	parent	strain	YRH388	which	utilizes	the	CEN.PK2-1C	

background	and	has	conferred	xylose	utilization	via	the	inclusion	of	the	xylose	

reductase/xylitol	dehydrogenase	pathway	(i.e.	CEN.PK2-1C	+	ho	::	-kanMX-XYL2-

XYL1-XKS1)	(Hector	et	al.,	2011b).	YRH1458	contains	an	additional	empty	control	

vector	which	provides	for	clonNAT	resistance	and	selection.	YRH1460	contains	an	

additional	vector	containing	xylose-inducible	copies	of	STB5	and	PGI1	and	clonNAT	

resistance	and	selection.	These	strains	were	used	for	all	data	collection	used	in	

model	development	and	fitting.	

YRH1461	and	YRH1463	were	developed	in	YB-2625	(YB-2625	+	ho::-kanMX-

XYL2-XYL1-XKS1)	(Hector	et	al.,	2011b).	YRH1461	contains	the	control	vector	

described	above.	YRH1463	contains	the	xylose-inducible	vector	described	above.	

YRH1464	and	YRH1466	were	developed	in	the	D5A	industrial	background	(D5A	+	

ho::-kanMX-XYL2-XYL1-XKS1).	YRH1464	contains	the	control	vector	described	above.	

YRH1466	contains	the	xylose-inducible	vector	described	above.	These	strains	were	

used	only	for	model	validation	and	to	understand	the	usefulness	of	the	base	model	

for	alternative	yeast	backgrounds.	
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Table	5:	Detailed	Description	of	Utilized	Strains

	

3.3.2	Culture	conditions	

Strains	were	maintained	on	2%	glucose,	Yeast-Peptone	(YP)	plates	with	

clonNAT	selection	(100	µg/mL).	After	initial	outgrowth	at	30°C,	plates	were	stored	at	

2°C	until	use.	Liquid	culture	was	carried	out	in	YP	media	with	clonNAT	(100	µg/mL)	

selection	and	glucose,	xylose,	or	a	mixture	of	glucose	and	xylose	as	the	carbon	

source.		

Before	experiments,	cells	were	transferred	from	plates	to	liquid	culture	

medium	and	grown	for	a	minimum	of	18	hours.	Cells	used	for	inoculation	came	from	

exponentially	growing	cultures	with	an	optical	density	(600	nm)	less	than	1.0.	

Experiments	were	conducted	in	125	ml	Erlenmeyer	shaker	flasks	with	a	50	ml	

medium	volume.	Flasks	were	capped	with	tin	foil	and	incubated	at	30°C	while	mixing	

on	a	rotatory	shaker	at	135	rpm.	

3.3.3	Sampling	and	analysis	for	proteomic	and	mRNA	analysis	

For	the	collection	of	transcriptomic	and	proteomic	data,	cells	were	grown	

overnight	in	either	YP-glucose	(2%)	or	YP-xylose	(2%).	The	cells	were	then	collected	

by	centrifugation	at	5000	g	for	1	minute	and	washed	twice	in	sterile	water.	The	cell	
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density	of	the	inoculum	was	measured	via	spectrophotometry	at	600	nm	and	

inoculum	volume	was	calculated	such	that	the	experimental	culture	would	obtain	a	

final	optical	density	of	between	0.15	and	1.00	at	harvest.	Washed	cells	were	

transferred	to	medium	containing	the	opposite	carbon	source	(glucose	to	xylose	or	

xylose	to	glucose).	Experiments	were	carried	out	using	strain	YRH1460	with	harvests	

at	2,	4,	8,	10,	and	12	hours.	Boundary	conditions	were	also	established	for	both	

YRH1458	and	YRH1460	through	growth	on	exclusively	xylose	or	glucose	medium	

with	harvest	after	24	hours.	All	experiments	were	carried	out	in	triplicate.	

At	harvest,	four	aliquots	of	12	ml	of	cell	culture	were	removed	and	quenched	

in	18	ml	of	absolute	methanol	at	0°C	in	a	50	ml		conical	tube.	Cells	were	then	

collected	via	centrifugation	at	3500	g	for	3	minutes	in	a	centrifuge	pre-chilled	to	0°C.	

The	supernatants	were	removed	and	the	cell	pellets	were	resuspended	in	1mL	

aliquots	of	60%	methanol,	transferred	to	a	screw	top	centrifuge	tubes,	and	flash	

frozen	in	an	ethanol	dry	ice	bath.	Frozen	samples	were	transferred	to	a	-80°C	freezer	

for	storage	until	further	use	(Bolten	et	al.,	2007).	

3.3.4	mRNA	extraction	

Total	RNA	was	extracted	using	an	Qiagen	RNeasy	kit	with	on-column	DNase	

Digestion.	Cell	aliquots	were	thawed	on	ice	and	pelleted	at	21130	g	in	a	4°C	micro	

centrifuge	for	5	minutes.	The	methanol	fix	was	removed	with	a	micro	pipette.	The	

cell	pellet	was	mixed	with	600	µl	of	0.5mm	zirconia/silica	beads	(Biospec)	and	600	µl	

of	the	supplied	RLT	buffer	and	was	beaten	in	two	45	second	cycles	at	5.5	intensity	

(separated	by	a	five	minute	cooling	cycle	on	ice)	in	a	FastPrep	FP120	bead	beater.	
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The	beads	were	allowed	to	settle	and	the	supernatant	was	removed	to	a	new	tube.	

This	tube	was	centrifuged	at	21130	g	for	2	minutes.	The	supernatant	was	collected	

and	processed	per	the	RNeasy	kit	directions	with	on-column	DNase	Digestion.	RNA	

concentration	was	assayed	using	a	nano-drop	A260	reading.	RNA	quality	(lack	of	

degradation)	and	purity	(lack	of	genomic	DNA)	were	assayed	via	bleach	gel	(Aranda	

et	al.,	2012).	This	gel	identified	genomic	DNA	contamination	in	several	samples.	All	

samples	were	subsequently	diluted	to	50	µg/ml	in	RNase	free	H2O	and	treated	using	

Ambion	TURBO	DNA-free	Kit.	This	removed	contaminating	genomic	DNA	as	verified	

by	reverse	transcriptase	(RT)	negative	PCR	control.	

3.3.5	qRT-PCR	relative	mRNA	quantification	

Relative	quantification	of	mRNAs	of	interest	was	carried	out	via	qRT-PCR	in	a	

Corbett	Rotor-Gene	6000.	Qiagen	Rotor-Gene	SYBR	Green	RT-PCR	Kit	reagents	were	

used	throughout	all	primer	validation	and	sample	analysis.		Reactions	were	carried	

out	in	a	25	µl	reaction	volume	containing	12.5	µl	2x	master	mix,	2.5	µl	each	of	10	

ng/µl	forward	and	reverse	primer,	0.25	µl	RT,	2	µl	of	20	ng/µl	template	RNA,	and	

5.25	µl	RNase	free	water.	Cycle	times	and	temperatures	followed	recommended	

conditions	with	a	ten-minute	reverse	transcription	phase	at	55°C	followed	by	five	

minutes	at	95°C	for	to	activate	HotStartTaq	Plus	DNA	Polymerase.	Forty	cycles	of	

two-step	PCR	cycling	followed	with	5	second	denaturation	at	95°C	and	10	second	

combined	annealing/extension	at	60°C.	

Expression	relative	to	exponentially	growing	YRH1458	cells	propagated	

exclusively	with	glucose	as	a	carbon	source	was	quantified	using	the	2"∆∆$% 	method	
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(Livak	and	Schmittgen,	2001).	ACT1	(β-Actin)	was	used	as	an	internal	control.	

Reported	values	are	an	average	of	biological	triplicates	at	each	time	point.	To	assess	

primer	suitability,	the	threshold	cycles	of	an	mRNA	dilution	series		(40	ng/µl	to	0.4	

ng/µl)	was	measured	for	each	primer	set.	The	slope	of	the	log	linear	portion	of	this	

curve	was	used	to	assess	PCR	efficiency	as	𝑃𝐶𝑅_𝐸𝑓 = 10
"/

01234 − 1.	Primer	efficiencies	

(Table	2)	were	somewhat	higher	than	expected	(117.6%-145.6%).	This	was	likely	due	

to	a	small	amount	of	inhibiting	compound	present	in	the	total	RNA	sample.	This	

inhibiting	compound	is	diluted	out	as	less	target	material	is	used	producing	the	

appearance	of	greater	than	100%	efficiency.	Since	all	primers	tested	had	similarly	

high	efficiencies,	they	were	acceptable	for	this	analysis.	Each	primer	set	was	also	

assayed	for	primer	dimer	formation	via	no	template	control.	Each	mRNA	sample	was	

verified	to	be	free	of	genomic	DNA	through	a	RT(-)	control.	
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Table	6:	qRT-PCR	Primers,	Associated	Product	Length,	and	Efficiency	Validation	

	

3.3.6	Protein	extraction	and	digestion	

Cell	aliquots	were	removed	from	-80°C	storage	and	thawed	on	ice.	Cell	

pellets	were	harvested	via	centrifugation	at	21130	g	for	5	minutes	at	4°C	and	the	

methanol	fix	was	completely	removed	using	a	micropipette.	The	pellet	was	then	
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resuspended	in	600	µl	of	ddH2O	with Roche	cOmplete	Mini™	EDTA-free	Protease	

Inhibitor	Cocktail	(PIC).	The	suspended	cells	were	transferred	into	a	screw	cap	vial	

with	600	µl	of	0.5	mm	zirconia/silica	beads	(Biospec).	Tubes	were	beaten	in	six	20	

second	cycles	at	5.5	intensity	(separated	by	one-minute	cooling	cycles)	in	a	FastPrep	

FP120	bead	beater.	The	beads	were	allowed	to	settle	and	the	supernatant	was	

collected	via	micropipette.	An	additional	200	µl	ddH2O+PIC	was	added	to	the	beads.	

The	tube	was	vortexed	for	30	seconds,	the	beads	allowed	to	settle,	and	the	

supernatant	collected	and	added	to	the	first	supernatant.	The	supernatant	was	

cleared	via	centrifugation	at	21130	g	for	5	minutes	at	room	temperature.	The	clear	

supernatant	was	transferred	to	a	fresh	tube	and	protein	content	was	assessed	via	

Bradford	assay.	The	protein	sample	was	reduced	with	Dithiothreitol	(DTT)	for	15	

minutes	at	95°C	with	400	rpm	shaking	at	a	50:1	protein:DTT	ratio.	Samples	were	

then	cooled	on	ice.	Samples	were	alkylated	using	iodoacetamide	(IAA)	at	a	20:1	

protein:IAA	ratio.	The	alkylating	samples	were	incubated	in	the	dark	for	15	minutes.	

Alkylated	samples	were	centrifuged	at	21130	g	for	5	minutes	to	remove	any	

precipitates	and	then	concentrated	using	a	3K	MWCO	Amicon	filter.	The	

concentrated	protein	(~100	µl)	was	then	buffer	exchanged	three	times	with	400µl	

12.5mM	ammonium	bicarbonate	buffer	(pH	8.3)	with	1mM	CaCl2	to	remove	

protease	inhibitors,	DTT,	and	IAA.	The	after	the	final	buffer	exchange	the	volume	of	

the	protein	sample	was	approximately	50	µl.	The	concentration	of	protein	in	this	

sample	was	quantified	via	Bradford	assay	and	digested	with	proteomics	grade	

trypsin	(Sigma-Aldrich)	(20:1	bulk	protein:trypsin)	at	37°C	for	16	hours.	Digested	
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samples	were	acidified	with	5%	formic	acid	to	0.1%,	centrifuged	to	remove	the	white	

precipitate	that	forms	during	acidification,	and	frozen	at	-80°C	for	storage	(Hustoft	

et	al.,	2012).	

3.3.7	QConCAT	development	

	 For	the	absolute	quantification	of	proteins	via	tandem	mass	spectroscopy	an	

isotopically	labeled	internal	standard	known	as	a	QConCAT	was	created	(Pratt	et	al.,	

2006).	This	labeled	protein	standard	was	comprised	of	tryptic	digest	fragments	

whose	amino	acid	sequence	could	be	uniquely	identified	as	coming	from	proteins	of	

interest	in	a	tryptic	digest	of	bulk	cell	protein.	Tryptic	fragments	were	selected	via	

manual	analysis	of	all	fragments	predicted	by	ExPASY	Peptide	Cutter	from	CEN.PK	

sequence.	Peptide	Cutter	applies	the	trypsin	cleavage	probabilities	described	in	

Kiel’s	Specificity	of	Proteolysis	(1992).	To	be	considered	in	this	work,	a	peptide	

needed	to	reside	between	two	high	(100%)	probability	cuts	with	no	identified	

interior	cuts,	be	between	8	and	16	amino	acids	in	length,	and	matched	uniquely	to	

the	protein	of	interest	within	the	CEN.PK	genome.	Where	possible	peptides	with	

known	post-translational	modifications	were	avoided.	Based	on	a	more	recent	

evaluation	of	trypsin	activity,	peptides	flanked	by	two	arginines	or	two	lysines	were	

also	avoided.	Finally,	an	attempt	has	been	made	to	map	the	entire	proteome	of	S.	

cerevisiae	using	QConCats.	Where	possible,	fragments	identified	in	large	quantities	

during	this	previous	analysis	were	utilized	(Brownridge	et	al.,	2011).	

The	selected	protein	fragments	were	split	into	two	QConCATS	and	organized	

such	that	cleavages	between	all	peptides	were	predicted	to	be	100%	efficient	and	
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extended	regions	of	high	GC	content	(>70%)	were	limited.	A	Glu-Fib	peptide	was	

added	to	the	QConCAT	to	act	as	a	quantification	standard.	A	short	sacrificial	peptide	

containing	the	initiator	methionine	was	added	to	the	start	of	the	protein	sequence	

to	avoid	the	unexpected	non-removal	of	methionine	from	the	first	true	

quantification	peptide	in	vivo.	The	protein	sequences	were	submitted	to	GeneScrip	

for	codon	optimization	and	synthesis	in	a	pUC57-Kan	vector.	The	sequences	were	

then	ligated	into	two	PT7CET1-NHis	vectors.	These	plasmids	were	used	as	template	

in	Thermo	Scientific’s	1-Step	Heavy	Protein	IVT	kit	to	produce	complete	QConCATs.	

QConCATs	were	then	purified	on	Thermo	Scientific	His-Pur	Cobalt	Resin.	

3.3.8	Protein	analysis	

As	of	yet	quantitative	tandem	mass	spectroscopy	has	not	been	successfully	

completed.	We	have	had	trouble	producing	the	QCC	using	the	IVT	kit.	Despite	

increasing	the	reaction	volume	and	further	purifying	the	template	DNA,	QCC	

production	has	been	unsuccessful.	All	samples	are	frozen	at	-80C	pending	future	

production	of	the	QCC.	If	collected,	protein	values	would	be	used	to	verify	model	

constraints	(removing	the	need	for	mRNA	activity	units	(ρ)	as	a	fit	model	

parameters).	Methods	have	been	recorded	here	to	note	the	attempt	and	for	

reference	and	use	if	this	data	is	ever	used.	

