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Abstract	

The	 regulation	 of	 gene	 expression	 is	 one	 of	 the	 most	 fundamental	 processes	 in	 living	

systems.	 In	 recent	years,	 thanks	 to	advances	 in	sequencing	 technology	and	automation,	 it	

has	 become	 possible	 to	 study	 gene	 expression	 quantitatively,	 genome-wide	 and	 in	 high-

throughput.	 This	 leads	 to	 the	 possibility	 of	 exploring	 changes	 in	 gene	 expression	 in	 the	

context	of	many	external	perturbations	and	their	combinations,	and	thus	of	characterising	

the	 basic	 principles	 governing	 gene	 regulation.	 In	 this	 thesis,	 I	 present	 quantitative	

experimental	approaches	to	studying	transcriptional	and	protein	level	changes	in	response	

to	combinatorial	drug	treatment,	as	well	as	a	theoretical	data-driven	approach	to	analysing	

thermodynamic	principles	guiding	transcription	of	protein	coding	genes.	

In	 the	 first	 part	 of	 this	work,	 I	 present	 a	novel	methodological	 framework	 for	 quantifying	

gene	 expression	 changes	 in	 drug	 combinations,	 termed	 isogrowth	 profiling.	 External	

perturbations	through	small	molecule	drugs	influence	the	growth	rate	of	the	cell,	leading	to	

wide-ranging	changes	 in	cellular	physiology	and	gene	expression.	This	confounds	the	gene	

expression	changes	specifically	elicited	by	the	particular	drug.	Combinatorial	perturbations,	

owing	to	the	increased	stress	they	exert,	influence	the	growth	rate	even	more	strongly	and	

hence	suffer	the	convolution	problem	to	a	greater	extent	when	measuring	gene	expression	

changes.	 Isogrowth	profiling	 is	 a	way	 to	experimentally	 abstract	non-specific,	 growth	 rate	

related	changes,	by	performing	the	measurement	using	varying	ratios	of	two	drugs	at	such	

concentrations	 that	 the	 overall	 inhibition	 rate	 is	 constant.	 Using	 a	 robotic	 setup	 for	

automated	 high-throughput	 re-dilution	 culture	 of	 Saccharomyces	 cerevisiae,	 the	 budding	

yeast,	I	investigate	all	pairwise	interactions	of	four	small	molecule	drugs	through	sequencing	

RNA	along	a	growth	isobole.	Through	principal	component	analysis,	I	demonstrate	here	that	

isogrowth	 profiling	 can	 uncover	 drug-specific	 as	 well	 as	 drug-interaction-specific	 gene	

expression	 changes.	 I	 show	 that	 drug-interaction-specific	 gene	expression	 changes	 can	be	

used	 for	 prediction	 of	 higher-order	 drug	 interactions.	 I	 propose	 a	 simplified	 generalised	

framework	 of	 isogrowth	 profiling,	 with	 few	 measurements	 needed	 for	 each	 drug	 pair,	

enabling	 the	 broad	 application	 of	 isogrowth	 profiling	 to	 high-throughput	 screening	 of	

inhibitors	 of	 cellular	 growth	 and	 beyond.	 Such	 high-throughput	 screenings	 of	 gene	

expression	changes	specific	to	pairwise	drug	interactions	will	be	instrumental	for	predicting	

the	higher-order	interactions	of	the	drugs.	

In	the	second	part	of	this	work,	I	extend	isogrowth	profiling	to	single-cell	measurements	of	

gene	expression,	characterising	population	heterogeneity	 in	the	budding	yeast	 in	response	

to	 combinatorial	 drug	 perturbation	while	 controlling	 for	 non-specific	 growth	 rate	 effects.	

Through	flow	cytometry	of	strains	with	protein	products	fused	to	green	fluorescent	protein,	

I	discover	multiple	proteins	with	bi-modally	distributed	expression	 levels	 in	the	population	

in	 response	 to	drug	 treatment.	 I	 characterize	more	 closely	 the	effect	of	 an	 ionic	 stressor,	

lithium	 chloride,	 and	 find	 that	 it	 inhibits	 the	 splicing	 of	 mRNA,	 most	 strongly	 affecting	

ribosomal	 protein	 transcripts	 and	 leading	 to	 a	 bi-stable	 behaviour	 of	 a	 small	 ribosomal	



	

	

subunit	 protein	 Rps22B.	 Time-lapse	microscopy	 of	 a	microfluidic	 culture	 system	 revealed	

that	 the	 induced	 Rps22B	 heterogeneity	 leads	 to	 preferential	 survival	 of	 Rps22B-low	 cells	

after	 long	 starvation,	 but	 to	 preferential	 proliferation	 of	 Rps22B-high	 cells	 after	 short	

starvation.	Overall,	 this	 suggests	 that	yeast	cells	might	use	splicing	of	 ribosomal	genes	 for	

bet-hedging	in	fluctuating	environments.	I	give	specific	examples	of	how	further	exploration	

of	cellular	heterogeneity	 in	yeast	 in	response	to	external	perturbation	has	the	potential	to	

reveal	yet-undiscovered	gene	regulation	circuitry.	

In	 the	 last	 part	 of	 this	 thesis,	 a	 re-analysis	 of	 a	 published	 sequencing	 dataset	 of	 nascent	

elongating	 transcripts	 is	 used	 to	 characterise	 the	 thermodynamic	 constraints	 for	 RNA	

polymerase	 II	 (RNAP)	 elongation.	 Population-level	 data	 on	 RNAP	 position	 throughout	 the	

transcribed	genome	with	single	nucleotide	resolution	are	used	to	infer	the	sequence	specific	

thermodynamic	determinants	of	RNAP	pausing	and	backtracking.	This	analysis	reveals	that	

the	 basepairing	 strength	 of	 the	 eight	 nucleotide-long	 RNA:DNA	 duplex	 relative	 to	 the	

basepairing	strength	of	the	same	sequence	when	in	DNA:DNA	duplex,	and	the	change	in	this	

quantity	during	RNA	polymerase	movement,	is	the	key	determinant	of	RNAP	pausing.	This	is	

true	for	RNAP	pausing	while	elongating,	but	also	of	RNAP	pausing	while	backtracking	and	of	

the	 backtracking	 length.	 The	 quantitative	 dependence	 of	 RNAP	 pausing	 on	 basepairing	

energetics	is	used	to	infer	the	increase	in	pausing	due	to	transcriptional	mismatches,	leading	

to	a	hypothesis	that	pervasive	RNA	polymerase	II	pausing	is	due	to	basepairing	energetics,	

as	an	evolutionary	cost	for	increased	RNA	polymerase	II	fidelity.	

This	work	advances	our	understanding	of	the	general	principles	governing	gene	expression,	

with	the	goal	of	making	computational	predictions	of	single-cell	gene	expression	responses	

to	 combinatorial	perturbations	based	on	 the	 individual	perturbations	possible.	 This	 ability	

would	 substantially	 facilitate	 the	 design	 of	 drug	 combination	 treatments	 and,	 in	 the	 long	

term,	lead	to	our	increased	ability	to	more	generally	design	targeted	manipulations	to	any	

biological	system.		
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1 Introduction	

It	should	have	become	symptomatic	of	biological	research	during	the	best	part	of	the	20th	

century,	that	out	of	the	two	giants	of	the	century	preceding,	the	iconic	figure	identified	with	

modern	 biology	 has	 become	 the	 one	 less	 inclined	 to	 numbers.	 Charles	 Darwin,	 the	

champion	of	bringing	the	mechanism	of	evolution	by	natural	selection	to	wide	acceptance	in	

the	 field	 (Darwin,	 1859),	 had	 to	 be	 pointed	 out	 by	 others	 that	 if	 the	 theory	 of	 blending	

parental	 traits	 into	progeny	were	 to	be	 true,	 it	would	 lead	 to	 the	 averaging	out	of	 traits,	

making	natural	 selection	quantitatively	 impossible	 (Vorzimmer,	1963).	On	 the	other	hand,	

Gregor	Johann	Mendel,	working	out	meticulously	the	statistics	of	 inheritance	 in	peas	over	

almost	a	decade	(Mendel,	1866),	holding	the	key	complement	to	Darwin’s	theory	of	natural	

selection,	died	without	corresponding	appreciation,	only	to	definitively	regain	his	deserved	

pedestal	 once	 biologists	 were	 ready	 to	 identify	 chromosomes	 as	 the	 physical	 carriers	 of	

Mendelian	 inheritance	 (Sutton,	 1903).	 The	 wisdom	 of	 numbers	 has	 somehow	 been	 too	

elusive.		

Biology	 has	 historically	 been	 regarded	 as	 one	 of	 the	 least	 quantitative	 out	 of	 natural	

sciences.	 ‘There	 is	 physics,	 and	 there	 is	 stamp	 collection’,	 runs	 the	 infamous	 quote	

attributed	to	Ernest	Rutherford,	a	view	sometimes	perpetrated	even	in	the	modern	science	

culture.	This	view,	however	unjust	to	the	 likes	of	R.	Fisher,	S.	Luria,	 J.	Monod,	F.	 Jacob,	to	

name	a	few,	is	not	completely	without	reasons.	First,	the	cracking	of	genetic	code	in	the	60s	

(Nirenberg	 et	 al.,	 1965)	 and	 the	 subsequent	 advances	 from	 the	 70s	 onwards	 in	 the	

recombinant	DNA	technology	(Cohen	et	al.,	1973),	DNA	sequencing	(Sanger	et	al.,	1977)	and	

polymerase	 chain	 reaction	 (Saiki	 et	 al.,	 1985),	 sent	 biology	 onto	 a	 dramatically	 successful	

trajectory	 of	 cataloguing	 species,	 this	 time	 molecular.	 Second,	 living	 systems	 have	

traditionally	 been,	 and	 to	 a	 large	 extent	 remain,	 too	 complex	 to	 be	 described	 from	 first	

principles	using	our	current	computational	tools.	Simulation	of	the	response	of	a	living	cell	

to	a	chemical	perturbation,	for	 instance,	starting	simply	from	the	sequence	of	 its	genome,	

simulating	 the	expression,	 folding	and	behaviour	of	 all	 the	RNA	and	protein	molecules	all	

the	way	up	to	 the	physiological	outcome	based	on	basic	 laws	of	 thermodynamics,	 is	even	

today	well	 beyond	 the	 reach	of	 computation.	What	 remains	possible	 for	 advancement	of	

biology,	thus,	is	the	classification	and	characterization	of	individual	components,	the	stamp	

collection,	always	reducing	the	problem	under	study	to	a	tractable	level	of	complexity.		

A	 substantial	 change	 for	 modern	 biology	 was	 heralded	 when	 the	 cost	 of	 sequencing	

technology	 started	 decreasing	 faster	 than	 Moore’s	 law	 (Wetterstrand,	 2018)	 (Fig.	 1).	

Starting	 with	 the	 landmark	 human	 genome	 project	 (International	 Human	 Genome	

Sequencing	Consortium,	 2001),	 this	 not	 only	meant	 that	 the	 cataloguing	of	 genes	 for	 the	

vast	majority	of	model	organisms	would	soon	be	over,	but	also	that	any	biological	problem	

that	could	be	translated	into	a	sequencing	pipeline	could	be	addressed	with	a	large	amount	

of	 quantitative	 data.	 Thus,	 for	 example,	 a	 great	 number	 of	 questions	 in	 evolution,	

population	 genetics	 or	 even	 microbial	 community	 dynamics	 and	 cancer	 metastasis	 have	



	

	

become	 DNA	 sequencing	 problems	 (Gallone	 et	 al.,	 2016;	 Good	 et	 al.,	 2017;	 Kellis	 et	 al.,	

2004;	Korem	et	al.,	2015;	Levy	et	al.,	2015;	Martin	et	al.,	2018;	Yachida	et	al.,	2010).	Perhaps	

the	most	 important	 quantitation	 problem	 turned	 into	 DNA	 sequencing	 was	 that	 of	 gene	

expression	–	 sequencing	of	RNA	molecules	allowed	unprecedented	study	of	gene	product	

levels	and	 isoforms	across	many	conditions,	as	well	as	across	 individual	cells	 (Adamson	et	

al.,	2016;	Dixit	et	al.,	2016;	Klein	et	al.,	2015;	Macosko	et	al.,	2015;	Pelechano	et	al.,	2013;	

Shalek	 et	 al.,	 2014).	 As	 of	 late,	 sequencing	 of	 RNA	 expression	 in	 entire	 organisms	 across	

developmental	time	offered	insights	that	could	have	previously	been	possibly	grasped	only	

through	the	low-throughput	method	of	microscopy	(Briggs	et	al.,	2018;	Fincher	et	al.,	2018;	

Plass	et	al.,	2018;	Wagner	et	al.,	2018).	With	creative	approaches,	RNA-sequencing	can	be	

used	to	answer	questions	about	translation	of	mRNAs	or	translocation	of	proteins	(Jan	et	al.,	

2014;	 Li	 et	 al.,	 2014).	 As	 an	 aside,	 the	 sheer	 affordability	 of	 DNA	 sequencing	 has	 started	

transformations	 in	 such	 distant	 fields	 as	 archaeology	 (Callaway,	 2018)	 or	 criminal	

investigation	 (Curtis	 et	 al.,	 2018),	 and	 even	 lead	 some	 to	 propose	 DNA	 for	 storage	 of	

human-generated	information	(Church	et	al.,	2012).	

	

	

Figure	1.	The	cost	of	sequencing	is	decreasing	faster	than	Moore's	law.	

The	historical	development	of	the	cost	of	sequencing	of	a	human	genome.	Moore’s	law,	predicting	a	

two-fold	improvement	every	two	years	(Carlson,	2003;	Moore,	1965),	is	shown	for	comparison.	Note	

the	 steep	 drop	 between	 2007	 and	 2011,	 coinciding	 with	 the	 introduction	 of	 next	 generation	

sequencing	(Metzker,	2010).	One	thousand	dollars,	the	cost	of	sequencing	human	genome	that	has	

been	 popularised	 as	 heralding	 the	 era	 of	 personalised	medicine	 (Church,	 2006;	Mardis,	 2006),	 is	

denoted	by	a	red	line.	

The	availability	of	large-scale	data	sets	means	that	biology	has	entered	a	new	era,	in	which	

data	analysis	will	play	increasingly	greater	role	than	data	acquisition.	Just	like	approaching	a	

sufficiently	large	stamp	collection	from	a	quantitative	aspect	can	tell	you	a	great	deal	about	
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the	 function	of	a	 stamp	 (there	are	various	values	written	 there	but	 they	are	always	 small	

compared	 to	 a	 wage),	 the	 history	 of	 the	mailing	 system	 (there	 are	 names	 of	 very	many		

countries	 on	 the	 stamps,	 but	 never	 that	 of	 the	 United	 Kingdom)	 or	 even	 some	 socio-

economic	history	(hyperinflations,	annexations,	technological	advances	in	print	by	country,	

etc.),	quantitative,	high-throughput,	systems	biology	can	infer	phenomenological	laws	about	

the	behaviour	of	living	systems	without	having	to	recourse	all	the	way	down	to	the	laws	of	

thermodynamics.	 Such	 descriptions	 have	 the	 potential	 to	 substitute	 a	 complete	

understanding	in	terms	of	physics	–	as	an	example,	the	protein	folding	problem,	notoriously	

difficult	 based	 on	 thermodynamic	 laws,	 can	 be	 partially	 tackled	 using	 evolutionary	

relationship	from	large-scale	phylogenetic	data	(Hopf	et	al.,	2012).	Thus,	quantitative	stamp	

collecting	eventually	transcends	to	physics.	

The	work	presented	here	should	be	understood	in	this	historical	context	of	this	more-than-

ever	 exciting	 period	 of	 biology	 shaped	 by	 transitioning	 to	 high-throughput	 data.	 All	 the	

experiments	 and	 analyses	 in	 this	 thesis	 rely	 on	 the	 workhorse	 of	 molecular	 biology,	

Saccharomyces	 cerevisiae,	 the	 budding	 yeast	 (Duina	 et	 al.,	 2014).	 In	 an	 era,	 when	 an	

increasing	proportion	of	biological	research	is	shifting	towards	higher	eukaryotes,	there	are	

still	good	reasons	for	experimentation	with	the	budding	yeast.	Beyond	the	simple	fact	that	it	

is	 a	 eukaryote	with	 linear	 chromosomes,	 organelles,	 cellular	 trafficking	 and	 other	 cellular	

structures	like	higher	eukaryotes	while	having	small	genome	size,	mostly	single-cell	life	cycle	

and	 inexpensive	 culture	 requirements,	 in	 the	 last	 two	 decades	multiple	 genome-wide	 or	

near	 genome-wide	 libraries	 of	 genetic	 perturbations	 were	 created.	 This	 includes	 gene-

deletion	libraries,	haploid	and	diploid,	homozygous	and	heterozygous	(Giaever	et	al.,	1999,	

2002;	 Ryan	 et	 al.,	 2012;	Winzeler	 et	 al.,	 1999),	 protein	 overexpression	 library	 (Zhu	 et	 al.,	

2001),	the	library	of	open	reading	frames	(ORFs)	fused	to	a	fluorescent	protein	(Huh	et	al.,	

2003),	as	well	as	other	useful	protein-tag	libraries	(Ghaemmaghami	et	al.,	2003;	Weill	et	al.,	

2018;	Yofe	et	al.,	2016).		

In	the	first	chapter,	I	touch	on	the	problem	of	combinatorial	explosion	in	biological	research.	

No	 matter	 how	 inexpensive	 experimentation	 will	 become,	 measurement	 of	 cellular	

responses	to	all	possible	combination	of	various	inputs	will	likely	remain	beyond	the	scope	

of	 reasonable	 experimentation.	 Thus,	 prediction	 of	 cellular	 behaviour	 in	 combinatorial	

conditions	 from	the	measured	response	 in	 individual	conditions	 is	one	of	 the	key	goals	of	

systems	biology.	This	goal,	as	yet	unattained,	I	bring	closer	by	experimentally	demonstrating	

that	 linear	 interpolation	between	outcomes	of	 individual	 inputs	 is	a	good	null	expectation	

for	 the	 response	 to	 combinatorial	 input	 and	 provides	 a	 baseline	 for	 delineating	 the	

emergent	 response.	 I	 further	 devise	 a	 methodology	 for	 effective	 measurement	 of	 gene	

expression	changes	in	drug	combinations,	which	I	term	 isogrowth	profiling,	 for	maximizing	

the	 measured	 information	 about	 the	 emergent	 response	 with	 a	 minimal	 number	 of	

combinatorial	 measurements.	 I	 demonstrate	 the	 utility	 of	 such	 gene	 expression	

measurements	 in	 pairwise	 drug	 combinations	 by	 predicting	 and	 confirming	 an	 emergent	

interaction	with	a	third	drug.	



	

	

The	 second	 chapter	 focuses	 on	 the	 issue	 of	 population	 heterogeneity	 in	 response	 to	

external	 perturbations.	 In	 recent	 years	 there	 has	 been	 an	 explosion	 of	 single-cell	 gene	

expression	 studies	 using	RNA	 sequencing	 in	 higher	 eukaryotes	 (reviewed	 in	Hwang	 et	 al.,	

2018);	 however,	 in	 the	 budding	 yeast,	 the	 presence	 of	 thick	 cell	 wall	 prevented	 most	

applications,	 so	 that	 until	 recently	 (Nadal-Ribelles	 et	 al.,	 2019),	 only	 one	 budding	 yeast	

single-cell	 RNA	 sequencing	dataset,	 extremely	 limited	 in	 size,	 existed	 (Gasch	et	 al.,	 2017).	

Here,	 using	 a	medium-throughput	method	 of	 flow	 cytometry	 applied	 to	 the	 protein-GFP	

library	 (Huh	 et	 al.,	 2003),	 I	reveal	 a	 drug-induced	 bi-stable	 switch	 in	 the	 expression	 of	 a	

ribosomal	protein.	I	show	that	at	a	certain	level	of	the	drug,	the	intron	contained	in	the	5’	

untranslated	region	of	this	ribosomal	protein	ceases	to	be	excised.	The	resulting	population	

heterogeneity	 leads	 to	differential	 outcomes	 in	 short	 and	 long	 starvation,	 suggesting	 that	

such	 a	 mechanism	 could	 be	 used	 by	 the	 cell	 to	 hedge	 its	 bets	 against	 the	 duration	 of	

starvation.	 It	 remains	 to	 be	 seen	 how	 many	 more	 perturbation-inducible	 cellular	 states	

there	 exists	 in	 such	 a	 simple	 eukaryote	 as	 the	 budding	 yeast.	 This	 result	 clearly	

demonstrates	the	necessity	of	exploration	of	gene	expression	response	in		 yeast	 on	

the	single-cell	level.			