3.3.9	Dynamic	flux	balance	model	development	

The	dynamic	flux	balance	model	used	in	this	work	was	developed	from	

iMM904,	a	genome	scale	metabolic	reconstruction	of	S.	cerevisiae	(Mo	et	al.,	2009).		

This	work	focused	on	the	development	of	a	novel,	dynamic	model	constraint	frame	
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work	to	be	applied	to	iMM904.	In	this	framework,	iMM904	was	further	constrained	

based	on	literature	values	and	our	mRNA	data	to	explain	sugar	transport,	oxygen	

uptake,	and	intracellular	fluxes	through	key	enzymes	in	the	pentose	phosphate	

pathway.		

Allowable	sugar	uptake	was	calculated	based	on	the	method	developed	by	

Bertilsson	et	al.	2007.	Glucose	and	xylose	are	transported	in	large	part	through	the	

HXT	family	of	transporters	which	have	a	well-defined	expression	profile	in	relation	to	

glucose	concentration	in	the	medium	(Diderich,	1999;	Liang	and	Gaber,	1996;	Ozcan	

and	Johnston,	1995).	Bertilsson	used	this	expression	profile	to	help	model	xylose	

utilization	during	mixed	glucose-xylose	fermentation	in	recombinant	S.	cerevisiae	

(Bertilsson	et	al.,	2007).	Expression	levels	of	the	individual	HXT	transporters	were	set	

using	the	expression	profiles.	Kinetic	parameters	for	xylose	transport	through	the	

HXT	transporters	were	taken	from	work	published	values	(Saloheimo	et	al.,	2006).		

In	the	Bertilsson	model	the	expression	of	each	transporter	was	calculated	based	on	

glucose	level	and	relative	to	a	basal	expression	level	(Figure	8	Top).	The	sugar	uptake	

through	each	transporter	(at	the	previously	mentioned	basal	level)	was	described	for	

both	xylose	and	glucose	with	Michaelis-Menten	kinetics	(Figure	8	Equations	1	and	

2).	The	total	transport	was	equal	to	the	sum	of	transport	through	each	transporter	

(Figure	8	Equations	3	and	4).	Bertilsson	then	imposed	an	additional	constraint	

limiting	the	total	molar	flux	of	sugar	through	the	HXT	transport	family	to	26.7	

mmol/gDCW/hr	(a	value	previously	reported	for	maximum	glucose	uptake	rate).	This	

produced	a	scalar	(α)	used	later	to	calculate	uptake	(Figure	8	Equation	5).	If	the	
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calculated	sugar	fluxes	exceeded	this	rate	there	were	scaled	proportionately	to	be	in	

compliance.	In	this	work,	we	used	a	very	similar	method	with	a	modified	maximum	

transport	rate	of	10.5	mmol/gDCW/h	to	match	the	sub-optimal	maximum	uptake	

rate	found	in	this	work	in	YRH1458	and	YRH1460.	

	

Figure	8:	Description	of	Modeled	Transport	of	Glucose	and	Xylose	Via	the	HXT	Family	of	Transporters	

Oxygen	uptake	constrains	were	determined	based	on	standard	Monod	

kinetics	fit	to	experimental	data	as	𝑟78 = 	 𝑟78:;<
78

=>?78
	where	𝑟78 	is	the	allowable	
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rate	of	oxygen	consumption,	O2	is	the	current	concentration	of	dissolved	oxygen	in	

the	culture,	and	Ks	is	the	half	velocity	constant	for	oxygen	uptake.	At	each	time	step	

the	oxygen	content	of	the	culture	was	updated	according	to	𝑂ABC<D = 𝑂A +

(𝑘𝐿𝑎78(𝑂A>;D − 𝑂A) − 𝑟78𝑋)𝑑𝑡	where	𝑘𝐿𝑎78 is	the	mass	transfer	coefficient	for	

oxygen,	𝑂A>;D is	the	saturation	concentration	of	oxygen	in	water	at	30°C,	𝑋	is	the	

biomass	concentration,	and	𝑑𝑡	is	the	length	of	the	time	step.	When	sufficient	

biomass	was	present	to	consume	all	available	oxygen,	the	maximum	rate	of	oxygen	

consumption	in	a	time	step	was	set	as	𝑟78 =
78BC<D

$411	N4OPQRS
.	This	configuration	helped	to	

avoid	oxygen	consumption	that	alternated	between	zero	consumption	and	higher	

than	expected	consumption	as	would	be	expected	using	the	described	Monod	and	

oxygen	mass	transfer	kinetics.		

Dynamic	medium	composition	included	updating	for	glucose,	xylose,	xylitol,	

ethanol,	acetic	acid,	succinic	acid,	lactic	acid,	and	glycerol	was	accomplished	in	a	

similar	manner	through	the	inclusion	of	rate	of	change	equations	in	the	form	TU
TR
=

𝑟U𝑋𝑑𝑡,	where	𝑀	is	the	tracked	metabolite	and	𝑟U	is	the	specific	consumption	or	

production	rate	for	that	metabolite.	

Individual	pentose	phosphate	pathway	reactions	were	constrained	based	on	

their	transcriptional	relationship	to	the	presence	of	the	transcription	factor	STB5.	

The	transcriptional	expression	pattern	of	STB5	was	measured	during	the	twelve-

hour	period	after	YRH1460	cells	grown	in	glucose	were	inoculated	into	xylose-

containing	medium.	The	resulting	expression	pattern	was	modeled	as	an	incoherent	
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type	1	feed-forward	loop	(i1-FFL)	(Figure	10b	solid	line)	based	on	the	relative	

abundance	of	this	type	of	regulatory	motif	in	S.	cerevisiae	and	the	strong	fit	between	

this	motif	and	the	mRNA	data	(Mangan	et	al.,	2006).	The	transcriptional	expression	

patterns	of	genes	of	interest	were	measured	during	the	same	time	period	and	

second	degree	polynomials	were	used	to	relate	translational	STB5	expression	to	the	

expression	of	the	genes	of	interest.	Finally,	linear	transformations	(termed	𝜌	in	

equations	and	mRNA	activity	units	elsewhere)	were	fit	to	describe	the	relationship	

between	the	relative	transcriptional	expression	and	enzymatic	activity	resulting	from	

the	genes	of	interest.	The	use	of	mRNA	activity	units	creates	the	implicit	

assumptions	that	the	activity	of	an	enzyme	is	linearly	related	to	its	mRNA	expression	

level	and	that	this	linear	relationship	can	serve	as	a	proxy	for	translational	and	post	

translational	regulation	affecting	the	activity	level	of	that	enzyme.	The	use	of	unique	

mRNA	activity	units	for	each	enzyme	acknowledges	that	intracellular	enzymes	are	

not	regulated	uniformly	and	that	a	unique	linear	transformation	may	be	required	to	

appropriately	fit	each	mRNA	to	the	activity	of	the	reaction	which	it	indirectly	

facilitates.	Figure	9	shows	the	two	examples	of	expression	patterns	of	STB5,	and	two	

target	genes	that	result	from	this	analysis	and	are	used	to	constrain	the	developed	

model.	
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Figure	9:	Examples	of	Enzymatic	Activity	of	ZWF1	(2a)	and	PGI1	(2b)	in	relation	to	STB5	mRNA	Expression	and	
mRNA	activity	units	

	 The	model	itself	was	read	in	MATLAB	using	COBRA	toolbox	(Schellenberger	

et	al.,	2011).	The	optimization	function	was	set	to	maximize	cell	growth	and	the	

model	was	solved	with	Gurobi	solver.	

3.3.10	Fermentation	Experiments	for	Model	Fitting	and	Validation	
	 A	series	of	batch	fermentations	were	carried	out	using	YRH1458,	YRH1460,	

YRH1461,	YRH1463,	YRH1464,	and	YRH1466	to	produce	fitting	and	validation	data	

across	a	wide	range	of	mixed	sugar	conditions	(glucose	and	xylose),	strain	

backgrounds,	and	STB5	inducibility.	All	experiments	were	carried	out	in	triplicate	in	

YP	medium	with	clonNAT	selection.	Cells	from	exponentially	growing	seed	cultures	

were	washed	once	in	sterile	ddH2O	and	inoculated	into	50	ml	of	pre-warmed	

medium	in	125	ml	shake	flasks.	Flasks	were	placed	on	a	rotary	shaker	at	135	rpm	in	a	

30°C	incubator.	At	0,2,4,8,12,24,36,	and	48	hours,	samples	were	collected	for	HPLC	

analysis	and	cell	density	was	measured	via	absorbance	at	600nm.	Reduction	

potential	was	also	measured	at	each	time	point	for	a	representative	sample	using	a	

Hanna	Instruments	Plating	pH	Portable	Meter	(HI99131).	HPLC	samples	were	
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analyzed	on	a	Bio-Rad	fermentation	monitoring	column	(#1250115)	using	a	0.005	N	

H2SO4	mobile	phase.	The	flow	rate	and	column	temperature	were	set	to	0.8	ml	per	

minute	and	65°C	respectively.	The	injection	volume	was	5	µl.	A	complete	standard	

set	was	included	with	each	HPLC	run	which	included	glucose,	xylose,	ethanol,	acetic	

acid,	succinic	acid,	lactic	acid,	and	glycerol.	This	standard	set	provided	a	linear	

standard	curve	over	the	response	range	of	all	measured	samples.	

3.3.11	Model	fitting	

	 The	developed	model	was	fit	to	three	experimental	runs	one	containing	

xylose	only	and	one	containing	glucose	and	xylose	using	strain	YRH1460	and	one	

containing	xylose	only	using	strain	YRH1458	(See	Table	7).	Model	fitting	was	carried	

out	in	three	steps	which	attempted	to	minimize	a	scaled	least	squares	objective	

function	which	can	be	written	as	
QC<X,C,D"Q:Z[C\,C,D

8

∆:;<,C,]
Q∈_R∈`4∈a .	Here,	each	

modeled	metabolite	(i)	in	the	set	I	is	compared	to	the	corresponding	measured	

metabolite	at	each	time	point	(t)	and	in	each	fitting	experiment	(e).	The	function	

considered	glucose,	xylose,	ethanol,	xylitol,	acetic	acid,	succinic	acid,	lactic	acid,	and	

glycerol	with	weighting	provided	by	 /
∆:;<,C,]

	where	∆bcd,4,Q 	is	the	maximum	change	in	

metabolite	𝑖	observed	during	the	course	of	the	experiment	(e).	This	weighting	

system	ensured	that	variables	that	change	slowly	(i.e.	biomass)	are	considered	

equally	with	variables	that	change	quickly	(i.e.	carbon	sources)	during	the	course	of	

an	experiment.	Matlab	code	describing	the	calculation	of	the	objective	function	can	

be	found	in	appendix	6.6.2.	
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In	the	first	step,	a	Monte	Carlo	method	was	employed	to	search	the	solution	

space	broadly.	In	this	step,	rough	estimations	of	𝑟bcdf1gd, 𝑘𝐿𝑎78, 𝐾P,	and	𝜌	were	set.	

In	this	instance	a	single	𝜌	was	set	to	transform	all	transcriptional	expression	patterns	

into	reaction	constraints.	After	roughly	5,000	searches,	the	top	solution	was	selected	

and	the	maximum	flux	through	each	reaction	of	interest	was	recorded	for	each	time	

step	of	the	fitting	run.	This	style	of	fitting	had	been	previously	demonstrated	to	

produce	an	acceptable	fit	with	no	further	fitting	(Hohenschuh	et	al.,	2015).	However,	

in	this	work	a	second	step	was	used	to	provide	a	more	precise	fitting.	In	the	second	

fitting	step,	the	model	was	initially	constrained	to	these	maximum	observed	flux	

values	and	a	simple	hill	climbing	heuristic	was	used	to	identify	the	local	objective	

function	minimum.	This	heuristic	allowed	for	single	variable	modification	(including	

individual	mRNA	activity	units	(ρ)	for	each	enzyme	of	interest)	by	a	randomly	

selected	scalar	between	80%	and	120%	it	also	allowed	for	modification	of	the	entire	

xylose	metabolism	pathway	The	heuristic	was	run	until	the	improvement	in	the	

trailing	24	hours	was	less	than	0.5%	(approximately	4,000	iterations	over	120	hours	

of	run	time).	Finally,	the	mRNA	activity	unit	(ρ)	for	each	target	enzyme	was	

decreased	such	that	the	allowable	flux	and	the	actual	flux	were	the	same	in	at	least	

one	time-step	in	one	fitting	run	thereby	minimizing	overhead	without	compromising	

model	fit.	Matlab	code	describing	the	hill	climbing	heuristic	used	in	the	second	step	

of	model	fitting	can	be	found	in	6.6.1.	
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Table	7:	Initial	Conditions	of	Three	Runs	Used	For	Model	Fitting.	Each	condition	is	the	average	of	three	replicates

	

	 Growth-assoicated-maintenance	(GAM)	and	non-growth-associated-

maintenance	(NGAM)	were	initially	set	using	literature	values	and	values	perscibed	

in	the	base	iMM904	model.	NGAM	in	iMM904	is	set	to	1	mmol/gDCW/h.	However,	

this	value	has	been	shown	to	vary	by	at	least	a	factor	of	2.5	depending	on	carbon	

source,	nitrogen	source,	and	fermentation	conditions	(Russell	and	Cook,	1995).	A	

closer	fit	was	obtained	by	manually	adjusting	GAM	to	0.4	mmol/gDCW/h	in	the	base	

case	(2.5	times	less	than	1	mmol/gDCW/h).	GAM	in	iMM904	was	set	to	59.276	

based	on	chemostat	data	using	glucose	as	a	carbon	source.	However,	GAM	has	been	

shown	to	be	as	low	as	35.6	in	S.	cerevisiae	depending	on	the	strain	background	and	

carbon	source.	Both	NGAM	and	GAM	were	fit	in	the	base	case	model	for	this	work.	

	 During	experimental	runs,	verly	little	or	no	succinic	acid	or	xylitol	was	

produced.	Hence,	the	maximum	allowable	export	for	these	metabolites	was	fit	using	

the	hill	climbing	algorithm.	While	it	was	not	possible	for	the	hill	climbing	algorithm	

to	reach	zero	allowable	flux,	the	exporet	fluxes	for	xylitol	and	succinate	trended	

towards	that	value.	Cases	with	minimally	bound	succinate	and	xylitol	export	were	

also	produced	and	are	described	shown	in	Figure	15.	

Conservative	secondary	fit	cases	were	also	developed	for	this	model	where	

GAM	and	NGAM	were	held	within	published	literature	values.	References	and	data	

sources	for	alternative	fit	cases	are	described	in	Table	8.	
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Table	8:	Source	of	Data	Used	In	Each	of	Three		Model	Fitting	Test	Sets	

	
3.3.12	Model	validation	and	use	

	 Primary	model	validation	was	carried	out	using	data	from	six	experimental	

treatments	using	YRH1458	and	six	using	YRH1460	(including	the	three	treatments	

used	for	fitting).	An	additional	three	treatments	each	utilizing	the	described	

industrial	background	strains	(YRH1461,	YRH1463,	YRH1464,	and	YRH1466)	were	

used	to	assess	the	usefulness	of	the	base	model	for	alternative	yeast	backgrounds.	

In	each	model	run,	the	maximum	allowable	flux	through	each	constrained	reaction	

was	monitored	and	compared	to	the	predicted	flux.	These	comparisons	were	then	

used	to	point	out	areas	of	xylose	utilization	constraint	and	to	assess	the	value	of	

using	transcription	factors	for	pathway	wide	up-regulation.	Matlab	code	used	for	

model	validation	and	data	output	can	be	found	in	appendix	6.5.	

3.4	Results	and	Discussion	

3.4.1	qRT-PCR	

Fifteen	mRNA	targets	and	STB5	were	chosen	for	qRT-PCR	analysis.	Samples	

were	taken	each	two	hours	after	transferring	exponentially	growing	cells	from	YPD	

to	YPX	or	from	YPX	to	YPD.	As	expected,	when	exposed	to	xylose,	strains	with	xylose-

inducible	STB5	showed	marked	up-regulation	of	STB5	mRNA	to	32.9	times	a	wild-

type	baseline	expression	level	(Figure	10a).	This	was	13.9	times	the	minimum	
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expression	level	observed	for	the	inducible	strain.	Expression	of	STB5	peaked	6	

hours	after	transfer	from	YPD	to	YPX.	From	here	STB5	mRNA	expression	declined	to	

approximately	five	times	baseline	(about	the	same	level	of	expression	seen	in	YPD).	

A	time	course	of	STB5	in	the	24	hours	after	exposure	to	YPX	is	shown	in	Figure	10b	

with	the	developed	i1-FFL	model	fit	represented	by	the	solid	line.	

	

Figure	10:	a.	Relative	expression	level	of	selected	mRNAs	at	2,	6,	and	12	hours	after	moving	YPD	grown	cells	to	
YPX.	Bars	are	the	mean	of	three	replicates	with	error	bars	representing	standard	deviation.	b.	Average		STB5	
mRNA	expression	time	course	in	the	24	hours	after	moving	YPD	grown	cells	to	YPX	(Diamonds	♦)	and	modeled	
STB5	expression	as	an	i1-FFL	(line).	c.	Correlation	between	STB5	mRNA	and	GND2	mRNA.	The	second	degree	
polynomial	calculated	here	is	used	in	the	model	to	constrain	GND2.	

Twelve	of	the	examined	mRNAs	showed	at	least	a	two-fold	increase	in	

expression	and	regulatory	patterns	similar	to	that	of	STB5	with	maximal	up-

regulation	between	2.0	and	198.4	times	base	line.	The	largest	up-regulation	
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occurred	for	GND2.	GND1,	FBP1,	PGI1,	TKL2,	TAL1,	SOL3,	and	SOL4	also	experienced	

greater	than	four-fold	up-regulation	over	baseline.	RKI1	and	ZWF1	displayed	the	

smallest	rise	in	expression	(1.56	and	1.38	fold	respectively).	PGI1	has	been	shown	to	

be	down-regulated	by	STB5.	Since	PGI1	is	required	during	glycolysis	for	the	

conversion	of	glucose-6-phosphate	to	fructose-6-phosphate,	a	second	xylose-

inducible	copy	of	PGI1	was	included	to	help	maintain	native	PGI1	production.	

Second	degree	polynomials	were	calculated	for	all	examined	enzymes	to	relate	them	

to	STB5	expression	during	this	period	of	initial	xylose	exposure.	An	example	is	

included	in	Figure	10c.	Best	fit	polynomials	with	negative	intercepts	were	forced	to	

use	a	zero	intercept	to	avoid	negative	protein	expression	in	the	model.	R-squared	

values	for	these	correlations	ranged	from	0.930	to	0.237	and	can	be	found	with	the	

associated	polynomials	in	For	additional	information	on	the	qRT-PCR	results	

obtained	in	this	work	see	appendix	6.2	which	contains	average	data	for	all	examined	

genes	and	time	points.Table	9.	These	correlations	and	polynomial	equations	are	

included	in	the	table	below	along	with	maximal	up-regulation	and	baseline	up-

regulation	over	the	control	normalized	to	ACT1.	For	additional	information	on	the	

qRT-PCR	results	obtained	in	this	work	see	appendix	6.2	which	contains	average	data	

for	all	examined	genes	and	time	points.Table	9:	Polynomials	Relating	Target	mRNAs	
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to	STB5	mRNA

	

	 Cells	grown	in	YPX	initially	had	reached	baseline	by	the	time	of	their	transfer	

to	YPD.	Translational	patterns	after	transfer	to	YPD	were	erratic	and	not	well	

correlated	with	the	presence	of	STB5	mRNA	suggesting	that	these	enzymes	are	

reacting	to	additional	stressors	associated	with	the	availability	of	glucose.	This	data	

was	not	utilized	in	modeling	as	it	is	unlikely	that	xylose	would	be	used	as	a	primary	

growth	substrate	in	industrial	fermentation	because	of	the	low	specific	growth	rate	

it	provides.	

3.4.2	Protein	Quantification	

	 At	this	point	protein	quantification	has	been	unsuccessful.	Samples	are	

stored	at	-80°C	awaiting	the	successful	production	of	the	developed	qConCat.	If	and	

when	quantitative	protein	values	are	established	they	could	be	used	to	verify	the	

underlying	relationships	used	in	the	model	to	relate	mRNA	values	to	protein	

expression	levels	and	enzyme	activity	levels.	
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3.4.3	Model	Fit	

As	described	previously,	the	model	was	fit	to	three	experimental	runs.	A	fully	

fit	case	was	developed	which	allowed	for	the	fitting	of	NGAM,	GAM,	succinate	

export,	xylitol	export,	oxygen	uptake	parameters,	and	individual	mRNA	activity	units	

for	each	examined	enzyme.	Two	additional	test	cases	were	examined	using	

literature	values	to	for	GAM	(Fit	w/GAM	Literature	Value	)	or		both	NGAM	and	GAM	

(Fit	w/GAM+NGAM	Literature	Values)	(See	parameter	values	in	Table	10	and	mRNA	

activity	unit	(ρ)	values	in	For	additional	information	on	the	qRT-PCR	results	obtained	

in	this	work	see	appendix	6.2	which	contains	average	data	for	all	examined	genes	

and	time	points.Table	9).	The	literature	value	used	for	GAM	came	directly	from	the	

base	iMM904	model	and	was	59.276	mmol	ATP	per	gram	of	cell	mass	produced.	The	

literature	derived	value	for	NGAM	was	0.4	mmol	ATP/gDCM/h.	This	value	was	based	

on	the	value	used	in	iMM904	(1	mmol	ATP/gDCW/h)	divided	by	2.5,	a	number	

representing	the	the	observed	variation	in	NGAM	based	on	carbon	source	

(Hempfling	and	Mainzer,	1975;	Russell	and	Cook,	1995).	As	expected	with	fewer	

degrees	of	freedom,	neither	secondary	test	case	using	literature	values	for	GAM	and	

NGAM	fit	as	well	as	the	fully	fit	model,	but	results	are	included	for	consideration	as	

conservative	fittings	with	fewer	degrees	of	freedom.	



	
73	
	

Table	10:		Parameter	Fitting	For	Each	of	Three	Test	Cases	(Fully	Fit,	Fit	w/GAM	Literature	Value,	Fit	
w/GAM+NGAM	Literature	Values)	

	

	 In	the	fully	fit	model,	NGAM	fit	lower	than	the	most	commonly	used	value	for	

S.	cerevisiae	(1	mmol	ATP/gDCW/h).	Fit	NGAM	approached	zero.	Maintenance	costs	

do	exist	and	zero	is	not	an	rational	value	for	NGAM.	However,	low	and	zero	NGAM	

values	have	been	used	in	FBA	modeling	papers	in	the	past	for	growth	on	xylose	

based	on	experimental	data	that	shows	continued	xylose	consumption	despite	

model	predictions	that	show	cells	cannot	be	achieving	more	commonly	accepted	

values	of	NGAM.	One	possible	explanation	for	the	low	fit	of	NGAM	is	related	to	the	

fit	of	GAM.	GAM	can	also	vary	based	on	fermentation	conditions.	Specifically,	the	

cited	study	using	a	zero	NGAM	is	evaluating	a	model	for	co-fermentation	of	xylose	

and	glucose.	GAM	may	be	lower	for	growth	on	xylose	than	for	growth	on	glucose,	

but	only	a	single	GAM	is	set.	Since	growth	on	xylose	is	generally	slower	than	growth	

on	glucose,	NGAM	makes	up	a	greater	percentage	of	ATP	hydrolysis	during	growth	

on	xylose	and	decreasing	NGAM	would	produce	a	model	that	compensates	for	using	

just	one	GAM	value	to	represent	two	physiological	states.	

3.4.4	Model	Validation	

	 Model	validation	was	carried	in	two	parts	using	data	from	a	series	of	

independent	validation	experiments.	First	the	model	was	validated	for	growth	on	YP	
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medium	with	different	combinations	of	glucose	and	xylose	using	the	fitting	strains	

YRH1458	and	YRH1460.	Next	the	validation	effort	was	expanded	to	four	strains	with	

industrial	backgrounds	(YRH1461,	YRH1463,	YRH1464,	and	YRH1466).	Using	these	

strains,	the	model	was	again	validated	for	growth	on	both	xylose	and	glucose	carbon	

sources	under	aerobic	and	micro-aerobic	conditions.	Initial	conditions	for	all	runs	are	

described	in	Table	11.	A	complete	list	of	averaged	data	used	for	fitting	and	validation	

can	be	found	in	appendix	6.3.	Each	model	run	represents	the	average	of	three	

experimental	replicates.	

Table	11:	Initial	Conditions	for	Validation	Runs	

	
	 Within	the	primary	fit	strains	(YRH1458	and	YRH1460),	central	carbon	

metabolism	(consumption	of	glucose	and	xylose	and	production	of	cell	mass	and	

ethanol)	fit	very	well.	The	largest	differences	between	the	fully	fit	case	and	the	more	

conservatively	fit	test	cases	appeared	in	product	formation.	The	fully	fit	case	

generally	produced	slightly	more	biomass	and	slightly	less	ethanol	than	either	test	



	
75	
	

case.	This	more	closely	matched	the	validation	experiments	(Figure	11).	This	

suggests	that	bulk	carbon	partitioning	is	more	accurate	under	modified	GAM	and	

NGAM	fitting.		

	

Figure	11:Comparison	of	Fully	Fit,	Fit	w/GAM	Literature	Value,	and	Fit	w/GAM+NGAM	Literature	Value	cases	for	
YRH1460	grown	on	YP-glucose+xylose..	Fitting	of	GAM	and	NGAM	improved	carbon	partitioning	between	ethanol	
and	biomass.	

The	two	most	common	fit	discrepancies	were	(1)	the	slight	under	

consumption	of	xylose	and	(2)	a	small	simultaneous	under	production	of	biomass	

and	over	production	of	ethanol.	With	regard	to	(1),	the	fit	of	the	specific	xylose	

consumption	rate	was	strong	when	only	xylose	was	present.	However,	during	the	

transition	from	glucose/xylose	co-fermentation	to	xylose	fermentation,	xylose	was	

under	consumed.	This	would	suggest	a	lag	in	HXT	transporter	degradation	not	

captured	by	the	Bertilsson	xylose	transport	model	or	the	use	of	a	stored	metabolite	
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that	becomes	limiting	in	the	medium	as	xylose	becomes	the	primary	sugar	source.	

Figure	12	shows	the	consequence	of	this	apparent	lag	in	two	modeled	cases.	A	sharp	

increase	in	xylose	consumption	marks	the	transition	between	primary	consumption	

of	glucose	and	xylose	at	approximately	12	hours	(Figure	12a)	and	18	hours	(Figure	

12b).	When	glucose	is	consumed	completely,	xylose	consumption	slows	as	the	

transport	capacity	of	the	glucose-regulated	HXT	transporters	decreases.	In	reality	

this	regulation	may	not	be	instantaneous	and	HXT	transport	availability	may	linger.	

Similarly,	the	nature	of	a	flux	balance	model	does	not	allow	for	internal	stores	of	

metabolites	or	cofactors	(such	as	NADH	or	NADPH).	If	cells	contained	surplus	of	

NADH	or	NADPH	and	xylose	consumption	increased	the	demand	for	those	cofactors	

beyond	the	cell’s	maximum	rate	of	cofactor	regeneration,	there	would	be	a	lag	

before	xylose	consumption	decreased.	Figure	12c	and	12d	demonstrate	that	if	the	

increased	xylose	utilization	rate	at	12	and	18	hours	in	Figures	12a	and	12b	

respectively	was	maintained	for	one	to	two	hours	after	glucose	depletion,	the	

modeled	xylose	concentration	would	intersect	with	the	measured	concentration	at	

subsequent	measurement	points.		Since	the	lag	appears	to	impact	one	to	two	hours	

of	model	time	and	xylose	consumption	after	the	lag	appears	to	match	experimental	

data,	the	lag	does	not	detract	from	this	model	in	terms	of	its	ability	to	identify	

bottlenecks	in	xylose	utilization	during	normal	operating	conditions.		
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Figure	12:	Examples	of	lag	in	experimental	down-regulation	of	HXT	transporters	during	the	transition	to	xylose	
consumption	when	compared	to	the	model	(a	and	b)	and	shifted	curves	demonstrating	that	the	consumption	rate	
after	the	unaccounted	for	lag	phase	matches	validation	data	(c	and	d).	Figures	a	and	c	represent	YRH1460	grown	
on	YP-glucose+xylose;	b		and	d	represent	YRH1458	grown	on	YP-glucose+xylose.	

With	regard	to	(2),	the	simultaneous	under	production	of	biomass	and	over	

production	of	ethanol	is	the	expected	outcome	of	an	unaccounted	for	change	in	

oxygen	availability	(Figure	13).	Decreased	oxygen	availability	would	prompt	an	

increase	in	fermentative	metabolism.	The	production	of	ethanol	during	

fermentation	is	a	significantly	less	efficient	means	of	producing	energy	when	

compared	to	respiration.	Decreased	efficiency	means	more	carbon	loss	to	CO2	and	a	

subsequent	decrease	in	biomass	yield.	While	ORP	was	measured	during	each	

experiment,	dissolved	oxygen	content	was	not	controlled.	Flasks	were	capped	using	

two	layers	of	aluminum	foil	which	allows	for	gas	exchange	between	the	flask	and	
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incubator.	The	rate	of	gas	exchange	is	related	to	the	airtightness	of	this	aluminum	

seal	which	may	have	some	variability	between	replicates	and	experiments.	