The	 third	 chapter	 exemplifies	 the	 assertion	 about	 the	 data-driven	 future	 of	 biological	

research,	 where	 high-throughput	 data	 will	 be	 widely	 available,	 allowing	 inexpensive	

analyses	to	be	carried	out	 independently	of	acquiring	new	data.	The	work	presented	here	

has	 been	 undertaken	 in	 collaboration	 with	 two	 peers	 of	 mine	 and	 largely	 out	 of	

spontaneous	enthusiasm,	 illustrating	 that	 in	 the	 coming	era	 it	will	 be	possible	 to	 conduct	

meaningful	 biological	 projects	without	 extensive	 funding	 for	 consumables.	We	 leverage	 a	

published	 data	 set,	 in	 which	 the	 3’	 ends	 of	 native,	 elongating	 RNA	 transcripts	 in	

exponentially	growing	yeast	were	sequenced	(Churchman	and	Weissman,	2011),	to	quantify	

the	influence	of	basepairing	thermodynamics	on	RNA	polymerase	pausing	during	elongation	

(Lukačišin	 et	 al.,	 2017).	 Previously,	 pausing	 of	 RNA	 polymerase	 has	 been	 studied	

experimentally,	 but	 never	 both	 in	 high-throughput	 and	 with	 single-nucleotide	 resolution	

(Abbondanzieri	et	al.,	2005;	Depken	et	al.,	2013;	Kireeva	et	al.,	2000;	Nechaev	et	al.,	2010;	

Nudler	et	al.,	1997;	Sydow	and	Cramer,	2009;	Vvedenskaya	et	al.,	2014;	Zamft	et	al.,	2012).	

Transcriptional	 pausing	 has	 also	 been	 extensively	 modelled	 (Bai	 et	 al.,	 2004,	 2004;	

O’Maoiléidigh	et	al.,	2011;	Tadigotla	et	al.,	2006).	In	our	work,	for	the	first	time,	we	bridge	

these	 two	 worlds,	 choose	 and	 adapt	 from	 the	 existing	 models	 to	 conform	 to	 the	 high-

throughput	 data	 and	 find	 that,	 contrary	 to	 the	 prevailing	 view	 in	 the	 field	 at	 the	 time,	

basepairing	thermodynamics	is	on	average	a	much	stronger	determinant	of	RNA	polymerase	

pausing	then	nucleosome	positioning.	Thanks	to	the	high-throughput	nature	of	the	data,	we	

are	further	able	to	 infer	a	quantitative	relationship	between	basepairing	energy	change	 in	

the	 transcription	bubble	and	 transcriptional	pausing.	Extrapolating	 this	 relationship	 to	 the	

energetics	of	 a	 transcriptional	mismatch	we	 conclude,	 again	 contrary	 to	 the	predominant	

view	 in	 the	 field,	 that	 thermodynamic	 discrimination	 between	 correct	 and	 incorrect	

basepairing,	 independent	 of	 kinetic	 discrimination,	 would	 be	 sufficient	 to	 induce	 a	

substantial	increase	in	RNA	polymerase	fidelity	through	pausing	and	backtracking.	
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In	 sum,	 the	 experiments,	 analyses	 and	 models	 presented	 here	 are	 but	 a	 small	 piece	 of	

mosaic	in	the	historical	context	of	biology	shifting	from	a	descriptive	to	a	predictive	science.	

They	aspire	to	contribute	to	the	development	of	a	research	field	aiming	to	be	able	to	predict	

cellular	 and	 organismic	 responses	 to	 external	 perturbations	 and	 their	 combinations	 as	 a	

function	 of	 the	 system’s	 genome	 and	 its	 current	 gene	 expression	 state.	 Such	 predictive	

understanding	 is	 necessary	 if	 we	 are	 aiming	 to	 control,	 manipulate	 or	 design	 biological	

systems,	be	it	for	therapeutic,	economic	or	environmental	purposes.	
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2 	Yeast	isogrowth	profiling	predicts	higher-order	drug	antagonisms	

2.1 Introduction	

Effective	 design	 of	 combination	 therapies	 requires	 understanding	 of	 the	 cellular	

physiological	changes	caused	by	drugs	and	their	combinations.	The	most	direct	measure	of	

the	 cellular	 state	 is	 the	 concentration	 of	 its	 individual	 constituents,	 and	 the	 most	 easily	

measured	 proxy	 for	 this	 currently	 is	 RNA	 sequencing	 of	 the	 gene	 expression	 level.	 Gene	

expression	 changes	 due	 to	 drug	 interactions,	 however,	 are	 dominated	 by	 the	 changed	

growth	 rate	 in	 the	 presence	 of	 multiple	 drugs.	 In	 this	 chapter,	 I	 introduce	 isogrowth	

profiling,	 a	 methodological	 framework	 for	 experimentally	 abstracting	 drug	 interaction	

effects	from	non-specific	variation.	I	define	isogrowth	profiling	as	measuring	genome-wide	

gene	expression	levels	at	a	constant	growth	inhibition	caused	by	varied	ratio	of	two	drugs.	

Isogrowth	 profiling	 of	 all	 pairwise	 interactions	 of	 four	 drugs	 in	 Saccharomyces	 cerevisiae	

revealed	 up-regulation	 of	 specific	 pathways	 in	 drug	 combinations.	 I	 hypothesize	 that	 the	

up-regulation	of	a	specific	pathway	 in	a	 two-drug	combination,	 is	 likely	 to	protect	 the	cell	

against	 a	 third	 drug	 that	 targets	 the	 upregulated	 pathway,	 leading	 to	 a	 three-drug	

antagonism.	Precise	measurements	of	 gene	expression	 changes	 in	drug	 combinations	 can	

thus	serve	to	predict	higher-order	drug	interactions.	Based	on	my	experiments,	I	propose	a	

simplified	 version	 of	 isogrowth	 profiling,	 in	 that	 gene-expression	 changes	 due	 to	 drug	

interactions	are	measured	at	a	ratio	of	drugs	causing	strongest	interaction	while	keeping	the	

growth	inhibition	constant.	

 Drug	interactions	2.1.1

Due	to	their	clinical	relevance,	interactions	of	small	molecule	drugs	have	been	in	an	intense	

focus	 of	 systems	 biology.	 From	 the	 clinical	 perspective,	 combination	 therapy	 has	 great	

appeal	both	in	terms	of	lowering	drug	toxicity	load	as	well	as	achieving	clinical	outcomes	not	

possible	 with	 individual	 drug	 therapy;	 extensive	 research	 has	 been	 undertaken	 for	

treatment	of	HIV,	cancer	and	microbial	 infections	(Chait	et	al.,	2007;	Kummar	et	al.,	2010;	

Mokhtari	et	al.,	2017;	Palmer	and	Sorger,	2017;	Shafer	and	Vuitton,	1999;	Yeh	et	al.,	2006).	

From	 the	 fundamental	 science	prospective,	 the	 issue	of	 predicting	drug	 interactions	 is	 an	

excellent	case	for	studying	emergent	phenomena.	The	pairwise	interactions	between	drugs	

are	mostly	unproblematic	to	measure	(Cokol	et	al.,	2011,	2014),	however,	the	mechanism	of	

many	of	these	interactions	remain	unclear,	consequently	making	de	novo	prediction	of	drug	

interaction	 challenging.	 The	 need	 to	 be	 able	 to	 predict	 the	 outcomes	 in	 combinatorial	

treatment	 from	 single-drug	 treatments	 becomes	 even	more	 acute	 if	 we	 consider	 higher-

order	 drug	 interactions	 –	 the	 combinatorial	 explosion	 in	 the	 number	 of	 experiments	

required	makes	experimental	exploration	challenging.	



	

	

Drug	 interactions	 can	 be	 classified	 broadly	 as	 additive,	 synergistic,	 antagonistic	 and	

suppressive.	 This	 is	 usually	 done	 based	 on	 the	 measured	 growth	 rates	 on	 a	 discretized	

gradient	of	the	two	drugs,	and	comparing	the	growth	rate	to	the	additive	expectation	and	to	

the	 growth	 rate	 in	 individual	 drugs	 (Figure	 2,	 inset).	 The	 shape	 of	 the	 resulting	 dose	

response	surface,	 i.e.	 the	dependence	of	growth	rate	on	concentrations	of	each	drug,	can	

be	used	for	the	graphical	definition	of	drug	interactions	based	on	the	shape	of	growth	rate	

isoboles	(Figure	2).	

	

	

Figure	2.	Definition	of	drug	interactions.	

Drug	 interactions	 as	defined	by	 the	 shape	of	 the	growth	 rate	 isoboles,	 consistent	with	 the	 Loewe	

additivity	model.	Suppression	is	an	extreme	case	of	antagonism,	where	one	drug	alleviates	at	certain	

concentrations	the	effects	of	the	other	drug	in	absolute	terms.	Insets:	growth	rates	in	the	absence	of	

drugs,	with	drugs	A	and	B	and	combined	at	fixed	absolute	concentrations.	The	dashed	horizontal	line	

corresponds	 to	 the	 additive	 expectation.	 Reproduced	 from	 (Bollenbach,	 2015)	 under	 CC-BY	 	 4.0	

license.	

 Prediction	of	outcomes	in	combinatorial	stresses		2.1.2

One	 of	 the	 key	 goals	 of	 systems	 biology	 is	 to	 predict	 cellular	 responses	 to	 combinatorial	

perturbations	from	responses	to	the	individual	perturbations	(Molinelli	et	al.,	2013).	In	the	

field	 of	 microbial	 drug	 interaction,	 this	 means	 focusing	 on	 prediction	 of	 growth	 rate	

outcomes	in	the	presence	of	multiple	drugs,	i.e.	on	predicting	drug	interactions.		This	feat	is	

especially	relevant	 in	the	era	of	declining	drug	discovery	rate,	where	combination	therapy	

becomes	an	increasingly	important	pharmacological	strategy	(Bollenbach,	2015).		

A	 considerable	 advance	 has	 been	made	 in	 recent	 years	 in	 experimental	 high-throughput	

screening	for	drug	interactions	(Cokol	et	al.,	2011,	2014)	and	their	modifiers	(Chevereau	and	

Bollenbach,	2015),	as	well	as	for	interactions	between	drugs	and	other	small	molecules	such	

as	food	additives	(Brochado	et	al.,	2018).	A	corresponding	advancement	has	been	made	in	

developing	 frameworks	 for	 quantifying	 higher-order	 drug	 interactions	 (Cokol	 et	 al.,	 2017;	

Russ	and	Kishony,	2018;	Tekin	et	al.,	2016).		

However,	prediction	of	drug-drug	 interactions	without	measurement	 remains	 challenging,	

both	for	pairwise	and	higher-order	drug	interactions.	Several	authors	concluded	that	given	a	
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sufficiently	 sophisticated	 mathematical	 framework,	 one	 can	 predict	 the	 growth	 rates	 in	

higher-order	 drug	 cocktails	 from	 pairwise	 interactions	 with	 high	 accuracy,	 essentially	

suggesting	that	true	higher-order	drug	interactions	are	rare	(Wood	et	al.,	2012;	Zimmer	et	

al.,	2016,	2017).	This	is	in	contradiction	with	recent	high-throughput	data	set	that	measured	

drug	 interactions	 with	 up	 to	 five	 drugs	 present	 at	 a	 time	 in	 about	 20,000	 various	

combinations	(Tekin	et	al.,	2018)	

Nonetheless,	 in	 order	 to	 gain	 true	 understanding	 of	 the	 drug	 interactions,	 one	 needs	 to	

understand	 the	 underlying	molecular	 processes.	 The	 advent	 of	 high-throughput	 chemical	

genomics,	where	effects	of	combinatorial	genetic	and	chemical	perturbations	on	growth	are	

measured,	 brought	 about	 datasets	 of	 fitness	 effects	 in	 various	 drugs	 on	 deletion	 of	 non-

essential	 genes	 (Hillenmeyer	 et	 al.,	 2008;	 Hoon	 et	 al.,	 2008;	 Parsons	 et	 al.,	 2006),	

dysregulation	of	essential	genes	(Mnaimneh	et	al.,	2004)	and	on	gene	overexpression	(Hoon	

et	 al.,	 2008).	 It	 would	 be	 tempting	 to	 think	 that	 connecting	 these	 datasets	 with	 a	 yeast	

genome	epistatic	map	of	double-gene	deletions	 (Costanzo	et	al.,	2016)	could	help	predict	

drug	interactions.	However,	to	this	day,	the	most	successful	prediction	algorithms	use	drug-

drug	similarity	metrics	without	a	particular	recourse	to	the	inner	molecular	working	of	the	

cell	(Ferdousi	et	al.,	2017;	Mason	et	al.,	2017;	Ryu	et	al.,	2018)	

There	are	several	reasons	why	chemical	genomics	might	not	provide	sufficient	information	

for	drug	interaction	predictions.	The	datasets	currently	available	work	with	single	or	at	most	

double	gene	manipulations	at	a	time.	However,	the	prediction	of	phenotype	often	requires	

considering	 multigenic	 responses	 across	 diverse	 regulatory	 pathways	 (Karr	 et	 al.,	 2012;	

Segrè	 et	 al.,	 2005;	 Yu	 et	 al.,	 2016).	 Further	 work	 modelling	 the	 phenotype	 using	 the	

knowledge	about	cellular	subsystems	and	their	interactions	might	thus	be	necessary.		

Another	reason	why	chemical	genomics	datasets	might	not	be	sufficient	for	drug	interaction	

prediction	is	that	there	is	no	direct	relationship	between	susceptibility	of	a	certain	mutant	

to	 a	 specific	 drug	 and	 the	 expression	 of	 that	 gene	 during	 the	 drug	 treatment	 in	 a	 non-

mutant	 cell.	 So	 while	 a	 deletion	 mutant	 in	 gene	 X	 might	 be	 susceptible	 to	 drug	 A,	 and	

likewise	a	mutant	Y	to	drug	B,	and	there	might	be	strong	negative	epistasis	between	genes	X	

and	Y,	in	a	combination	drug	treatment	of	a	wild-type	cell	both	X	and	Y	might	just	be	well	

expressed	 resulting	 in	 no	 drug	 interaction.	 What	 could	 instead	 be	 more	 predictive	 is	 a	

screen	for	a	gene	or	pathway	X,	such	that	when	downregulated	or	deleted,	makes	the	cell	

susceptible	 to	drug	A,	and	at	 the	 same	 time,	 is	downregulated	by	 treatment	with	drug	B,	

predicted	to	lead	to	synergism	between	drugs	A	and	B.	Such	predictions	would	require	the	

currently	available	chemical	genomics	datasets	as	well	as	chemical	transcriptomics	datasets	

not	readily	available	in	yeast,	as	outlined	below.	



	

	

 The	importance	of	controlling	growth	rate	and	nutrient	content	during	2.1.3

measurement	of	gene	expression	in	drug	combinations	

Chemical	transcriptomic	datasets,	despite	the	relative	simplicity	of	their	acquisition,	are	not	

readily	 available	 in	 the	 yeast	 community.	 The	 landmark	 microarray	 studies	 of	 gene	

expression	changes	in	yeast	under	various	conditions	include	only	a	handful	of	drugs	(Gasch	

et	 al.,	 2000;	 Hughes	 et	 al.,	 2000a).	 Piecemeal	 measurement	 of	 transcriptomic	 effects	 of	

drugs	by	various	groups	is	insufficient	due	to	lack	of	reproducibility	in	growth	conditions,	a	

decisive	factor	for	meaningful	interpretation	of	the	data,	as	demonstrated	by	the	chemostat	

measurement	of	gene	expression	 in	various	media	(Brauer	et	al.,	2008;	Knijnenburg	et	al.,	

2009)	as	well	as	by	proteomic	profiling	(Metzl-Raz	et	al.,	2017).	Moreover,	it	is	not	standard	

to	 specifically	 control	 the	 extent	 of	 growth	 inhibition	 when	 measuring	 gene	 expression,	

despite	 the	 fact	 that	 transcriptomic	 profiling	 applied	 to	 a	 compendium	 of	 single-gene	

deletion	 mutants	 in	 yeast	 showed	 that	 the	 greatest	 gene	 expression	 changes	 measured	

were	those	associated	with	the	effect	of	the	mutation	on	the	growth	rate	(O’Duibhir	et	al.,	

2014).	 This	 observation	 is	more	 general,	 applying	 to	 prokaryotes	 as	well	 (Bollenbach	 and	

Kishony,	2011).	

In	 this	 chapter,	 I	 introduce	 isogrowth	 profiling,	 a	 methodology	 for	 experimentally	

abstracting	 growth	 rate-dependent	 gene	 expression	 changes	 from	 the	 changes	 caused	

specifically	 by	 single	 drugs	 alone	 and	 by	 their	 interaction.	 I	 perform	 gene	 expression	

measurements	 in	 the	 budding	 yeast	 at	 a	 constant	 growth	 inhibition	 caused	 by	 precisely	

varied	 ratios	 of	 two	 drugs.	 I	 implement	 an	 automated	 re-inoculation	 setup	 to	 ensure	

reproducible	 cell	 density,	 and	 thus	 nutrient	 content,	 at	 the	 time	 of	 measurement.	

Consequently,	 I	am	able	to	identify	gene	expression	changes	caused	by	individual	drugs	as	

well	as	by	drug	combinations,	even	in	genes	that	are	highly	influenced	by	growth	rate.	

I	 use	 these	 precisely	 controlled	 transcriptomic	 measurements	 to	 implement	 a	 proof-of-

principle	version	of	drug	interaction	prediction	for	higher-order	drug	interactions.	I	identify	

genes	upregulated	specifically	by	drug	combinations	and	predict	a	protective	effect	of	those	

against	 a	 third	 drug	 targeting	 this	 gene.	 This	 is	 equivalent	 to	 predicting	 three-way	 drug	

antagonisms.	This	result	demonstrates	the	utility	of	precise	growth	rate	quantitation	when	

measuring	drug-induced	gene	expression	changes	for	predicting	drug	interactions.	

2.2 Methods	

 Automated	re-inoculation	setup	for	reproducible	yeast	culture	2.2.1

Saccharomyces	 cerevisiae	 strain	 BY4741	 was	 grown	 in	 YPD	 broth	 -	 yeast	 extract	 (Sigma	

Aldrich	cat.	no.	Y1625),	peptone	(Sigma	Aldrich	cat.	no.	91249),	dextrose	(Sigma	Aldrich	cat.	

no.	D9434)	in	a	conical	flask	overnight	and	then	distributed	into	a	96-well	plate	(non-treated	
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transparent	flat	bottom,	Nunc).	Customized	automated	setup	Tecan	Freedom	Evo	150	with	

8	 liquid	 handling	 channels	 and	 a	 robotic	 manipulator	 was	 used	 to	 produce	 a	 two-

dimensional	discretized	two	drug	24x24-well	gradient	in	YPD	spread	over	six	96-well	plates	

and	to	 inoculate	the	yeast	overnight	culture	to	 final	optical	density	at	600	nm	(OD600)	of	

0.15	and	 final	 liquid	volume	 in	 the	well	of	200	μl.	The	discretized	drug	gradient	was	as	 in	

Chevereau	 and	 Bollenbach	 (2015),	 that	 is	 the	 concentration	 of	 each	 drug	 was	 spaced	

according	to	𝑐 = 𝑐 ,	where	cmax	was	the	highest	concentration	used,	x	was	linearly	

spaced	from	0	to	22	steps	(with	replicate	for	no	drug	condition)	and	a	=	1/3.	Working	drug	

solutions	were	prepared	either	by	adding	respective	amounts	of	concentrated	DMSO	drug	

stocks	thawed	from	-20°C	storage	(no	refreezing)	previously	prepared	from	stock	chemicals	