	

Figure	13:	Example	of	Carbon	Partitioning	Discrepancy	Between	Model	and	Experimental	Data	Likely	Caused	by	
Variability	in	Gas	Exchange	Between	Fitting	Runs	and	Validation	Run.	All	three	figures	represent	YRH1460	grown	
on	YP-xylose.	

	 Predictions	of	exchange	fluxes	for	secondary	metabolites	(acetate,	lactate,	

succinate,	glycerol,	and	xylitol)	were	not	as	strong	as	the	predictions	for	central	

carbon	metabolism.	Secondary	metabolites	are	produced	and	secreted	for	a	variety	

of	reasons	including	signaling,	osmotic	regulation,	and	cofactor	regeneration.	Of	

these,	only	cofactor	regulation	is	considered	in	a	flux	balance	model	which	may	have	

contributed	to	incorrect	model	predictions.	

In	this	model,	when	constraints	on	succinate	and	xylitol	were	relaxed	to	

allow	export	between	0	and	0.1	mmol/gDCW/h,	the	model	predicts	significant	

succinate	and	xylitol	for	export.	However,	neither	succinate	nor	xylitol	were	

produced	in	significant	quantities	in	any	of	the	validation	experiments.	Production	of	

succinate	and	xylitol	are	indicative	of	a	system	attempting	to	fully	utilize	its	carbon	

consumption	capacity	despite	cofactor	imbalance.	Succinate	production	via	the	TCA	

cycle	produces	two	NADH	molecules	which	are	used	as	electron	transporters	during	

aerobic	respiration.	Xylitol	production	consumes	NADPH	which	is	required	by	several	
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anabolic	reactions.	Under	these	conditions,	the	modeled	consumption	of	xylose	to	

go	beyond	the	experimentally	observed	specific	consumption	rate.		

In	the	fully	fit	model,	succinate	export	is	constrained	to	fit	experimental	data	

and	the	model	correctly	predicts	acetate	production	which	can	produce	a	smaller	

amount	of	NADH	(or	NADPH).	However,	the	model’s	prediction	of	acetate	export	

(0.05-0.3	g/l)	is	significantly	lower	than	the	amount	produced	experimentally	(0.2-

1.5	g/l)	especially	past	12	hours	and	during	xylose	fermentation.	During	

experimental	fermentations	on	glucose,	significant	amounts	of	glycerol	were	

produced.	Glycerol	production	consumes	NADH	and	was	not	produced	in	the	model	

further	suggesting	that	this	production	is	sub	optimal	from	a	pure	cell	growth	

prospective	and	may	be	contributing	to	NAD+/NADH	imbalance.	

The	model	fit	for	the	included	industrial	cell	lines	(YRH1461,	YRH1463,	

YRH1464,	and	YRH1466)	was	not	as	strong	as	for	YRH1458	and	YRH1460.	Grown	on	

either	YP	plus	glucose	or	YP	plus	xylose,	YRH1461,	YRH1463,	and	YRH1464	produced	

significantly	more	cell	mass	than	predicted	by	the	model	despite	matching	the	

model	for	ethanol	production.	This	suggests	that	GAM	may	need	to	be	fit	

individually	in	these	cell	lines.	Overall	xylose	consumption	in	these	lines	was	low,	but	

the	specific	xylose	consumption	rate	in	both	the	model	and	validation	data	sets	was	

similar	suggesting	that	the	same	bottlenecks	constraining	xylose	utilization	in	

YRH1458	and	YRH1460	are	responsible	for	xylose	constraint	in	YRH1461,	YRH1463,	

and	YRH1464.	Carbon	partitioning	for	strain	YRH1466	was	not	predicted	correctly.	

This	line	produced	more	biomass	and	less	ethanol	during	growth	on	YP	plus	xylose	
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than	the	model	predicted.	Without	additional	validation	runs	it	is	difficult	to	tell	

whether	this	is	an	anomaly	related	to	the	gas	transfer	variation	discussed	earlier.	

3.4.5	Bottlenecks	Within	Measured	Target	Enzymes	

	 Research	aimed	at	increasing	the	rate	xylose	utilization	has	identified	several	

enzymatic	additions	and	regulatory	modification	that	improve	xylose	utilization.	

Transporters,	XR,	XDH,	XK,	cofactor	redox	imbalance,	and	several	enzymes	in	the	

pentose	phosphate	pathway	have	been	pointed	to	as	factors	contributing	to	slow	

xylose	consumption.	If	there	were	multiple	simultaneously	binding	constraints	in	a	

single	linear	pathway,	removing	any	one	constraint	would	have	no	effect	on	the	rate	

of	xylose	utilization.	Each	identified	bottlenecks	acts	as	a	bottleneck	only	under	a	

specific	set	of	conditions	(available	sugars,	oxygen,	protein	expression).	Through	

modeling,	the	dynamic	interplay	between	these	bottlenecks	and	fermentation	

conditions	can	be	understood	and	the	most	industrially	relevant	constraints	can	be	

identified.	

3.4.5.1	NADPH	Regenerating	Shunt	

	 The	consumption	of	xylose	and	conversion	to	xylitol	requires	NADPH.	In	the	

model,	the	oxidative	portion	of	the	PPP	was	used	as	an	NADPH	producing	shunt	to	

facilitate	xylose	uptake.	Glucose-6P	is	converted	to	Glucono-1,5lactone-6P	by	a	

glucose-6-P-dehydrogenase	(ZWF1)	and	then	to	Gluconoate-6P	by	a	6-

phosphogluconolactonase	(SOL1,	SOL2,	SOL3,	SOL4).	Gluconoate-6P	can	be	

converted	to	the	PPP	intermediate	Ribulose-5P	by	GND1	or	GND2	and	the	PPP	can	

then	recycle	Ribulose-5P	back	into	glycolysis.	The	process	produces	2	NADPH	per	
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cycle	but	decreases	potential	product	yield	through	the	loss	of	one	CO2	molecule	

(Figure	14a).	NADPH	is	used	both	for	conversion	of	xylose	to	xylitol	and	for	anabolic	

activities	associated	with	cell	growth.	When	there	is	sufficient	oxygen	present,	

xylose	is	oxidized	in	the	electron	transport	chain	producing	large	amounts	of	ATP.	

This	allows	for	rapid	cell	growth	and	requires	significant	amounts	of	NADPH.	To	

create	this	NADPH,	the	cell	cycles	xylose	through	the	oxidative	portion	of	the	

pentose	phosphate	pathway.	In	fact,	when	cells	are	grown	with	xylose	as	the	sole	

carbon	source,	the	model	predicts	that	53.4%	of	all	xylose	consumed	is	processed	

through	ZWF1	is	equal	to	32%	of	maximum	xylose	transport	(2.64	vs	4.94	

mmol/gDCW/h).	This	suggests	that	during	high	growth,	a	single	xylose	molecule	

could	be	cycled	through	this	pathway	an	average	of	0.53	times	to	produce	an	

average	of	1.06	molecules	of	NADPH	(slightly	more	than	enough	to	cover	conversion	

of	xylose	to	xylitol).	During	this	process	each	five	carbon	xylose	molecule	would	also	

lose	on	average	0.53	carbon	molecules	as	CO2.	This	corresponds	to	a	10.7%	carbon	

loss	before	beginning	respiration	or	fermentation.		
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Figure	14:	14a	shows	a	diagram	of	the	oxidative	pentose	phosphate	pathway	shunt	used	to	regenerate	NADPH	
and	fuel	the	conversion	on	xylose	to	xylitol.	14b,	14c,	and	14d	show	the	predicted	maximal	and	utilized	flux	
through	ZWF1	(the	apparent	bottleneck	in	this	pathway).	14b	shows	a	binding	constraint	in	a	fermentation	in	YPX	
and	high	starting	oxygen	concentration.	14c	shows	an	oxygen	limited	culture	and	14d	shows	a	culture	with	both	
glucose	an	xylose.	During	the	transition	from	glucose	consumption	to	xylose	consumption	ZWF1	becomes	
momentarily	binding,	but	this	effect	diminishes	as	glucose	and	oxygen	are	depleted.	

An	increase	in	the	capacity	of	ZWF1	would	increase	the	capacity	of	this	

pathway.	However,	the	value	of	increasing	the	capacity	of	these	reactions	is	

questionable	from	an	economic	standpoint.	Use	of	this	pathway	creates	significant	

carbon	loss.	Additionally,	this	pathway	is	only	to	be	limiting	when	growth	and	

oxygen	uptake	are	high	(Figure	14b).	Most	biomass	production	operations	use	

glucose	to	produce	dense	cultures.	It	is	unlikely	that	even	xylose	consuming	strains	

of	S.	cerevisiae	would	be	produced	on	xylose.	Therefore,	the	optimal	solution	may	

be	to	constrain	the	capacity	of	this	pathway	to	allow	for	NADPH	balance	at	the	
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maximum	rate	of	xylose	uptake	without	providing	additional	overhead	to	spur	

unnecessary	growth.		

3.4.5.2	Oxygen	Limitation	Highlights	NADH	Supply	Bottleneck	

	 When	oxygen	becomes	more	limiting,	the	cells	metabolism	normally	funnels	

a	greater	portion	of	sugars	into	fermentation.	Fermentation	is	significantly	less	

efficient	at	producing	ATP.	The	decrease	in	available	ATP	slows	growth	and	

decreases	the	demand	for	NADPH.	The	flux	through	ZWF1,	SOL1,	SOL2,	SOL3,	SOL4,	

GND1,	GND2,	and	RPI	fall	as	a	result	(Figure	14c	and	14d).	This	creates	excess	

capacity	for	these	enzymes	and	their	constraint	is	non-binding.	

Fermentation	itself	is	unbounded	in	this	model.	However,	xylose	

consumption	rates	fall	far	short	of	xylose	transport	constraints.	Given	that	the	

oxidative	pentose	phosphate	pathway	and	glycolysis	are	also	not	used	to	their	

capacities,	fermentation	must	be	constrained	down	stream	of	the	branch	point	

between	fermentation	and	respiration.	Increased	fermentation	puts	larger	demands	

on	NADH.	During	fitting,	xylitol	and	succinate	production	suggested	that	NADH	

might	be	limiting.	Not	only	did	the	production	of	these	products	increase	xylose	

uptake,	but	relaxing	xylitol	and	succinate	export	constraints	to	allow	just	10	

mmol/gDCW/h	fermentation	in	these	runs	showed	a	40%	increase	in	ethanol	

production	over	48	hours	(Figure	15c).		

Validation	and	fitting	experiments	did	not	produce	succinate	to	improve	

NADH	balance	and	increase	xylose	utilization	despite	their	production	in	the	model	

(when	export	was	left	unbounded).	Aerobically,	NADH	can	be	produced	through	the	
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citric	acid	cycle.	However,	under	anaerobic	conditions,	oxidative	phosphorylation	

shuts	off	because	oxygen	is	not	available	to	act	as	a	terminal	electron	acceptor.	The	

TCA	cycle	could	still	be	used	to	produce	succinate	and	NADH,	but	there	isn’t	a	known	

transporter	to	export	succinate	from	the	mitochondria	which	means	that	this	

production	would	violate	the	mass	balance	assumption	in	the	model(Blank,	2004;	

Feng	and	Zhao,	2013;	Heyland	et	al.,	2009).	When	the	model	suggests	that	succinate	

production	could	improve	NADH	availability	and	increase	production	of	ethanol,	it	is	

using	the	glyoxylate	cycle	(Figure	15a).	The	TCA	cycle	can	run	as	a	continuous	closed	

loop,	but	several	reactions	utilize	TCA	intermediates	as	substrates.	The	glyoxylate	

cycle	is	primarily	used	as	an	anaplerotic	pathway	to	replenish	TCA	intermediate	

when	they	are	depleted.	Under	normal	conditions,	the	glyoxylate	pathway	

experiences	allosteric	down	regulation	when	intracellular	succinate	concentration	is	

high.	When	the	TCA	cycle	is	stopped	due	to	lack	of	available	oxygen,	succinate	will	

build	up	in	the	mitochondria	and	inhibit	the	glyoxylate	pathway.	This	type	of	

regulation	is	not	present	in	the	base	model	and	had	to	be	added	artificially.	

While	the	glyoxylate	pathway	is	inhibited	in	normal	cells,	the	suggestion	that	

pathway	could	be	used	to	alleviate	cofactor	imbalance	is	of	great	interest.	Recent	

work	has	shown	that	the	glyoxylate	pathway	can	be	up-regulated	to	produce	high	

levels	of	excreted	succinate	by	blocking	the	production	of	mitochondrial	succinate	

(Lin	et	al.,	2011).	The	model	produced	in	this	work	suggests	that	unbounded	

production	of	succinate	could	alleviate	NADH	limitation	leading	to	a	greater	than	

50%	increase	in	xylose	production	over	a	48-hour	fermentation.	Additionally,	the	
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model	predicts	greater	than	20	g/l	of	succinate	production	which	could	be	a	valuable	

coproduct.	

	

Figure	15:	Figure	a	depicts	the	TCA	cycle	limited	by	the	oxygen	limited	oxidative	phosphorylation	cycle	and	the	
predicted	succinate	export	this	produces.	Figures	b,	c,	and	d	show	a	comparison	of	xylose	uptake	and	ethanol	
production	with	a	fully	constrained	TCA	cycle	and	succinate	export	allowed	at	up	to	1,	10,	and	100	
mmol/gDCW/h.	

	 Succinate	is	used	commercially	as	a	flavor	enhancer	in	food	products,	as	a	

stabilizer	in	pharmaceuticals,	and	as	a	precursor	in	the	production	of	several	

industrial	chemicals	including	butanediol,	tetrahydrofuran,	and	pyrrolidone.	These	

chemicals	are	used	widely	in	paints,	solvents,	fuel	additives,	deicers,	plastics,	and	

fabrics	(Potera,	2005).	Since	succinate	is	traditionally	produced	during	petroleum	

refining,	its	co-production	with	bioethanol	constitutes	the	type	of	simple	integrated	

biorefinery	envisioned	by	the	Department	of	Energy	(DOE).	The	DOE	lists	succinate	

as	one	of	the	top	12	most	important	building	block	chemicals	that	can	be	produced	

from	biomass	(Holladay	et	al.,	2007;	Werpy	et	al.,	2004).	
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It	is	not	immediately	clear	why	the	unbounded	model	predicts	small	amounts	

of	xylitol	production	and	export.	The	model	does	not	continue	with	conversion	of	

xylitol	to	xylulose	(which	would	help	improve	NAD/NADH	balance)	because	xylulose	

transport	is	not	supported	by	the	model	and	continued	processing	is	blocked.	