(cycloheximide	 37094,	 myriocin	M1177,	 rapamycin	 37094,	 all	 from	 Sigma	 Aldrich),	 or	 by	

dissolving	directly	in	YPD	and	sterile-filtering	(LiCl,	L9650	Sigma	Aldrich).	The	six	plates	were	

incubated	 for	 three	 iterations,	 each	 lasting	 ~8	hrs.	 Each	 iteration	 consisted	of	 inoculation	

and	 incubation.	Plates	were	 incubated	 in	an	automated	 incubator	 (Liconic	 Storex)	 kept	at	

30°C,	>95%	humidity,	 vigorously	 shaken	at	>1000	 rpm.	During	 the	 incubation,	OD600	was	

measured	every	~15	mins	in	a	Tecan	Infinite	F500	plate	reader.	In	addition	to	shaking	during	

incubation,	 directly	 before	 each	measurement,	 plates	were	 shaken	 on	 a	magnetic	 shaker	

(Teleshake;	Thermo	Scientific)	at	1100	 rpm	 for	20	 s.	During	 re-inoculation,	a	volume	Vi	of	

yeast	culture	specifically	calculated	for	each	well	so	as	to	achieve	OD600=0.15	after	dilution	

(while	1.5	ul	≤	Vi	≤100	ul)	was	added	to	a	fresh	medium	in	a	new	96-well	plate	containing	a	

drug	 cocktail	 pipetted	 in	 such	 a	 way	 that	 the	 final	 concentration	 of	 both	 drugs,	 when	

accounted	for	the	size	of	the	inoculum,	was	the	same	as	before	the	re-inoculation	step,	and	

the	total	volume	of	 liquid	in	the	well	was	200	ul.	During	the	re-inoculation	the	plate	to	be	

re-inoculated	was	not	shaken	for	a	max.	of	15	mins.	The	entire	setup	was	kept	in	a	climate	

room	set	to	30°C	and	~50%	humidity.	The	growth	rate	for	each	well	for	each	iteration	was	

quantified	 from	 the	 OD	 increase	 over	 time	 by	 a	 linear	 fit	 of	 log2(OD)	 for	 the	 last	 10	

measurements	 (~2.5	 hrs)	 before	 re-inoculation.	 All	 growth	 rates	 were	 normalized	 to	 the	

growth	rate	of	the	parent	strain	in	the	absence	of	any	drugs	measured	on	the	same	day.	

 RNA	extraction	and	sequencing		2.2.2

For	RNA	extraction,	wells	growing	at	the	relative	growth	rate	close	to	50%	at	the	end	of	the	

third	 iteration	 of	 the	 automated	 re-inoculation	 culture	were	 chosen.	 RNA	 extraction	was	

performed	using	RiboPure	RNA	Purification	Kit	 for	yeast	 (Thermo	Scientific,	AM1926).	The	

purity	of	extracted	RNA	was	confirmed	for	selected	samples	using	Agilent	RNA	6000	Nano	

Bioanalyzer	Kit.	 The	 library	was	prepared	as	 in	 (Bar-Ziv	 et	 al.,	 2016).	 In	brief,	 the	purified	

RNA	 was	 fragmented	 using	 NEBNext®	 Magnesium	 RNA	 Fragmentation	 Module	 (New	

England	Biolabs	E6150S),	poly(A)-selected	using	Dynabeads	oligo-dT	kit	(Invitrogen,	cat.	No.	

61012)	 and	 reverse-transcribed	 to	 cDNA	 using	 custom	 poly(T)	 primers	 barcoded	 for	

multiplexing	 as	 well	 as	 containing	 4-nt-long	 unique	 molecular	 identifier.	 The	 resulting	

complementary	DNA	strands	were	pooled	and	purified	 (RNase	H	NEB	M0297S,	Agencourt	



	

	

AMPure	XP	Beckman	Coulter	A63881),	a	custom	double	stranded	adapter	ligated	to	the	3’	

end	(Quick	Ligation	Kit,	NEB	M2200S),	second	cDNA	strand	synthesized	(KAPAHiFi	Hot-Start	

ReadyMix	 VWR	 733-2430),	 amplified	 and	 50	 bp	 single-end	 sequenced	 on	 Illumina	 HiSeq	

2500	using	a	primer	complementary	to	the	adaptor	at	the	end	opposite	to	the	poly(A).		

 Data	analysis	2.2.3

The	 reads	 resulting	 from	 sequencing	were	demultiplexed,	 aligned	 to	 annotated	 reference	

S.	cerevisiae	genome	R64-2	using	TopHat	 (Kim	et	al.,	2013),	de-duplicated	using	UMI-tools	

(Smith	et	al.,	2017)	and	quantified	using	featureCounts	(Liao	et	al.,	2014).	Gene	expression	

changes	were	further	analysed	using	custom-written	Matlab	scripts.	Briefly,	to	account	for	

sample-to-sample	 variation	 and	 low	 molecule	 noise,	 quantile	 normalisation	 was	 applied	

using	quantilenorm	function	over	the	entire	dataset	and	the	top	expressed	two	thirds	of	the	

genes	were	taken	into	further	analysis.	Principal	component	(PC)	analysis	was	performed	for	

each	 drug	 combination	 separately	 using	 Matlab	 function	 pca	 on	 log2	 values	 of	 gene	

expression	data	normalized	 to	 the	median	expression	 in	YPD	medium	containing	no	drug,	

median-filtered	along	the	growth	isobole.	Gene	enrichment	analysis	for	genes	up-	or	down-

regulated	and	strongly	governed	by	the	3rd	PC	was	performed	by	sorting	the	genes	by	their	

relative	3rd	PC	loading	in	descending	or	ascending	order,	respectively,	and	looking	for	Gene	

Ontology	(GO)	terms	enriched	in	the	upper	part	of	the	list	using	GOrilla	(Eden	et	al.,	2009).	

The	relative	3rd	PC	loading	for	each	gene	was	calculated	by	dividing	the	3rd	PC	loading	for	

that	 gene	 by	 the	 Euclidean	 norm	 of	 the	 vector	 containing	 loadings	 for	 all	 the	 principal	

components	 for	 that	 gene.	 GO	 terms	 associated	 with	 retrotransposon	 activity	 were	

disregarded	in	the	analysis.	Gene	enrichment	analysis	for	genes	up-	or	down-regulated	and	

strongly	 governed	 by	 the	 2nd	 PC	 was	 performed	 analogously,	 except	 for	 each	 drug,	 the	

relative	 2nd	 PC	 loadings	 were	 averaged	 across	 experiments	 containing	 respective	 drug.	

Before	 averaging,	 the	 sign	 of	 the	 2nd	 PC	 coefficients	 and	 loadings	 was	 inverted	 for	

experiments	where	the	respective	drug	is	shown	on	the	left	side	of	the	x-axis	in	Fig.	3A,	so	

as	to	ensure	consistency	in	keeping	the	relative	2nd	PC	positive	if	the	gene	was	upregulated	

in	that	drug.	

 Diauxic	shift	measurements	2.2.4

S.	 cerevisiae	 strain	 BY4741	 was	 grown	 in	 YPD	 broth	 overnight	 and	 diluted	 ~100-fold	 to	

OD600	of	~0.001	 into	YPG	medium;	yeast	extract	 (Sigma	Aldrich	cat.	no.	Y1625),	peptone	

(Sigma	Aldrich	 cat.	 no.	 91249),	 glycerol	 (Sigma	Aldrich	 cat.	 no.	G5516,	 final	 conc.	 3%	v/v)	

containing	 varying	 amounts	 of	 myriocin	 or	 cycloheximide,	 arranged	 in	 an	 exponential	

gradient	 created	 by	 2-fold	 serial	 dilution.	 The	 cultures	 were	 incubated	 on	 a	 96-well	

microplate	 in	 total	 volume	 of	 200	 ul,	 using	 automated	 incubator	 (Liconic	 Storex)	 kept	 at	

30°C,	>	95%	humidity,	vigorously	shaken	at	>1000	rpm,	OD600	was	measured	every	~30	min	

in	 a	 Tecan	 Infinite	 F500	 plate	 reader.	 In	 addition	 to	 shaking	 during	 incubation,	 directly	
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before	each	measurement,	 plates	were	 shaken	on	a	magnetic	 shaker	 (Teleshake;	 Thermo	

Scientific)	at	1100	rpm	for	20	s.		

 Three-drug	interaction	measurements	2.2.5

For	three-drug	interaction	assays,	S.	cerevisiae	strain	BY4741	was	diluted	into	YPD	medium	

(5x103-fold	final	dilution)	from	a	thawed	overnight	culture	kept	at	−80°C	with	15%	glycerol.	

8x8x8	 discretized	 gradient	 of	 respective	 drugs	 was	 prepared	 by	 serial	 dilution	 and	

distributed	across	eight	96	well	plates.	The	plates	were	sealed	with	Parafilm	M	and	shaken	

at	 ~1000	 rpm	 on	 a	 Titramax	 1000	 shaker	 in	 a	 30°C	 incubator	 overnight.	 The	 next	 day	

measurements	 were	 taken	 manually	 approximately	 every	 hour	 in	 a	 Biotek	 Synergy	 H1	

microplate	 reader.	 The	 plates	were	 re-sealed	with	 Parafilm	 after	 each	measurement	 and	

incubation	was	continued	as	before.	Growth	rates	 for	each	well	were	quantified	 from	the	

OD600	 increase	over	time	by	a	fit	 to	the	 linear	section	of	 log2(OD600)	 in	the	range	0.01	≤	

OD600	≤	3.	

2.3 Results	

 Automated	re-dilution	setup	enables	reproducible	yeast	culture	at	fixed	2.3.1

growth	inhibition	by	two	drugs	

A	major	source	of	gene	expression	variation	in	every	cell	is	the	growth	rate	(O’Duibhir	et	al.,	

2014;	Regenberg	et	al.,	2006)	and	the	nutrient	content	of	the	environment	(Kolkman	et	al.,	

2006;	Wu	et	al.,	2004).	In	order	to	keep	the	gene	expression	measurements	in	presence	of	

single	drugs	and	their	combinations	mutually	comparable,	 it	 is	 thus	necessary	 to	precisely	

control	both	the	growth	inhibition	and	the	nutrient	content.		

Given	equal	 inoculum	size,	cells	growing	at	a	specific	growth	rate	will	end	up	at	 the	same	

cell	density	after	a	given	 incubation	period.	However,	many	drugs	exert	 their	effects	only	

with	delayed	effect	(Figure	3),	allowing	for	faster	cell	growth	at	the	beginning	of	incubation	

and	thus	the	resulting	gene	expression	measurements	would	be	done	at	different	nutrient	

content	(Figure	4).	In	order	to	equalize	the	nutrient	content,	I	 implemented	an	automated	

re-inoculation	setup,	where	cells	are	 re-diluted	 to	a	 target	optical	density	 roughly	every	8	

hours	for	a	total	of	three	rounds	of	incubation,	ensuring	about	8	generations	of	yeast	cells	

growing	at	50%	relative	growth	inhibition.	In	this	way,	even	the	gene	expression	effects	of	

drugs	with	delayed	effect	are	going	to	be	measured	in	nutrient	content	comparable	to	that	

of	drugs	with	immediate	effect.	
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(dashed	line),	delayed	drug	effect	results	in	a	difference	in	nutrient	content	compared	to	a	drug	with	

an	 immediate	 effect.	 To	 achieve	 reproducible	 nutrient	 content	 at	 the	 time	 of	 gene	 expression	

measurement,	the	cultures	need	to	be	re-inoculated	(right	panel).	

	

	

Figure	5.	Automated	re-inoculation	setup	for	precise	two-drug	gradient	cell	culture.		

A.	24	x	24	discretized	gradient	of	 two-drugs	 is	distributed	over	six	96-well	microtitre	plates.	B.	An	

example	 trace	 of	 an	 isogrowth	 profiling	 experiment	 of	myriocin	 and	 cycloheximide.	 Shaded	 areas	

denote	data	(10	measurements	over	~2.5	hrs)	used	to	infer	growth	rates,	as	shown	in	Figure	6.	
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Keeping	the	growth	inhibition	constant	both	in	individual	drugs	and	in	their	combinations	is	

challenging,	since	one	needs	to	quantitatively	tune	the	drug	concentrations	according	to	the	

interactions	of	the	specific	drugs.	I	addressed	this	issue	by	culturing	yeast	cells	in	a	detailed,	

24x24	discretized	gradient	of	two	drugs,	spread	over	six	96-well	microtitre	plates.	Thus,	the	

robotic	 setup	 re-dilutes	 the	 entire	 24x24	 discretized	 gradient	 every	 ~8	 hours,	 allowing	

specific	 growth	 rate	 inhibition	 while	 keeping	 final	 optical	 density	 even	 for	 drugs	 with	

delayed	 effect	 constant	 as	 well	 (Figure	 5).	 This	 setup	 allowed	 me	 to	 select	 for	 analysis	

specific	wells	where	the	yeast	are	growing	at	or	close	to	the	chosen	50%	inhibition	(93%	of	

RNA	 extracted-wells	 grew	 with	 relative	 growth	 rate	 between	 0.4	 and	 0.6),	 essentially	

enabling	sampling	along	a	growth	isobole	(Figure	6).		

	

	

Figure	6.	Automated	re-inoculation	setup	allows	sampling	of	RNA	along	a	growth	isobole.	

Example	of	choice	of	wells	used	for	RNA	extraction	and	sequencing.	The	growth	rates	were	implied	

from	the	growth	curves	as	indicated	by	the	shaded	areas	in	Figure	5.	

 Isogrowth	 RNA-sequencing	 in	 drug	 combinations	 reveals	 both	 simple	2.3.2

interpolated	and	emergent	gene	expression	changes	

I	applied	 the	automated	 re-dilution	setup	 to	exploring	 the	gene	expression	changes	along	

the	 growth	 isobole	 for	 all	 pairwise	 combination	of	 four	 small	molecule	 growth	 inhibitors.	

The	 four	 drugs	 were	 selected	 based	 on	 a	 small	 screen	 such	 that	 there	 are	 strong	

antagonisms	as	well	as	synergisms,	allowing	me	to	explore	the	utility	of	isogrowth	profiling	

for	 characterising	 the	 drug	 interactions.	 I	 included	 well-studied	 and	 characterised	 drugs,	

cycloheximide	 and	 rapamycin,	 as	 well	 as	 those	 with	 pleiotropic	 effects	 or	 unclear	

physiological	 role,	 lithium	chloride	and	myriocin.	Among	the	strongest	 interactions	 (Figure	

7),	 I	 find	a	 suppression	of	myriocin	by	 lithium	chloride	 that	has	not	been	 reported	before	

and	a	synergism	between	rapamycin	and	myriocin,	that	has	previously	been	reported	only	

with	respect	to	chronological	aging	(Huang	et	al.,	2013,	2015).	
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Figure	7.	Interactions	of	the	drugs	used	for	isogrowth	profiling.	

Dose	response	surfaces	of	the	drug	combinations	used	for	isogrowth	profiling.	Self-self	interactions	

were	measured	in	ordered	to	verify	the	method.	Grey	dots	indicate	concentrations	used,	green	dots	

indicate	concentrations	used	for	RNA	extractions	and	sequencing.	Red	line	indicates	the	50%	relative	

growth	isobole.		

After	 three	cycles	of	 incubation	totalling	~22	hours,	 I	extracted	and	sequenced	the	polyA-

RNA	from	wells	growing	close	to	50%	of	the	uninhibited	growth	rate.	 In	order	to	visualise	

the	gene	expression	changes	along	the	growth	isobole,	I	parameterised	the	growth	isobole	

by	 relative	 drug	 fraction	 (Figure	 8).	 For	 a	 given	 well,	 concentrations	 of	 both	 drugs	 are	

normalised	by	their	respective	IC50	(Table	1)	and	the	fraction	of	the	relative	concentration	of	

one	 drug	 over	 the	 total	 concentrations	 (Eq.	 in	 Figure	 8),	 is	 used	 as	 the	 abscissa.	 This	 is	

equivalent	 to	 projecting	 the	 points	 of	 the	 actual	 growth	 isobole	 in	 the	 two-drug	

concentration	 space	 to	 a	 theoretical	 growth	 isobole	 if	 the	 drugs	 were	 additive,	 and	

subsequently	using	contour	length	on	the	additivity	line	as	the	parameter	(Figure	8).	In	this	
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The	initial	examination	of	gene	expression	changes	along	the	growth	isoboles	revealed	that	

along	with	 genes	 that	 exhibit	 interpolating	behaviour	 in	 the	drug	 combination,	 i.e.	where	

the	gene	expression	level	in	drug	combination	lies	between	the	levels	if	cultured	in	each	of	

the	two	drugs	alone,	 there	are	genes	with	“emergent”	behaviour	 (Figure	9).	 	These	genes	

exhibit	more	extreme	expression	changes	in	drug	combination	than	in	either	drug	alone.	In	

order	 to	 investigate	 possible	 connections	 between	 this	 observation	 and	 mechanisms	 of		

drug	 actions	 and	 interactions,	 I	 explored	 the	 extent	 of	 interpolating	 vs.	 emergent	 gene	

expression	behaviour	as	well	as	functional	enrichment	in	either	of	the	two	classes.	

	

Drug	 IC50	[μg/ml]	
Cycloheximide	 0.065	
LiCl	 12x103	
Myriocin	 0.50	
Rapamycin	 0.0068	

Table	1.	The	determined	half-maximum	inhibitory	concentrations	(IC50)	for	drugs	used	in	the	

isogrowth	profiling	study.	

 Principal	 component	 analysis	 decomposes	 gene	 expression	 changes	2.3.3

along	the	growth	isobole	into	interpretable	contributions	

Next,	 I	 sought	 to	quantitatively	understand	 the	general	 characteristics	of	 gene	expression	

changes	 along	 the	 growth	 isobole	 of	 two-drug	 combinations.	 I	 asked	 to	 what	 extent	 the	

gene	expression	 levels	 in	drug	combinations	could	be	explained	by	 interpolation	between	

the	expression	levels	in	the	individual	drugs	and	to	what	extent	emergent	behaviour	(where	

the	 expression	 in	 combination	 is	 higher	 or	 lower	 than	 in	 either	 drug	 alone)	 would	 be	

observed.	I	applied	principal	component	(PC)	analysis,	a	common	statistical	method	used	to	

analyse	 high-dimensional	 data	 sets,	 individually	 to	 gene	 expression	 data	 from	 each	 drug	

pair.	

The	 PCs	 capturing	most	 variance	 within	 the	 dataset	 should	 represent	 the	most	 common	

behaviour	of	gene	expression	levels	along	the	isobole.	Intriguingly,	the	PC	analysis	for	each	

individual	drug	pair	yielded	strikingly	similar	first	three	PCs,	together	capturing	always	more	

than	93%	of	variance	(Figure	10),	allowing	generalisations	about	their	origin.	The	first	PC	is	

flat,	indicating	change	in	gene	expression	with	respect	to	no	drug	condition	but	little	change	

along	the	growth	isobole.	Such	behaviour	is	indicative	of	global	gene	expression	response	to	

growth	 inhibition,	 irrespective	 of	 the	 inhibiting	 drug.	 In	 case	 of	 similar	 responses	 to	 the	

individual	 drugs,	 the	 1st	 PC	 could	 additionally	 capture	 the	 common	 gene	 expression	

signature	 of	 the	 two	 drugs.	 This	 is	 supported	 by	 the	 fact	 that	 the	 1st	 PC	 captures	 more	

variance	in	case	where	the	response	to	the	individual	drugs	is	more	correlated	(Figure	11).	
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 Emergent	 response	 to	 drug	 combination	 predicts	 antagonisms	 with	2.3.5

drugs	targeting	up-regulated	pathways			

After	 corroborating	 that	 the	 functional	 analysis	 of	 genes	 governed	 by	 the	 2nd	 PC	 can	

identify	major	physiological	effects	of	individual	drugs,	I	sought	to	test	if	functional	analysis	

of	the	genes	governed	by	the	3rd	PC	can	be	informative	about	physiological	consequences	

of	drug	combinations.	Analysing	the	genes	strongly	governed	by	the	3rd	PC	should	show	the	

emergent	effect	of	the	two	drugs	on	their	expression,	even	if	those	genes	are	also	changed	

due	to	growth	rate	(e.g.	ribosomes)	or	affected	by	the	individual	drugs	alone.	