However,	based	on	limitations	in	NADPH,	there	would	seem	to	be	no	benefit	to	

xylitol	production.	However,	by	as	long	as	the	model	uses	the	oxidative	pentose	

phosphate	pathway	as	an	NADPH	production	shunt,	there	is	essentially	no	cost	to	

xylitol	production.	This	may	therefore	be	a	case	of	the	model	selecting	alternative	

optima	with	unexpected	co-product	production	to	balance	NADP/NADPH.		

In	practice	cells	opted	to	produce	small	amounts	of	acetate	(producing	a	net	

gain	of	one	ATP,	but	no	NADH)	and	glycerol.	Glycerol	production	consumes	one	

NADH,	but	the	production	of	the	glycerol	precursor	DHAP	from	glycerol-3P	produces	

one	FADH2.	FADH2	can	be	used	in	a	similar	manner	as	NADH	to	reduce	ubiquinone	in	

the	mitochondria	so	the	energy	balance	is	essentially	unchanged.		

Glycerol	was	also	named	by	the	DOE	as	one	of	the	most	important	building	

block	chemicals	that	can	be	produced	from	biomass	(Werpy	et	al.,	2004).	Like	

succinate,	glycerol	is	commonly	used	unmodified	as	a	food	additive.	It	is	also	used	in	

a	variety	of	pharmaceutical	and	personal	care	products.	Acetate	is	used	primarily	as	

a	precursor	for	chemical	production	with	the	majority	going	to	the	production	of	

vinyl	acetate,	acetate	esters,	and	acetic	anhydride.	These	chemical	products	are	in	

turn	used	as	solvents	in	the	production	of	paints,	adhesives,	and	inks	as	well	as	in	

the	production	of	cellulose	acetate.	Given	the	cell’s	apparent	preference	for	the	
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production	of	these	compounds	and	variety	of	industrial	uses,	up-regulation	of	the	

enzymes	responsible	for	their	production	may	provide	high	yield	xylose	conversion	

beyond	what	is	currently	feasible.	However,	to	being	economically	in	acetate	or	

glycerol	production	from	a	yeast	platform	would	likely	be	difficult.	Glycerol	can	be	

fairly	inexpensive	as	it	is	commonly	produced	as	a	waste	product	during	biodiesel	

production.	Acetate	production	would	have	to	compete	with	acetic	acid	bacteria	

fermentations	that	have	higher	theoretical	yields	because	they	minimize	metabolic	

production	of	CO2.	

3.4.5.3	Transport	

	 Significant	work	has	gone	into	the	identification	and	evaluation	of	xylose	

specific	transporters	for	use	in	S.	cerevisiae.	However,	in	this	work,	modeled	xylose	

transport	was	never	limiting.	Two	examples	of	the	total	and	utilized	transport	

capacity	are	shown	in	Figure	16.	It	would	take	significant	improvements	in	cofactor	

balancing	reactions	or	pathway	improvements	for	glycerol	or	acetate	production	

before	transport	became	limiting.	
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Figure	16:	Examples	of	transport	capacity	and	utilized	transport	capacity	in	glucose	xylose	co-fermentation	(16a)	
and	xylose	fermentation	(with	0.25	g/l	of	glucose	at	inoculation)	(16b)	

3.4.6	Use	of	the	STB5	Transcription	Factor	for	Modified	Pathway	Wide	

Enzymatic	Regulation	

	 Based	on	the	model	developed	for	this	work	and	the	results	of	the	associated	

validation	experiments,	pathway-wide	regulation	using	a	xylose-inducible	STB5	may	

not	be	the	most	efficient	means	of	improving	xylose	utilization.	In	this	case,	the	

xylose	inducibility	of	STB5	production	was	short	lived	and	provided	limited	benefit	

for	xylose	consumption.	Further,	while	the	model	likely	does	not	consider	all	of	the	

targets	of	STB5	regulation,	the	reactions	identified	as	well	correlated	to	STB5	mRNA	

concentration	were	not	regulated	proportionally	for	their	use.	This	may	be	because	

STB5	regulation	was	not	developed	with	the	evolutionary	pressure	to	consume	

xylose	in	S.	cerevisiae.	Finally,	the	up-regulation	of	STB5	seems	to	have	relaxed	

constraints	most	important	for	high	growth	in	media	with	significant	dissolved	

oxygen.	Aeration	can	be	problematic	in	industrial	fermentations	and	in	most	cases	S.	

cerevisiae	will	be	used	for	the	anaerobic	production	of	alcohols	and	organic	acids	

and	therefore	do	not	benefit	from	these	modifications.	
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3.5	Conclusion	

	 The	model	presented	identifies	a	series	of	dynamic	bottlenecks	impacting	

xylose	utilization.	ZWF1	was	shown	to	be	limiting	to	xylose	cycling	through	the	

oxidative	PPP	for	NADPH	production,	but	this	limitation	is	considered	low	priority	for	

industrial	fermentations	because	it	is	only	relevant	at	high	growth	rates	during	

aerobic	conditions.	NADH	balance	is	of	higher	priority	and	may	be	improved	by	

decreasing	mitochondrial	succinate	production	to	stimulate	the	glyoxylate	pathway	

under	oxygen	limited	conditions.	This	would	increase	ethanol	production	by	50%	

and	produce	a	significant	amount	(>20	g/l)	of	succinate	as	a	coproduct.	Preferred	

alternative	co-products	production	pathways	(generating	glycerol	and	acetate)	were	

also	identified	as	potential	targets	for	manipulation	to	increase	xylose	conversion	

without	fully	addressing	cofactor	imbalance.	
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4	Overall	Conclusions	
	 The	goals	of	this	work	were	two	fold.	The	first	goal	was	to	investigate	a	

strategy	to	improve	xylose	utilization	in	S.	cerevisiae	using	xylose-inducible	over-

expression	of	the	STB5	transcription	factor	that	regulates	the	pentose	phosphate	

pathway.	We	hoped	to	achieve	this	goal	by	developing	and	characterizing	a	series	of	

strains	from	laboratory	and	industrial	backgrounds	carrying	a	plasmid	containing	a	

xylose-inducible	copy	of	STB5.	Each	strain	was	to	be	compared	to	strains	of	the	

corresponding	background	carrying	empty	control	vectors	on	YP	medium	and	corn	

stover	hydrolysates.	Similar	strains	of	different	backgrounds	were	also	compared.	

The	second	major	set	of	goals	was	to	use	a	dynamic	flux	balance	model	to	further	

characterize	these	strains,	identify	bottlenecks	impacting	xylose	metabolim,	

consider	the	importance	of	each	bottleneck	for	industrial	ethanol	production,	and	

metabolic	fixes	to	these	important	bottlenecks.	A	regulatory	dynamic	flux	balance	

framework	was	developed	to	constrain	a	previously	develop	genome-scale	model	

(iMM904).	This	model	was	validated	using	batch	fermentation	data	from	the	

developed	strains	and	then	used	to	clarify	bottlenecks	in	the	utilization	of	xylose.	

These	bottlenecks	were	then	analyzed	for	their	relevance	in	relation	to	the	industrial	

production	of	ethanol	from	lignocellulosic	biomass.	

	 qRT-PCR	confirmed	that	the	developed	strains	did	overexpress	STB5	and	its	

associated	regulatory	targets	when	exposed	to	xylose.	However,	this	over-

expression	was	short	lived	and	peaked	between	four	and	eight	hours	after	exposure	

to	xylose	declining	to	nearly	baseline	values	within	24	hours.	The	model	showed	that	
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this	over	expression	would	increase	the	rate	of	xylose	consumption	when	oxygen	

was	non-limiting.	When	cultures	were	inoculated	with	low	cell	densities,	peak	STB5	

production	overlapped	with	a	dissolved	oxygen	surplus.	This	resulted	in	increased	

respiratory	consumption	of	xylose	in	cells	carrying	the	STB5	plasmid	over	cells	

inoculated	at	a	higher	density.	The	model	supported	the	finding	that	it	was	oxygen	

availability	and	not	higher	xylose	transport	that	allowed	increased	xylose	

consumption	early	in	batch	fermentations.	Further	analysis	revealed	that	the	

maximum	rate	of	xylose	utilization	in	all	experiments	was	strongly	negatively	

correlated	to	the	concentration	of	cells	in	the	time	period	where	maximum	specific	

xylose	utilization	was	achieved.	This	suggests	that	competition	for	a	replenishing,	

but	non-accumulating	(and	therefore	limiting)	resource	(such	as	oxygen)	was	

responsible	for	regulating	the	upper	limit	for	xylose	consumption	in	these	

experiments.	The	specific	uptake	availability	of	this	type	of	resource	would	be	

directly	proportional	to	the	density	of	cells	in	the	culture.	Despite	this	finding,	

increasing	STB5	capacity	specifically	for	high	dissolved	oxygen	(high	growth)	would	

not	improve	the	end	goal	of	improved	ethanol	production	because	respiration	

produces	only	CO2	and	H2O	(not	ethanol).		

	 Since	oxygen	was	acting	as	the	constraint	for	respiration,	it	stood	to	reason	

that	the	constraint	for	fermentation	must	be	below	the	branch	point	separating	

respiration	and	fermentation.	The	conversion	of	acetaldehyde	to	ethanol	requires	

NADH	as	a	cofactor.	NADH	is	also	produced	through	the	TCA	cycle	during	

respiration.	A	hypothesis	was	formed	that	connected	the	oxygen	limitation	of	the	
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TCA	cycle	to	the	constraint	of	xylose	metabolism	through	the	fermentation	pathway.	

The	model	confirmed	this	hypothesis	by	suggesting	succinate	production	through	

the	glyoxylate	cycle	under	oxygen	limiting	conditions.	Succinate	production	

produces	excess	NADH	which	can	be	used	to	drive	fermentation.	Significant	

succinate	production	was	not	measured	in	any	of	the	strains	or	experimental	

treatments	in	this	work.	This	was	likely	due	to	allosteric	regulation	of	the	glyoxylate	

pathway	caused	by	an	abundance	of	succinate	within	the	mitochondria.	Further	

evidence	of	NADH	based	constraint	of	xylose	fermentation	(and	its	link	to	TCA	cycle	

NADH	production)	comes	from	ethanol	yield.	Despite	variation	in	specific	xylose	

consumption	rates,	ethanol	yield	from	xylose	was	roughly	0.25	g/	g	xylose	in	all	

cases.	This	suggests	that	the	constraint	on	xylose	fermentation	is	both	dynamic	and	

stoichiometric	correlation	to	the	total	xylose	consumption	rate	(and	in	turn	to	the	

rate	of	xylose	consumption	through	the	respiratory	pathway).	The	most	reasonable	

explanation	for	this	correlation	is	that	the	TCA	cycle	produces	NADH	for	

fermentation.	When	oxygen	becomes	limiting	it	decreases	the	rate	of	respiratory	

consumption	of	xylose.	This	in	turn	decreases	NADH	production,	which	then	limits	

xylose	production.	This	is	the	most	important	bottleneck	to	address	to	improve	

xylose	utilization	for	ethanol	production	from	lignocellulosic	biomass	and	may	be	

addressed	through	the	previously	identified	NADH	regenerating	function	of	the	

glyoxylate	pathway.	
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6	Appendix	
6.1	Plasmid	Maps	
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6.2	qRT-PCR	Averaged	Data	
Each	value	is	the	average	or	standard	deviation	from	three	fermentation	replicates.	
Conditions	are	labled	as	GX#	or	XG#	representing	the	carbon	source	of	the	growth	
culture	(G=glucose,	X=xylose)	followed	by	the	carbon	source	of	the	experimental	
culture	and	the	number	of	hours	in	the	experimental	culture	prior	to	harvest.		 	
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6.3	Pure	Sugar	Fermentation	Averaged	Data	
Tables	include	the	average	and	standard	deviation	of	each	measured	metabolite	in	
three	fermentation	replicates.	
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6.4	Corn	Stover	Hydrolysate	Fermentation	Averaged	Data	
Each	measurement	is	the	average	or	standard	deviation	of	three	fermentation	
replicates.	The	three	tables	represent	the	three	different	enzyme	addition	
schedules.	
	
	
	
	
	
	
	 	



	
106	
	

	 	



	
107	
	

6.5	Matlab	Code	Used	for	Data	Output	
function [  ] = optilTFControl2() 
global Sum_Score test_set mat exp model  
initCobraToolbox  
model=readCbModel('iMM904',1000,'SimPhenyPlus'); 
   
clearvars -except fitloop test_set Sum_Score exp model mat 
  
%The test_set includes all set parameters 
test_set= [8657.631396  63572.8001  8720.477006 24502.13657 27577.32276 24953.19497 
25668.40253 9123.144493 22401.37304 16850.29175 21167.46018 2707.833695 1419.028709 
4128.502434 114.2343562 3.278031808 860.9899706 1665.456533 67.02771411 310.9426067 
100000 0.005161134  8551.817741] 
  
TFControl_FEB_2016; 
  
end 
  
function [] = TFControl_FEB_2016 
global model solution test_set 
  
%Run a FBA for first time  
%Set carbon source fluxes 
model= changeRxnBounds(model,'EX_glc(e)',-21.0,'l'); %glucose fluxes in mmmol/g-hr 
model= changeRxnBounds(model,'EX_xyl-D(e)',-1.0,'l'); %xylose fluxes in mmmol/g-hr 
model= changeRxnBounds(model,'EX_succ(e)' ,.1*test_set(1,21)/1000,'u'); 
model= changeRxnBounds(model,'EX_succ(e)' ,-.1*test_set(1,21)/1000,'l'); 
model= changeRxnBounds(model,'EX_xylt(e)' ,.1*test_set(1,22)/1000,'u'); 
model= changeRxnBounds(model,'EX_xylt(e)' ,-.1*test_set(1,22)/1000,'l'); 
  
%adjusting variables associated with GAM 
model.S(177,1)=-59.2760 + 1*test_set(1,23)/1000;  %Growth ATP 
model.S(140,1)= 59.2760 - 1*test_set(1,23)/1000;  %Growth ADP 
model.S(489,1)= 59.3050 - 1*test_set(1,23)/1000;  %Growth Pi 
model.S(340,1)=-59.2760 + 1*test_set(1,23)/1000;  %Growth H2O 
model.S(339,1)= 58.7000 - 1*test_set(1,23)/1000;  %Growth H+ 
  
%Set anaerobic conditions and activate other essential reactions  
%This is set to dynamic aerobic within the model 
model= changeRxnBounds(model,'EX_o2(e)',0,'l'); 
  