I	proceeded	analogously	to	the	functional	analysis	of	the	2nd	PC	before,	except	the	scores	

were	not	averaged	across	drug	pairs.	I	sorted	the	genes	according	to	the	proportion	of	their	

variance	along	the	growth	isobole	explained	by	the	3rd	PC	and	after	accounting	for	the	sign	

of	change,	performed	the	gene	ontology	enrichment	analysis	 (see	Methods).	For	five	drug	

pairs	 I	 identified	functional	groups	significantly	upregulated	and	for	two	drug	pairs	groups	

significantly	downregulated	(Figure	15).		

I	sought	to	experimentally	confirm	the	functional	analysis	of	the	3rd	PC	as	well	as	to	explore	

its	 utility.	 I	 reasoned	 that	 the	 upregulation	 of	 functional	 groups	 of	 genes	 due	 to	 drug	

interactions	 might	 not	 always	 be	 compensatory.	 In	 other	 words,	 it	 is	 expected	 that	 the	

evolutionary	 selection	on	 the	 yeast	 cell	 response	 to	 combinatorial	 stress	 of	 two	 chemical	

inhibitors	has	been	much	 less	than	to	a	single	agent,	 resulting	 in	a	non-adaptive	response	

and		in	up-regulation	of	pathways	that	are	not	necessarily	needed	at	higher	expression	level.	

Thus,	 I	hypothesized	that	up-regulation	of	certain	pathways	due	to	drug	 interaction	might	

create	 a	 buffer	 for	 the	 yeast	 cell	 if	 exposed	 to	 a	 third	 drug	 inhibiting	 the	 up-regulated	

pathway,	making	the	yeast	cell	more	immune	to	the	third	drug	(Figure	16).	This	would	lead	

to	 a	 three-way	 drug	 antagonism.	 Indeed,	 for	 the	 combination	 of	 myriocin	 with	

cycloheximide,	a	DNA	replication	checkpoint	was	found	to	be	significantly	governed	by	the	

3rd	PC;	culturing	the	yeast	cells	in	a	three-drug	combination	of	myriocin,	cycloheximide	and	

DNA	damaging	agent	methyl	methanesulfonate	(MMS)	led	to	an	inversion	of	the	synergistic	

interaction	 between	 myriocin	 and	 cycloheximide	 to	 an	 antagonistic	 one	 (Figure	 17).	

Similarly,	the	antagonism	of	myriocin	with	lithium	chloride,	observed	by	3rd	PC	to	lead	to	an	

increase	 in	ribosome	biogenesis,	became	much	more	pronounced	when	cultured	together	

with	an	 inhibitor	of	translation	(Figure	17).	This	shows	that	up-regulation	of	genes	 in	drug	

combinations,	after	accounting	for	the	expected	change	due	to	growth	rate	and	individual	

drug	effects,	can	predict	an	antagonistic	interaction	with	a	third	drug.	







	

	

 Emergent	 gene	 expression	 changes	 due	 to	 drug	 combination	 are	2.3.6

strongest	where	drug	interaction	is	strongest	

The	 functional	 analysis	 of	 the	 3rd	 PC	 component	 is	 useful	 for	 characterising	 the	 specific	

effects	of	drug	interactions.	However,	the	measurement	of	gene	expression	along	the	entire	

two-drug	growth	 isobole	 is	technically	challenging	and	not	scalable.	Therefore,	 I	sought	to	

create	 a	 simplified	 protocol	 that	 could	 provide	 comparable	 information	 at	 lower	

experimental	effort.	

	

	

Figure	18.	Maximum	variance	in	the	emergent	PC	coincides	with	deviation	from	additive	

expectation.	

The	3rd	principal	component	capturing	the	emergent	gene	expression	combination	treatment,	aligns	

well	with	 the	deviation	of	growth	 isobole	 from	the	theoretical	additivity	 line,	as	defined	 in	 (Figure	

19).	Green	dot	labels	the	point	of	maximum	deviation.		Note	that	LiCl	and	cycloheximide	are	almost	

perfectly	additive	(Figure	7),	leading	to	an	atypical	3rd	PC	capturing	very	little	variance	(Figure	10).	
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2.4 Discussion	

 Isogrowth	 profiling	 experimentally	 abstracts	 gene	 expression	 changes	2.4.1

due	to	growth	rate		

Effective	 design	 of	 combination	 therapies	 requires	 understanding	 of	 the	 principles	

governing	the	gene	expression	in	the	presence	of	multiple	drugs.	However,	measurement	of	

gene	 expression	 changes	 in	 the	 presence	 of	 multiple	 drugs	 is	 usually	 dominated	 by	 the	

changes	 in	 growth	 rate	 due	 to	 the	 increased	 inhibitory	 effect	 (Bollenbach	 and	 Kishony,	

2011;	 O’Duibhir	 et	 al.,	 2014).	 Here,	 I	 introduce	 isogrowth	 profiling,	 a	 framework	 for	

measuring	 the	 gene	 expression	 changes	 in	 drug	 combinations	 while	 keeping	 the	 total	

growth	inhibition	constant.	I	achieve	this	by	measuring	gene	expression	in	the	budding	yeast	

during	 treatment	 with	 two	 small	 molecule	 inhibitors	 present	 at	 varying	 ratios	 while	 the	

absolute	concentrations	are	such	that	the	resulting	growth	inhibition	is	kept	constant.		

To	 this	 end,	 I	 implemented	 an	 automated	 liquid-handling	 system	 capable	 of	 creating	

discretized	 24-by-24-well	 two-drug	 gradient	 spread	 over	 six	 96-well	 microtitre	 plates,	 of	

inoculating	and	culturing	the	cells,	as	well	as	of	monitoring	and	quantifying	the	growth	via	

optical	density	measurement	and	of	re-inoculating	the	cells	at	given	time-intervals	such	that	

the	cells	are	kept	 in	a	narrow	range	of	cell	densities.	 In	this	way,	 I	am	able	to	choose	~20	

cultures	growing	at	a	specific	growth	 inhibition	caused	by	various	ratios	of	 the	two	drugs,	

for	 gene	 expression	 profiling.	 This	 setup	 ensures	 that	 non-drug	 specific	 variation	 such	 as	

nutrient	 content	 or	 growth-rate	 does	 not	 influence	 the	 gene	 expression.	 Compared	 to	

closed	 loop	 systems	 that	 would	 adjust	 the	 drug	 concentrations	 so	 as	 to	 achieve	 specific	

growth	inhibition,	the	2D	gradient	re-inoculation	system	can	also	handle	drugs	with	a	delay	

of	several	hours	in	their	inhibitory	effect.	

Through	 isogrowth	 profiling	 of	 all	 pairwise	 combinations	 of	 four	 small	 molecule	 growth	

inhibitors	of	S.	cerevisiae	 I	 find	that	at	 least	75%	of	all	variation	in	gene	expression	can	be	

attributed	simply	to	changes	in	growth	rate.	This	justifies	the	experimental	expense	involved	

in	 attaining	 precise	 growth-rate	 controlled	 gene	 expression	 data	 in	 order	 to	 study	 the	

effects	of	individual	drugs	and	their	combinations.	Hence,	through	isogrowth	profiling	I	am	

able	 to	 experimentally	 abstract	 gene	 expression	 variation	 due	 to	 growth	 rate	 and	 thus	

observe	drug-	and	drug-combination-specific	expression	effects	in	genes	strongly	influenced	

by	growth	rate,	such	as	those	coding	for	ribosomal	proteins.	

 Isogrowth	 profiling	 separates	 the	 effect	 of	 individual	 drugs	 and	 the	2.4.2

effect	of	drug	combination	

I	 used	 principal	 component	 analysis	 to	 decompose	 the	 gene	 expression	 changes	 along	 a	

growth	 isobole	 into	 interpretable	 contributions.	 I	 found	a	 stereotyped	pattern	of	 the	 first	
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three	 principal	 components	 (PCs),	 which	 in	my	 experiments	 captured	 together	 always	 at	

least	93%	of	variation.	Although	it	is	possible	that	some	individual	genes,	with	function	very	

important	 for	 the	mechanism	of	drug	actions	and	 interactions,	 respond	with	very	 specific	

patterns	not	matching	the	first	three	PC	components,	the	shape	and	functional	attribution	

of	the	first	three	PCs	make	such	scenario	seem	less	likely.	The	first	PC	is	flat,	capturing	the	

gene	expression	change	compared	to	the	uninhibited	growth	due	to	the	change	in	growth	

rate.	The	second	PC	changes	monotonically	from	one	drug	to	another,	suggesting	an	effect	

specific	to	individual	drugs	not	influenced	by	their	interaction.	The	third	PC	is	more	extreme	

in	the	combinations	than	in	single	drugs,	suggesting	an	emergent	gene	expression	behaviour	

caused	by	interaction	of	the	drugs.		

Through	 the	 functional	 enrichment	 of	 genes	 most	 strongly	 governed	 by	 the	 second	 and	

third	PC	 I	 confirmed	 the	attribution	of	 the	PCs	 to	 the	effects	of	 individual	drugs	and	drug	

interactions,	respectively.	The	analysis	of	the	2nd	PC	of	isogrowth	profiling	assays	involving	

small-molecule	 inhibitor	 of	 sphingolipid	 synthesis,	 myriocin,	 identified	 the	 increase	 in	

expression	of	mitochondrial	ribosome	as	the	major	physiological	consequence	of	this	drug.	I	

confirmed	this	result	experimentally	through	observing	a	dramatic	shortening	of	diauxic	lag	

during	transition	from	fermentative	to	oxidative	carbon	source	in	the	presence	of	myriocin,	

indicating	 that	 myriocin	 stimulates	 the	 mitochondrial	 translation	 of	 oxidative	 electron	

transfer	chain	complexes	even	in	the	absence	of	such	need	in	the	fermentative	medium.	