%essential Fatty acids needed under Anerobic conditions. 
%Ref: http://gcrg.ucsd.edu/InSilicoOrganisms/Yeast/YeastFAQs 
model= changeRxnBounds(model,'EX_ergst(e)' ,-1000,'l'); 
model= changeRxnBounds(model,'EX_zymst(e)' ,-1000,'l'); 
model= changeRxnBounds(model,'EX_hdcea(e)' ,-1000,'l'); 
model= changeRxnBounds(model,'EX_ocdca(e)' ,-1000,'l'); 
model= changeRxnBounds(model,'EX_ocdcea(e)' ,-1000,'l'); 
model= changeRxnBounds(model,'EX_ocdcya(e)' ,-1000,'l'); 
  
solution = optimizeCbModel(model,'max','one'); 
  
run_dFBA; 
end 
  
function [] = run_dFBA  
global solution round dt flux_limits counter  Allowable_flux_matrix 
global e glucose_flux xylose_flux model test_set exp lactic_acid succinic_acid 
glycerol acetic_acid 
global biomass glucose ethanol xylose xylitol xylulose CO2 O2 kLa_O2 check 
  
counter=5770;        % how many time steps do you want to go?                                                                 
(integer) 
dt=.00833333333;             % time step in hours (0.00833333=30 seconds)                                                         
(hr) 
check=0; 
  
biomass=zeros(counter,1); 
glucose=zeros(counter,1); 
ethanol=zeros(counter,1); 
xylose=zeros(counter,1); 
xylitol=zeros(counter,1); 
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xylulose=zeros(counter,1); 
CO2=zeros(counter,1); 
O2=zeros(counter,1); 
glycerol=zeros(counter,1); 
acetic_acid=zeros(counter,1); 
lactic_acid=zeros(counter,1); 
succinic_acid=zeros(counter,1); 
  
%set Initial Conditions 
biomass(1)=0.07848001;%          (g/l) 
glucose(1)=0.269819591;%         (g/l) 
xylose(1)= 34.47029514;%         (g/l) 
xylitol(1)= 0;%                  (g/l) 
xylulose(1)=0;%                  (g/l) 
ethanol(1)=0.002470876;%         (g/l) 
CO2(1)=0;%                       (g/l) 
O2(1)=0.0074;%                   (g/l) 
acetic_acid(1)=0.029996768;%     (g/l) 
lactic_acid(1)=0.046305235;%     (g/l) 
succinic_acid(1)=0.225986625;%   (g/l) 
glycerol(1)=0.262519907;%        (g/l) 
   
% Now lets talk about enzyme production and degredation 
e=15; % the number of enzymes (integer) 
% preallocate some arrays for speed 
  
%this matrix will contain STB5 relative values for all time points 
STB5_Matrix=zeros(counter,1);   
  
%this matrix will contrain maximum flux values for all or our regulated 
%enzymes at all time points 
Allowable_flux_matrix=zeros(counter,e); 
  
%this matrix with contain all time points 
time=zeros(counter,1); 
  
%%% This is where I want to calculate the 1I-FFL %%% 
Bi=.51;           %rate of I production 
ai=.495;          %rate of I degredation 
Bs=11.2023014;    %rate of stb5 production without inhibition 
Bsi=1.72195564;   %rate of stb5 production when inhibitor is greater than threshold 
Ksi 
as=.30310408;     %rate of stb5 degredation 
Kis=.984;         %inhibitor threshold 
I=0;              %inhibitor level 
STB5=2.379;       %relative STB5 level 
  
%this loop calculates relative STB5 concentration for all time points 
    for loop=1:counter 
    time(loop)=loop; 
    if xylose(1)>0 %ie if xylose is present at the start of the run 
        Idot=Bi-ai*I; 
        I=I+Idot*dt; 
         
        if I<Kis 
            STB5dot=Bs-(as*STB5); 
        else 
            STB5dot=Bsi-(as*STB5); 
        end 
        STB5=STB5+(STB5dot*dt); 
        STB5_Matrix(loop)=STB5; 
    else %ie if xylose is not present at the start of the run 
        STB5=2.379; 
        STB5_Matrix(loop)=STB5; 
    end 
    end 
     
%%%%%%%%%%%%%%%%%  
%Here we can assign static values for STB5 in strains without inducible 
%over expression (YRH1458, YRH1461, YRH1464) 
% if xylose(1)>0 
%     STB5all=1.575349; 
% else 
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%     STB5all=1.00; 
% end 
%  
% for i=1:counter 
%     STB5_Matrix(i)=STB5all; 
% end 
%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
%update NGAM based on fitting 
model= changeRxnBounds(model,'ATPM',1.224*test_set(1,16)/1000,'b');% 
3.05+0.6*test_set(1,16)/1000  0.101+0.08*test_set(1,16)/1000 
  
%update the mRNA activity units here based on fitting 
protein_scalar=[3.8401*test_set(1,1)/1000     %RKI1 
                0.03243*test_set(1,2)/1000    %ZWF1 
                0.00459*test_set(1,3)/1000     %GND1 
                0.0459*test_set(1,4)/1000     %GND2 
                0.010*test_set(1,5)/1000     %TAL1 
                0.1315*test_set(1,6)/1000    %SOL1 
                0.1315*test_set(1,7)/1000    %SOL2 
                0.01315*test_set(1,8)/1000    %SOL3 
                0.1315*test_set(1,9)/1000    %SOL4 
                0.926*test_set(1,10)/1000   %TKL1 
                0.926*test_set(1,11)/1000   %TKL2 
                0.001*test_set(1,12)/1000    %RBK1 
                1.09189*test_set(1,13)/1000   %PGI1 
                1.0*test_set(1,14)/1000    %FBP1 
                0.16306*test_set(1,15)/1000];  %RPE1 
  
%%%% Now Convert the STB5_Matrix into the flux matrix using the developed 
%%%% polynomials and the fit baseline numbers%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
for i=1:counter 
        Allowable_flux_matrix(i,1)=   protein_scalar(1)*(0.0012*STB5_Matrix(i)^2-
0.0097*STB5_Matrix(i)+0.5033);    %RKI1 
        Allowable_flux_matrix(i,2)=   protein_scalar(2)*(0.0007*STB5_Matrix(i)^2-
0.003*STB5_Matrix(i)+0.7463);     %ZWF1 
        Allowable_flux_matrix(i,3)=   
protein_scalar(3)*(0.0084*STB5_Matrix(i)^2+0.1311*STB5_Matrix(i)+1.2372);    %GND1 
        Allowable_flux_matrix(i,4)=   protein_scalar(4)*(-
0.0671*STB5_Matrix(i)^2+8.1583*STB5_Matrix(i));        %GND2 
        Allowable_flux_matrix(i,5)=   protein_scalar(5)*(-
0.0022*STB5_Matrix(i)^2+0.1702*STB5_Matrix(i)+0.6372);   %TAL1 
        Allowable_flux_matrix(i,6)=   protein_scalar(6)*(-
0.0016*STB5_Matrix(i)^2+0.1016*STB5_Matrix(i)+0.2456);   %SOL1 
        Allowable_flux_matrix(i,7)=   
protein_scalar(7)*(0.00006*STB5_Matrix(i)^2+.0375*STB5_Matrix(i)+1.0052);    %SOL2  
        Allowable_flux_matrix(i,8)=   protein_scalar(8)*(-
0.0021*STB5_Matrix(i)^2+0.1216*STB5_Matrix(i)+0.4729);   %SOL3 
        Allowable_flux_matrix(i,9)=   protein_scalar(9)*(0.0044*STB5_Matrix(i)^2-
0.1166*STB5_Matrix(i)+5.1287);    %SOL4 
        Allowable_flux_matrix(i,10)=  protein_scalar(10)*(-
0.0003*STB5_Matrix(i)^2+0.035*STB5_Matrix(i)+0.9598);   %TKL1 
        Allowable_flux_matrix(i,11)=  protein_scalar(11)*(-
0.0067*STB5_Matrix(i)^2+0.2847*STB5_Matrix(i));       %TKL2 
        Allowable_flux_matrix(i,12)=  
protein_scalar(12)*(0.0001*STB5_Matrix(i)^2+0.0015*STB5_Matrix(i)+0.7593);   %RBK1 
        Allowable_flux_matrix(i,13)=  
protein_scalar(13)*(0.001*STB5_Matrix(i)^2+0.099*STB5_Matrix(i)+0.5722);     %PGI1 
        Allowable_flux_matrix(i,14)=  protein_scalar(14)*(-
0.0096*STB5_Matrix(i)^2+0.4651*STB5_Matrix(i));       %FBP1    
        Allowable_flux_matrix(i,15)=  
protein_scalar(15)*(0.00002*STB5_Matrix(i)^2+0.0577*STB5_Matrix(i)+0.4827);  %RPE1  
end 
  
%store initial solution fluxes 
                             
    glucose_flux=solution.x(70);                  %                                                                           
(mmol/hr)                                                                        
(mmol/hr) 
    xylose_flux=solution.x(162);                  %                                                                           
(mmol/hr)                                                                     
(mmol/hr) 
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    CO2_flux=solution.x(37);                      %                                                                           
(mmol/hr) 
    O2_flux=solution.x(114);                      %                                                                           
(mmol/hr) 
  
for round=1:counter  %This is the main loop***************************** 
PPP_Rate_Set; 
%calculate the flux bounds for glucose, xylose, xylulose and o2.      
if(round==1)  
    flux_limits=Transporter_Levels(20,0,glucose_flux,xylose_flux,CO2_flux,O2_flux); 
else 
    
flux_limits=Transporter_Levels(glucose(round),xylose(round),glucose_flux,xylose_flux,C
O2_flux,O2_flux); 
end 
  
FBA; 
end 
Plotfigs; 
end 
  
function [] = PPP_Rate_Set 
global model  Allowable_flux_matrix round 
%set the min/max value of each regulated reaction for this time step 
  
model= changeRxnBounds(model,'RPI' , Allowable_flux_matrix(round,1),'u');      
    %RKI1, Reversable yes ribose-5-phosphate isomerase                  (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'RPI' , -1*Allowable_flux_matrix(round,1),'l');   
    %RKI1, Reversable yes ribose-5-phosphate isomerase                  (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'G6PDH2' , Allowable_flux_matrix(round,2),'u');      
    %ZWF1, Reversable NO glucose 6-phosphate dehydrogenase              (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'GND' , 
Allowable_flux_matrix(round,3)+Allowable_flux_matrix(round,4),'u');  
    %GND1 GND2, Reversable NO phosphogluconate dehydrogenase            (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'TALA' , Allowable_flux_matrix(round,5),'u');      
    %TAL1, Reversable yes transaldolase                                 (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'TALA' , -1*Allowable_flux_matrix(round,5),'l');   
    %TAL1, Reversable yes transaldolase                                 (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'PGL' , 
Allowable_flux_matrix(round,6)+Allowable_flux_matrix(round,7)+Allowable_flux_matrix(ro
und,8)+Allowable_flux_matrix(round,9),'u');      
    %SOL1 SOL2 SOL3 SOL4, Reversable NO 6-phosphogluconolactonase       (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'TKT1' , 
Allowable_flux_matrix(round,10)+Allowable_flux_matrix(round,11),'u');   
    %TKL1 TKL2, Reversable yes transketolase                            (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'TKT1' , -1*Allowable_flux_matrix(round,10)-
Allowable_flux_matrix(round,11),'l');      
    %TKL1 TKL2, Reversable yes      transketolase                       (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'TKT2' , 
Allowable_flux_matrix(round,10)+Allowable_flux_matrix(round,11),'u');   
    %TKL1 TKL2, Reversable yes transketolase                            (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'TKT2' , -1*Allowable_flux_matrix(round,10)-
Allowable_flux_matrix(round,11),'l');      
    %TKL1 TKL2, Reversable yes transketolase                            (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'DRBK' , Allowable_flux_matrix(round,12),'u');   
    %RBK1, Reversable NO Deoxyribokinase                                (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'RBK' , Allowable_flux_matrix(round,12),'u');      
    %RBK1, Reversable NO ribokinase                                     (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'PGI' , Allowable_flux_matrix(round,13),'u');   
    %PGI1, Reversable yes glucose-6-phosphate isomerase                 (mmols of 
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reactions per gram per hour) 
model= changeRxnBounds(model,'PGI' , -1*Allowable_flux_matrix(round,13),'l');   
    %PGI1, Reversable yes glucose-6-phosphate isomerase                 (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'G6PI' , Allowable_flux_matrix(round,13),'u');      
    %PGI1, Reversable yes   glucose-6-phosphate isomerase               (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'G6PI' , -1*Allowable_flux_matrix(round,13),'l');      
    %PGI1, Reversable yes   glucose-6-phosphate isomerase               (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'G6PI3' , Allowable_flux_matrix(round,13),'u');   
    %PGI1, Reversable yes glucose-6-phosphate isomerase                 (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'G6PI3' , -1*Allowable_flux_matrix(round,13),'l');   
    %PGI1, Reversable yes glucose-6-phosphate isomerase                 (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'FBP' , Allowable_flux_matrix(round,14),'u');    
    %FBP1, Reversable no fructose-bisphosphatase                        (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'RPE' , Allowable_flux_matrix(round,15),'u');        
    %RPE1, Reversable yes ribulose 5-phosphate 3-epimerase              (mmols of 
reactions per gram per hour) 
model= changeRxnBounds(model,'RPE' , -1*Allowable_flux_matrix(round,15),'l');        
    %RPE1, Reversable yes ribulose 5-phosphate 3-epimerase              (mmols of 
reactions per gram per hour) 
end 
  
function [fluxbounds]= Transporter_Levels(GLU,XYL,~,~,CO2_FLUX,O2_FLUX) 
%specify model params 
global  round dt model test_set 
global  CO2 O2  lactic_acid succinic_acid glycerol acetic_acid 
global theta_max_growth_ratio theta_max_degredation_ratio XYL_scaler check kLa_O2 
biomass O2_flux 
      theta_max_growth_ratio=3.804; 
      theta_max_degredation_ratio=.987; 
%general limits for all sugars. 
vmax=1000; 
vmin=-1000; 
dvdt= (vmax-vmin)/(dt); %implies that the rate can change to the maximum/minimum in 
one time step. Need to play with this.  
  
%*****Theta: controls the expression of the different hexose transporters. Bertilsson 
ET AL 2008 
if(GLU>40) %i.e if the glucose conc. is >40g/L 
    theta1 = 0 * GLU + 2.08339;         
    theta2 = 0 * GLU + 0.684647;  
    theta3 = 0 * GLU + 0.872597;  
    theta4 = 0 * GLU + 0.851844;   
    theta67= 0 * GLU + 0; 
elseif(GLU>20) %i.e if the glucose conc. is 20<GLU<40g/L 
    theta1 = 0.05313 * GLU -  0.04181; 
    theta2 = -0.01659765 * GLU + 1.348553;         
    theta3 = -0.00778965 * GLU + 1.184183;  
    theta4 = -0.00571105 * GLU + 1.080286;  
    theta67 = 0 * GLU + 0;          
elseif(GLU>10) %i.e if the glucose conc. is 10<GLU<20g/L 
    theta1 = 0.0427036  * GLU +0.166718;        
    theta2 = -0.045643  * GLU +1.92946;  
    theta3 = -0.020258  * GLU + 1.43355;  
    theta4 = -0.1532215 * GLU + 4.030495;   
    theta67 = 0         * GLU + 0; 
elseif(GLU>5) %i.e if the glucose conc. is 5<GLU<10g/L 
    theta1 = 0.0802224  * GLU - 0.20847;         
    theta2  = -0.12863  * GLU + 2.75933;  
    theta3 =  0.025452  * GLU + 0.97645;  
    theta4  = -0.460696 * GLU + 7.10524;   
    theta67 = -0.2      * GLU + 2; 
elseif(GLU>2.5) %i.e if the glucose conc. is 2.5<GLU<5g/L 
    theta1 = 0.0343436 * GLU + 0.020924;        
    theta2 = 0.016596  * GLU + 2.0332;  
    theta3 = 0.066994  * GLU + 0.76874;  
    theta4 = -1.636608 * GLU + 12.9848;   
    theta67 = 0        * GLU + 1; 
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elseif(GLU>1) %i.e if the glucose conc. is 1<GLU<2.5g/L 
    theta1 = 0.070497227*  GLU - 0.069460067;     
    theta2 = 0.041493333 * GLU + 1.970956667 ;  
    theta3 = 0.042074667 * GLU + 0.831038333;  
    theta4 = -3.78068    * GLU + 18.34498 ;   
    theta67 = 0          * GLU + 1        ;  
else            %i.e if the glucose conc. is GLU<1g/L 
    theta1 = 0.00103716 * GLU +  0;               
    theta2 =  1.473031  * GLU +  0.539419;  
    theta3 =  0.8523374 * GLU +  0.0207756;  
    theta4 =  12.73603  * GLU +  1.82827;   
    theta67 =  0        * GLU +  1; 
end 
  
  
%Kinetic calculation of glucose/xylose uptake through availible transporters 
%vmax expression from Bertilsson et al 2008. Based on the theta values which represent 
expression of the seven hexose transporter genes. 
%vmax and Km values from Hjersted et al. 2007. Biotechnol. Bioeng. 97(5):1190-1204. 
originally from Kuyper et al. (2005) 
GLU_min_vck=theta1*7.45*GLU/(19.8*(1+XYL/132)+GLU)+ 
theta2*1.90*GLU/(1.8*(1+XYL/39)+GLU)+ theta3*2.70*GLU/(11.7*(1+XYL/132)+GLU)+ 
theta4*1.08*GLU/(1.7*(1+XYL/26)+GLU)+ theta67*1.31*GLU/(0.4*(1+XYL/20)+GLU) ; 
%conversion to mmol/hr from g/hr 
%remember that the uptake rates are negative as per convention 
GLU_min_vck=-1.0*GLU_min_vck*1000/180.16; 
GLU_max_vck=0; 
  
  
  
XYL_min_vck=theta1*2.34*XYL/(132*(1+GLU/19.8)+XYL)+theta2*1.08*XYL/(39*(1+GLU/1.8)+XYL
)+ theta3*2.34*XYL/(132*(1+GLU/11.7)+XYL)+ theta4*0.63*XYL/(26*(1+GLU/1.7)+XYL)+ 
theta67*0.36*XYL/(20*(1+GLU/0.4)+XYL) ; 
%*conversion to mmol/hr from g/h 
%remember that the uptake rates are negative as per convention 
XYL_min_vck=-1.0*XYL_min_vck*1000/150.13; 
XYL_max_vck=0;        
GLU_scaler = 1; 
XYL_scaler = 1; 
%update the maximum flux rate based on fitting data 
Max_intake=12.15439*test_set(1,17)/1000; %mmol/gDCW/h 
%calculate new scaler 
if (((GLU_min_vck*GLU_scaler)+(XYL_min_vck*XYL_scaler))<-Max_intake) 
          Scaler = (-Max_intake/((XYL_min_vck*XYL_scaler)+(GLU_min_vck*GLU_scaler))); 
else 
    Scaler=1; 
end 
  
    XYL_min_vf=XYL_min_vck*Scaler; 
    GLU_min_vf=GLU_min_vck*Scaler; 
  
%this is where micro aeration is calculated 
%remember that the uptake rates are negative as per convention 
  
%calculates the allowable specific uptake rate of oxygen 
O2_min_vck=(-
4.632499*test_set(1,18)/1000)*O2(round)/(.001818*test_set(1,19)/1000+O2(round));% 
%calculates the rate of oxygen uptake assuming the biomass consumes it all 
O2_min_kLa=-(O2(round) + kLa_O2*(0.0074-O2(round)))/(dt*biomass(round)*0.001*32); 
  
%the total oxygen uptake assuming the maximum specific rate is achieved 
uptake=-1*O2_min_vck*dt*biomass(round)*0.001*32; 
%calculates the input of oxygen in the time step 
input=kLa_O2*(0.0074-O2(round)); 
%the oxygen currently in the time step 
current=O2(round); 
  
%if the current oxygen plus the oxygen coming in is ever less than  the 
%total uptake then we will always usee the oxygen limiting uptake value 
if (current+input)<uptake; 
    check=1; 
end 
if check==1 
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    O2_min_v=O2_min_kLa; 
else 
    O2_min_v=O2_min_vck; 
end 
  
O2_max_vck=0; 
O2_min_v=max ([O2_min_v vmin O2_FLUX-dvdt*dt]); 
O2_max_v=min ([O2_max_vck vmax O2_FLUX+dvdt*dt]); 
  
%No limits on CO2 exchange. 
%remember that the uptake rates are negative as per convention 
CO2_min_vck=-1000+0*CO2(round); 
CO2_max_vck=1000; 
CO2_min_v=max ([CO2_min_vck vmin CO2_FLUX-dvdt*dt]); 
CO2_max_v=min ([CO2_max_vck vmax CO2_FLUX+dvdt*dt]); 
  
  
fluxbounds=[GLU_min_vf GLU_max_vck;... 
            XYL_min_vf XYL_max_vck;... 
            0 0;... %This used to be for xylulose 
            O2_min_v O2_max_v;... 
            CO2_min_v CO2_max_v ]; 
end 
  
function FBA 
global model dt round flux_limits glucose_flux xylose_flux lactic_acid succinic_acid 
glycerol acetic_acid; 
global biomass glucose enzyme_minimization_matrix ethanol xylose xylitol CO2 O2 
test_set kLa_O2 ; 
  
%Set carbon source fluxes all fluxes in mmol/g-hr 
%set allowable glucose flux 
model= changeRxnBounds(model,'EX_glc(e)',flux_limits(1,1),'l'); %glucose fluxes in 
mmmol/g-hr 
model= changeRxnBounds(model,'EX_glc(e)',flux_limits(1,2),'u'); %glucose fluxes in 
mmmol/g-hr 
%Set allowable xylose flux 
model= changeRxnBounds(model,'EX_xyl-D(e)',flux_limits(2,1),'l'); %xylose fluxes in 
mmmol/g-hr 
model= changeRxnBounds(model,'EX_xyl-D(e)',flux_limits(2,2),'u'); %xylose fluxes in 
mmmol/g-hr 
%set oxygen fluxes 
model= changeRxnBounds(model,'EX_o2(e)',flux_limits(4,1),'l');  
model= changeRxnBounds(model,'EX_o2(e)',flux_limits(4,2),'u');  
%set CO2 fluxes 
model= changeRxnBounds(model,'EX_co2(e)',flux_limits(5,1),'l');  
model= changeRxnBounds(model,'EX_co2(e)',flux_limits(5,2),'u');  
  
%solve FBA problem 
solution = optimizeCbModel(model,'max','one'); 
  
%store the fluxes 
if(solution.stat==1 || solution.stat==2); 
    growth_rate=solution.x(1); 
    glucose_flux=solution.x(70); 
    ethanol_flux=solution.x(56); 
    xylose_flux=solution.x(162); 
    CO2_flux=solution.x(37); 
    O2_flux=solution.x(114); 
    xylitol_flux=solution.x(163); 
    acetate_flux=solution.x(18); 
    lactate_flux=solution.x(97)+solution.x(98); 
    succinate_flux=solution.x(143); 
    glycerol_flux=solution.x(75); 
else 
    growth_rate=0; 
    glucose_flux=0; 
    ethanol_flux=0; 
    xylose_flux=0; 
    CO2_flux=0; 
    O2_flux=0; 
    xylitol_flux=0; 
    acetate_flux=0; 
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    lactate_flux=0; 
    succinate_flux=0; 
    glycerol_flux=0; 
end 
  
 % calculate the new concentrations 
 biomass(round+1)=biomass(round)   + growth_rate*dt*biomass(round); % Growth Rate 
 ethanol(round+1)=ethanol(round)   + ethanol_flux*dt*biomass(round)*0.001*46.07; 
%Ethanol 
 glucose(round+1)=glucose(round)   + glucose_flux*dt*biomass(round)*0.001*180.16; 
%Glucose 
 xylose(round+1)=xylose(round)     + xylose_flux*dt*biomass(round)*0.001*150.13; % 
xylose 
 xylitol(round+1)=xylitol(round)   + xylitol_flux*dt*biomass(round)*0.001*152.15;% 
xylitol 
  
 acetic_acid(round+1)=acetic_acid(round)           + 
acetate_flux*dt*biomass(round)*.001*60.08;%acetic acid 
 succinic_acid(round+1)=succinic_acid(round)       + 
succinate_flux*dt*biomass(round)*.001*118.09;%succinic acid 
 lactic_acid(round+1)=lactic_acid(round)           + 
lactate_flux*dt*biomass(round)*.001*90.08;%lactic acid 
 glycerol(round+1)=glycerol(round)                 + 
glycerol_flux*dt*biomass(round)*.001*92.094;%glycerol 
  
%gas exchange variables are set here 
kLa_CO2= 0; 
kLa_O2= (10.3819*test_set(1,20)/1000)*dt; 
  
if(solution.stat==1 || solution.stat==2); 
%**** CO2 can only go out 
    if(CO2(round)>0.0096)  
       CO2(round+1)=CO2(round)+ kLa_CO2*(0.0096-CO2(round)) 
+CO2_flux*dt*biomass(round)*0.001*44; 
     else 
       CO2(round+1)=CO2(round) +CO2_flux*dt*biomass(round)*0.001*44; 
    end 
%**** O2 can only come in 
        O2(round+1)=O2(round) + kLa_O2*(0.0074-O2(round)) 
+O2_flux*dt*biomass(round)*0.001*32;                 
else 
    CO2(round+1)=CO2(round); 
    O2(round+1)=O2(round); 
end 
  
%ensure no metabolite concentration is below zero at any point 
    if(biomass(round+1)<0);   biomass(round+1)=0;end; 
    if(glucose(round+1)<0);   glucose(round+1)=0;end; 
    if(ethanol(round+1)<0);   ethanol(round+1)=0;end; 
    if(xylose(round+1)<0);    xylose(round+1)=0;end;     
    if(xylitol(round+1)<0);   xylitol(round+1)=0;end;        
    if(CO2(round+1)<0);       CO2(round+1)=0;end;     
    if(O2(round+1)<0);        O2(round+1)=0;end; 
    if(O2(round+1)>0.0074);   O2(round+1)=0.0074;end; 
  
%if we found a solution then write what enzyme utilization was  
if(solution.stat==1 || solution.stat==2); 
        enzyme_minimization_matrix(round,1)= solution.x(1409); %RPI 
        enzyme_minimization_matrix(round,2)= solution.x(789); %G6PDH2 
        enzyme_minimization_matrix(round,3)= solution.x(870); %GND 
        enzyme_minimization_matrix(round,4)= solution.x(1466); %TALA 
        enzyme_minimization_matrix(round,5)= solution.x(1257); %PGL 
        enzyme_minimization_matrix(round,6)= solution.x(1494);%TKT1 
        enzyme_minimization_matrix(round,7)= solution.x(1495); %TKT2 
        enzyme_minimization_matrix(round,8)= solution.x(605); %DRBK 
        enzyme_minimization_matrix(round,9)= solution.x(1391); %RBK 
        enzyme_minimization_matrix(round,10)= solution.x(1255); %PGI 
        enzyme_minimization_matrix(round,11)= solution.x(791); %G6PI 
        enzyme_minimization_matrix(round,12)= solution.x(792); %G6PI3 
        enzyme_minimization_matrix(round,13)= solution.x(738); %FBP 
        enzyme_minimization_matrix(round,14)= solution.x(1408); %RPE 
  end 
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end 
  
function Plotfigs() 
global dt counter; 
global biomass glucose ethanol xylose xylitol CO2 O2  lactic_acid succinic_acid 
glycerol acetic_acid; 
global Sum_Score Sum_Score1 Sum_Score2 Sum_Score3 exp enzyme_minimization_matrix; 
  
%make a time matrix to run alongside the results matrix 
time=zeros(counter,1); 
for i = 1:counter 
    time(i+1)=time(i)+dt; 
end    
  
%format the results matrix 
Results=[time biomass glucose xylose ethanol lactic_acid succinic_acid glycerol 
acetic_acid xylitol O2 CO2]; 
  
% write out the results file 
      
filename='C:\Users\hohenscw\Desktop\TFControl_Output\Results_E2_1460_NGAM000_succONxyl
tOFF_GAM8'; 
      xlswrite(filename,Results); 
% write out the enzyme usage file 
      
filename='C:\Users\hohenscw\Desktop\TFControl_Output\enzymes_E2_1460_NGAM000_succONxyl
tOFF_GAM8'; 
      xlswrite(filename,enzyme_minimization_matrix); 
end 

	
6.3	Selected	Matlab	Code	Used	for	Model	Fitting	
6.3.1	Variable	Modification	and	Saving	
This	code	would	create	the	beginning	of		a	loop	that	would	run	the	data	output	
code.	The	opposite	end	of	the	loop	is	described	in	6.3.2.	
	
function [  ] = optilTFControl2_hillclimb() 
global Sum_Score test_set best_set best_score mat exp model check improvements 
test_variable1 
rng('shuffle') 
initCobraToolbox  
model=readCbModel('iMM904',1000,'SimPhenyPlus'); 
improvements=0 
for fitloop=1:100000 
    clearvars -except fitloop test_set best_set best_score Sum_Score exp model mat 
improvements  
  
    %Variables were modified using random "Change_Factors" That could adjust the 
variable in steps of up to +/- 20%   
    change_factor1=1+(0.2*randi(1000)/1000)-0.2*(randi(1000)/1000) 
    change_factor2=1+(0.2*randi(1000)/1000)-0.2*(randi(1000)/1000) 
    %Which variables were changed was either random (see below) or selected 
    %based on observed trends (replace the randi function with a desired 
    %number) 
    test_variable1=randi(25,1) 
    test_variable2=randi(25,1) 
     
    %multiple iterations trying to access the same excel file 
    %by using a "try" function, if two iterations tried to access the file 
    %at the same time, one that would normally crash just waits and trys 
    %again 
    err=0; 
    while err==0 %err (short for error) is used to determine whether the matlab 
iteration successfully wrote to or read from the excel file 
        try 
    best_vector=[300000 8914.688458 65460.36455 8979.400042 25229.63893 27638.82777 
25694.08988 26404.12882 9394.023284 23066.50082 17350.60024 21839.63064 2459.877993 
1385.24994  4128.502434 117.6261324 4.53492169  915.1536623 2858.682795 60.5856542  
318.5945478 10000000    10000000    
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0];%xlsread('C:\Users\hohenscw\Desktop\optilTFControl_output\hill_best5','A1:X1') 
    overall_best=best_vector(1) 
        test_set=best_vector(2:24); 
    err=1; %if the excel read/write was successful, err gets set to 1 which breaks the 
while loop 
        catch 
            err=0 
            pause(randi(30)); 
        end 
    end 
%      
  
%%%%%%%%%%%%%This is an example of how entire pathways were set at once %%%%%%%%%%%%% 
%      if test_variable1<24 
%            test_set(1,test_variable1)=test_set(1,test_variable1)*change_factor1; 
%            test_set(1,test_variable2)=test_set(1,test_variable2)*change_factor2 
%      else 
%       test_set(1,1)=test_set(1,1)*change_factor1; 
%       test_set(1,2)=test_set(1,2)*change_factor1; 
%       test_set(1,3)=test_set(1,3)*change_factor1; 
%       test_set(1,4)=test_set(1,4)*change_factor1; 
%       test_set(1,5)=test_set(1,5)*change_factor1; 
%       test_set(1,6)=test_set(1,6)*change_factor1; 
%       test_set(1,7)=test_set(1,7)*change_factor1; 
%       test_set(1,8)=test_set(1,8)*change_factor1; 
%       test_set(1,9)=test_set(1,9)*change_factor1; 
%       test_set(1,10)=test_set(1,10)*change_factor1; 
%       test_set(1,11)=test_set(1,11)*change_factor1; 
%       test_set(1,13)=test_set(1,13)*change_factor1; 
%       test_set(1,15)=test_set(1,15)*change_factor1 
%       test_set(1,23)=test_set(1,23)*change_factor2 
%      end 
%  
  
%Each set of parameters was set to three experiments (exp 1:3) 
    for exp=1:3 
        check=0; 
         
TFControl_FEB_2016; 
    end 
     
fitloop %which number run we're on 
  
%The output vector contains the sum score (the fitting score lower is 
%better) and the test_set (the values of parameters) that produced that 
%score 
output_vector=horzcat(Sum_Score,test_set); 
     mat(fitloop,:) = output_vector 
%      This bit of code was included in case I wanted to write a fitting 
%      run to its own file 
%        filename = 
'C:\Users\hohenscw\Desktop\optilTFControl_output\hill_climb8d';%'/Users/Billy/Desktop/
Raw_PhD_Model_Results/double_fitting2mac'% 
%        xlswrite(filename,mat)  
 if Sum_Score<=overall_best %normally, multiple matlab iterations write to one file.  
     %if the sum score is less than the best sum score in that file, the 
     %sum score and all parameters are over written with the sum score and 
     %parameters from the current run 
              err=0; 
    while err==0 
        try 
    
best_vector=xlsread('C:\Users\hohenscw\Desktop\optilTFControl_output\hill_best5','A1:X
1') 
    overall_best=best_vector(1) 
    err=1; 
        catch 
            err=0 
            pause(randi(30)); 
        end 
    end 
       if Sum_Score<=overall_best 
          overall_best=Sum_Score; 
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          best_set=test_set; 
          best_vector=horzcat(overall_best,test_set); 
          improvements=improvements+1 
          err=0; 
           
        while err==0 
        try 
          
xlswrite('C:\Users\hohenscw\Desktop\optilTFControl_output\hill_best5',best_vector); 
              err=1 
        catch 
            err=0 
            pause(randi(30)); 
        end 
        end 
       end 
 end 
end 
end 

	
6.3.2	Calculating	the	Sum	Score	
This	code	would	be	the	end	of	a	loop	used	for	fitting	the	matrix.	It	calculates	a	score	
to	allow	the	fit	of	multiple	sets	of	parameters	to	be	compared.	
	
function Plotfigs() 
global dt counter; 
global biomass glucose ethanol xylose xylitol CO2 O2  lactic_acid succinic_acid 
glycerol acetic_acid; 
global Sum_Score Sum_Score1 Sum_Score2 Sum_Score3 exp; 
  
time=zeros(counter,1); 
for i = 1:counter 
    time(i+1)=time(i)+dt; 
end     
Results=[time biomass glucose xylose ethanol lactic_acid succinic_acid glycerol 
acetic_acid xylitol O2 CO2];  
  
%scoring 
% At specific time points we check the values of variables that were 
% measured experimentally 
  
time_checks= Results([241 481 961 1441 2881 4321 5761],[1 1 1 1 1 1 1]); 
time_checksdiag = diag(time_checks); 
  
biomass_checks= Results([241 481 961 1441 2881 4321 5761],[2 2 2 2 2 2 2]); 
biomass_checksdiag= diag(biomass_checks); 
  
glucose_checks= Results([241 481 961 1441 2881 4321 5761],[3 3 3 3 3 3 3 ]); 
glucose_checksdiag= diag(glucose_checks); 
  
xylose_checks=Results([241 481 961 1441 2881 4321 5761],[4 4 4 4 4 4 4 ]); 
xylose_checksdiag= diag(xylose_checks); 
  
ethanol_checks=Results([241 481 961 1441 2881 4321 5761],[5 5 5 5 5 5 5]); 
ethanol_checksdiag= diag(ethanol_checks); 
  
lactic_checks=Results([241 481 961 1441 2881 4321 5761],[6 6 6 6 6 6 6]); 
lactic_checksdiag= diag(lactic_checks); 
  
succinic_checks=Results([241 481 961 1441 2881 4321 5761],[7 7 7 7 7 7 7]); 
succinic_checksdiag= diag(succinic_checks); 
  
glycerol_checks=Results([241 481 961 1441 2881 4321 5761],[8 8 8 8 8 8 8]); 
glycerol_checksdiag= diag(glycerol_checks); 
  
acetic_checks=Results([241 481 961 1441 2881 4321 5761],[9 9 9 9 9 9 9]); 
acetic_checksdiag= diag(acetic_checks); 
  
xylitol_checks=Results([241 481 961 1441 2881 4321 5761],[10 10 10 10 10 10 10]); 
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xylitol_checksdiag= diag(xylitol_checks); 
  
% These Variables are Combined into a scoring matrix 
Scoring_Matrix=vertcat(time_checksdiag, biomass_checksdiag, glucose_checksdiag, 
xylose_checksdiag,ethanol_checksdiag,lactic_checksdiag,succinic_checksdiag,glycerol_ch
ecksdiag,acetic_checksdiag,xylitol_checksdiag); 
Scoring_Matrix=transpose(Scoring_Matrix) 
  
  
%Experimentally measured data is entered into the model here as an 
%"Experimental Matrix" 
%E3 1460 Xylose and Glucose 
Experimental_Matrix1= [2 4 8 12 24 36 48        ...   %time 
 0.0932 0.2288 1.0635 3.1436 6.5667 6.7659 9.1384...   %biomass 
  59.65 58.84 54.01 36.87 0 0 0                     ...   %glucose 
 34.8577 34.9000 34.9539 33.6796 25.6950 21.2530 18.7044 ...   %xylose 
  0.1748 0.4971 2.5882 10.0582 28.33655 29.2033 29.2697...         %ethanol 
  0.1154 0.1120 0.1139 0.1148 0.1198 0.0910 0.0690...         %lactic 
  0.2108 0.2016 0.1138 0.1548 0.1981 0.1060 0.0896...      %succinic 
  0.2252 0.2754 0.3571 1.4674 3.1046 3.1342 3.2506...   %glycerol 
  0.0376 0.0479 0.0928 0.3229 0.7438 1.1349 1.5093...  %acetic 
  0 0 0 0 0 0 0];%xylitol 
  
%Since we need to scale the scores based on the magnitude of the maximum 
%change we add a new matrix here. The values in this matrix are the 
%absolute values of the largest change in each row of the experimental 
%matrix. If the maximum change was 0, a value of 1 is used (to avoid 
%dividing by zero 
Non_0_Experimental_Matrix1= [2 4 8 12 24 36 48        ...   %time 
  9.06 9.06 9.06 9.06 9.06 9.06 9.06...   %biomass 
  59.65 59.65 59.65 59.65 59.65 59.65 59.65                    ...   %glucose 
  16.20 16.20 16.20 16.20 16.20 16.20 16.20  ...   %xylose 
  29.22 29.22 29.22 29.22 29.22 29.22 29.22...         %ethanol 
  0.12 0.12 0.12 0.12 0.12 0.12 0.12...         %lactic 
  0.12 0.12 0.12 0.12 0.12 0.12 0.12 ...      %succinic 
  3.05 3.05 3.05 3.05 3.05 3.05 3.05 ...   %glycerol 
  1.48 1.48 1.48 1.48 1.48 1.48 1.48 ...  %acetic 
  1 1 1 1 1 1 1];%xylitol 
  
%E9 1460 Xylose only 
  
Experimental_Matrix2=[2 4 8 12 24 36 48        ...   %time 
 0.6370 0.8187 1.2184 1.4933 2.0709 2.4866 2.7809 ...   %biomass 
 0 0 0 0 0 0 0                     ...   %glucose 
 33.742 33.136 32.3799 31.4746 28.4901 25.5988 23.4001...   %xylose 
 .1811 .3523 .6118 .8629 1.5926 2.1975 2.6069...        %ethanol 
  0.1371 0 0 0 0 0 0 ... %lactic 
  0.1633 0.1994 0.1283 0 0 0 0 ...  succinic 
  0.1770 0.1943 0.2019 0.2066 0.2102 0.2033 0.2110 ... %glycerol 
  0.0409 0.0696 0.1075 0.1348 0.2255 0.3452 0.4976 ... %acetic 
  0 0 0 0 0 0 0];%xylitol 
  
Non_0_Experimental_Matrix2=[2 4 8 12 24 36 48        ...   %time 
 2.24 2.24 2.24 2.24 2.24 2.24 2.24  ...   %biomass 
 1 1 1 1 1 1 1                     ...   %glucose 
 10.36 10.36 10.36 10.36 10.36 10.36 10.36 ...   %xylose 
 2.58 2.58 2.58 2.58 2.58 2.58 2.58 ...        %ethanol 
 0.09 0.09 0.09 0.09 0.09 0.09 0.09  ... %lactic   
 0.20 0.20 0.20 0.20 0.20 0.20 0.20  ...  succinic 
 0.03 0.03 0.03 0.03 0.03 0.03 0.03 ... %glycerol 
 0.47 0.47 0.47 0.47 0.47 0.47 0.47  ... %acetic 
 1 1 1 1 1 1 1];%xylitol 
  
%E2 1458 Xylose only 
Experimental_Matrix3=[2 4 8 12 24 36 48        ...   %time 
0.0782 0.1047 0.2342 0.5538 2.3194 2.4534 2.8375 ...   %biomass 
 0 0 0 0 0 0 0                     ...   %glucose 
34.0406 34.0556 33.8403 33.7547 30.5299 26.6575 23.3213...   %xylose 
0.0069 0.0261 0.0692 0.1729 1.0710 2.1093 3.0260...        %ethanol 
0.0252 0.0004 0.0084 0 0 0 0 ... %lactic 
0.1972 0.1882 0.1845 0.2168 0 0 0 ...  succinic 
0.1882 0.1869 0.2016 0.2289 0.2751 0.2860 0.3059 ... %glycerol 
0.0317 0.0356 0.0542 0.0790 0.1474 0.2140 0.2627 ... %acetic 
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0 0 0 0 0 0 0]; %xylitol 
%E2 1458 Xylose only 
  
Non_0_Experimental_Matrix3=[2 4 8 12 24 36 48        ...   %time 
2.77 2.77 2.77 2.77 2.77 2.77 2.77 ...   %biomass 
1 1 1 1 1 1 1                     ...   %glucose 
10.84 10.84 10.84 10.84 10.84 10.84 10.84   ...   %xylose 
3.02 3.02 3.02 3.02 3.02 3.02 3.02 ...        %ethanol 
0.04 0.04 0.04 0.04 0.04 0.04 0.04   ... %lactic 
0.22 0.22 0.22 0.22 0.22 0.22 0.22   ...  succinic 
0.12 0.12 0.12 0.12 0.12 0.12 0.12   ... %glycerol 
0.23 0.23 0.23 0.23 0.23 0.23 0.23   ... %acetic 
1 1 1 1 1 1 1];    %xylitol 
  
  
%If we wanted to put artificial weighting on one variable or time point we 
%could do it using this weighting matrix 
weighting=[1 1 1 1 1 1 1 ... %time 
    1 1 1 1 1 1 1 ... %Biomass 
    1 1 1 1 1 1 1 ... %glucose 
    1 1 1 1 1 1 1 ... %xylose 
    1 1 1 1 1 1 1 ... %ethanol 
    1 1 1 1 1 1 1 ... %lactic 
    1 1 1 1 1 1 1 ... %succinic 
    1 1 1 1 1 1 1 ... %glycerol 
    1 1 1 1 1 1 1 ... %acetic 
    1 1 1 1 1 1 1];   %xylitol 
  
% The sum scores for each experiment are calculated below and then summed 
% to make a final sum score 
if exp==1 
    %difference between scoring matrix values and experimental matrix 
    %values 
    Subtraction_Matrix= Scoring_Matrix-Experimental_Matrix1; 
    %squared 
Square_Score_Matrix= Subtraction_Matrix.^2; 
%Times weighting (both from the weighting matrix and dividing by the Non0 
%magnitude matrix 
weighted_matrix=Square_Score_Matrix.*weighting./Non_0_Experimental_Matrix1; 
Sum_Score1= sum(weighted_matrix); 
elseif exp==2 
    Subtraction_Matrix= Scoring_Matrix-Experimental_Matrix2; 
Square_Score_Matrix= Subtraction_Matrix.^2; 
weighted_matrix=Square_Score_Matrix.*weighting./Non_0_Experimental_Matrix2; 
Sum_Score2= sum(weighted_matrix); 
  
else 
        Subtraction_Matrix= Scoring_Matrix-Experimental_Matrix3; 
Square_Score_Matrix= Subtraction_Matrix.^2; 
weighted_matrix=Square_Score_Matrix.*weighting./Non_0_Experimental_Matrix3; 
Sum_Score3= sum(weighted_matrix); 
  
%Calculate the final sum score which is compared to the best score 
Sum_Score=Sum_Score1+Sum_Score2+Sum_Score3 
end 
end 

 
	