It	 remains	 to	be	 seen	 if	 the	analysis	of	2nd	principal	 component	has	 the	potential	 to	yield	

information	about	 the	mechanism	of	 the	drug	 interactions.	For	example,	 it	 is	 tempting	 to	

think,	that	the	strong	synergism	between	rapamycin	and	myriocin	originates	in	the	fact	that	

while	rapamycin	decreases	the	biogenesis	of	the	cytoplasmic	ribosome,	myriocin	stimulates	

that	 of	 mitochondrial	 ribosome,	 potentially	 further	 exacerbating	 physiological	 balance	

between	cytoplasmic	and	mitochondrial	translation.	Dis-balances	between	activities	of	such	

major	cellular	processes	have	been	previously	shown	to	generally	underlie	drug	interactions	

(Bollenbach	et	al.,	2009).	As	a	further	example,	here	I	identified	an	increase	in	mitochondrial	

protein	 expression	 as	 the	 main	 physiological	 effect	 of	 myriocin	 and	 an	 increase	 in	

proteasome	assembly	as	 the	main	physiological	effect	of	 lithium.	 It	 is	 likely	 that	 the	 stark	

suppression	of	myriocin	by	 LiCl	would	be	exactly	 because	of	 the	 interaction	of	 these	 two	

processes;	indeed,	mitochondrial	biogenesis	and	function	has	been	shown	previously	to	be	

controlled	by	the	ubiquitin-proteasome	system	(Bragoszewski	et	al.,	2017).	

I	used	the	functional	enrichment	analysis	of	the	3rd	PC	component	capturing	the	emergent	

gene	 expression	 to	 find	 genes	 specifically	 up-regulated	 in	 the	 drug	 combinations.	 I	

hypothesized	that	upregulation	of	certain	functional	groups	of	genes	in	combination	might	

not	 always	 be	 adaptive	 but	 rather	 reflect	 non-optimal	 cellular	 response	 to	 combinatorial	

stress	 not	 seen	 previously	 during	 evolution.	 Hence,	 this	 up-regulation	 would	 make	 cells	

more	 resistant	 to	an	unrelated	 third	 inhibitor	 targeting	 the	 specific	pathway,	 leading	 to	a	

predicted	 three-drug	 antagonism.	 Indeed,	my	 analysis	 indicated	 increase	 in	 DNA	 damage	



	

	

checkpoint	genes	due	to	the	combination	of	myriocin	and	cycloheximide	and	I	observed	a	

change	 in	 their	 interaction	 from	 synergism	 to	 antagonism	 in	 the	 presence	 of	 a	 DNA	

damaging	agent	MMS.	The	quantitative	nature	of	the	analysis	allowed	me	to	observe	also	

drug	interaction	effects	for	genes	that	are	otherwise	strongly	influenced	by	growth	rate;	the	

indicated	increase	 in	ribosome	biogenesis	specifically	due	to	 interaction	between	myriocin	

and	 lithium	 chloride	 was	 reflected	 in	 their	 increased	 antagonism	 in	 the	 presence	 of	 a	

ribosomal	 inhibitor,	 cycloheximide.	 Thus,	 isogrowth	profiling	 can	be	expected	 to	 correctly	

and	 quantitatively	 separate	 contributions	 of	 growth	 rate,	 individual	 drugs	 and	 drug	

interactions	even	for	genes	influenced	by	all	three	of	these	influencing	factors.	

It	 would	 be	 interesting	 to	 see,	 besides	 predicting	 higher-order	 drug	 interactions,	 if	

isogrowth	profiling	can	be	used	to	predict	the	evolution	of	resistance	to	drug	combinations.	

For	example,	the	interaction	between	myriocin	and	cycloheximide	resulted	in	up-regulation	

of	mitotic	DNA	integrity	checkpoint.	This	could	potentially	lead	to	decreased	mutation	rates	

in	 the	 drug	 combination	 and	 thus	 to	 slower	 evolution	 of	 resistance.	 Such	 non-obvious	

emergent	consequences	for	resistance	evolution	could	be	of	great	interest	especially	for	the	

bacterial	 field,	 who	 have	 been	 approaching	 this	 subject	 so	 far	 predominantly	 from	 a	

perspective	other	than	that	of	gene	expression	changes	(Bollenbach,	2015;	Kim	et	al.,	2014;	

Michel	et	al.,	2008;	Palmer,	2013;	Yeh	et	al.,	2009).		

 The	shape	of	the	emergent	component	suggests	the	optimal	simplified	2.4.3

version	of	isogrowth	profiling	

Isogrowth	 profiling	 can	 identify	 the	 physiological	 effects	 of	 individual	 drugs	 as	 well	 as	

predict	 certain	 three-way	 drug	 interactions.	 However,	 there	 are	 notable	 experimental	

difficulties	associated	with	isogrowth	profiling	and	challenges	associated	with	its	scaling	to	a	

larger	number	of	drugs.	After	establishing	the	utility	of	isogrowth	profiling,	I	thus	propose	a	

simplified	version	of	isogrowth	profiling.		

In	 a	 large	 screen	 aimed	 at	 identifying	 gene	 expression	 changes	 associated	with	 two-drug	

combinations,	 it	 should	 in	 principle	 be	 possible	 to	 obtain	 information	 similar	 to	 my	

functional	 enrichment	 analysis	 of	 genes	 governed	 strongly	 by	 2nd	 and	 3rd	 principal	

component	 through	 gene	 expression	 measurement	 in	 four	 conditions	 (Figure	 20).	 To	

experimentally	abstract	growth	rate	contribution	and	identify	genes	governed	specifically	by	

individual	 drugs,	 it	 should	 be	 sufficient	 to	 measure	 gene	 expression	 effects	 of	 a	 large	

number	 of	 single	 drugs	 at	 the	 same	 growth	 inhibitory	 level.	 If	 the	 number	 of	 drugs	 is	

sufficiently	large,	the	mean	expression	level	of	these	measurement	should	approximate	the	

expected	gene	expression	at	 the	specific	growth	 inhibition,	and	 the	measurement	 in	each	

drug	normalised	to	this	mean	should	yield	information	similar	to	that	contained	in	the	2nd	

principal	component	gained	my	isogrowth	profiling	experiments.		





	

	

substantial	 variation,	 such	 as	 the	 killing	 effect	 of	 two	 cytotoxic	 anticancer	 drugs,	 the	

activation	 effect	 of	 multiple	 cytokines	 on	 cytotoxic	 T	 cells,	 and	 the	 effects	 of	 multiple	

pluripotency	factors	on	dedifferentiation	of	a	metazoan	cell.	Such	‘isoeffect	profiling’,	where	

the	 overall	 outcome	 is	 kept	 quantitatively	 fixed	 while	 the	 causative	 factors	 are	

combinatorically	varied,	should	become	a	gold	standard	in	perturbative	systems	biology.	
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3 Single-cell	 isogrowth	 proteomic	 profiling	 reveals	 lithium-induced	

bet-hedging	through	splicing	of	a	ribosomal	protein	

3.1 Introduction	

Cell-to-cell	 heterogeneity	 in	 gene	 expression	plays	 a	 crucial	 role	 in	many	population-level	

phenotypic	 characteristics,	 such	 as	 stress-survival,	 evolvability	 or	 bet-hedging	 (Bódi	 et	 al.,	

2017;	Breker	et	al.,	2013;	Eldar	and	Elowitz,	2010;	Holland	et	al.,	2014;	Levy	et	al.,	2012;	Raj	

and	van	Oudenaarden,	2008;	Süel	et	al.,	2006).	The	progress	in	the	study	of	gene	expression	

heterogeneity	in	response	to	external	perturbation	in	the	budding	yeast	has	been,	however,	

piecemeal.	 In	this	chapter,	 I	present	a	single-cell	version	of	 isogrowth	profiling,	translating	

the	 same	 concept	 of	 using	 two	 small	 molecule	 growth	 inhibitors	 in	 various	 ratios	 while	

keeping	 the	 growth	 rate	 constant,	 to	 protein-level	measurements	 in	 single	 cells.	 Using	 a	

genome-wide	library	of	protein-GFP	fusions	(Huh	et	al.,	2003),	coupled	with	measurements	

on	 a	 flow	 cytometer,	 I	 discovered	 a	 drug-induced	 population	 diversification	 in	 the	

expression	 levels	 of	 six	 genes.	 Most	 significantly,	 I	 find	 a	 ribosomal	 protein,	 Rps22B,	

exhibiting	bi-modal	expression	depending	on	the	concentration	of	an	ionic	lithium	chloride.	

I	demonstrate	that	lithium	chloride	induces	a	decrease	in	splicing	of	intron-containing	genes	

that	 preferentially	 affects	 the	 ribosomal	 protein	 genes,	 suggesting	 the	 changes	 in	Rps22B	

protein	 level	 can	be	 attributed	 to	 lithium-induced	 intron	 retention.	 I	 further	demonstrate	

the	 functional	 importance	of	Rps22B	heterogeneity	 in	 that	 subpopulations	expressing	 low	

levels	of	Rps22B	 survive	prolonged	 starvation	 stress	better	 than	Rps22B	highly	expressing	

cells;	however,	if	the	duration	of	the	starvation	stress	is	decreased,	Rps22B	low	expressing	

cells	 take	 longer	 time	 to	 restart	 growth.	 These	 observations	 provide	 evidence	 that	 the	

intron	 excision	 regulatory	 circuit	 has	 the	 capacity	 to	 produce	 two	 stable	 subpopulations	

expressing	different	levels	of	a	ribosomal	protein,	allowing	the	cell	to	bet-hedge	against	the	

duration	of	starvation	stress.	

 Cellular	 heterogeneity	 in	 the	 budding	 yeast	 is	 abundant,	 especially	 in	3.1.1

stationary	phase	and	starvation	

Phenotypic	 heterogeneity	 in	 isogenic	 populations	 has	 in	 recent	 years	 emerged	 as	 an	

important	 trait	 for	 evolution	 and	 response	 to	 rapid	 environmental	 changes	 (Bódi	 et	 al.,	

2017;	Eldar	and	Elowitz,	2010;	Holland	et	al.,	2014;	Raj	and	van	Oudenaarden,	2008;	Süel	et	

al.,	2006).	The	study	of	population	heterogeneity	in	the	budding	yeast,	however,	has	been	

challenging.	Due	to	technical	difficulties	in	lysing	the	thick	cell	wall,	to	date,	there	is	only	a	

single	 single-cell	 RNA	 sequencing	data	 set	 in	 the	budding	 yeast	 (Gasch	 et	 al.,	 2017).	Only	

recently,	a	single-cell	RNA	sequencing	data	of	the	fission	yeast	has	been	obtained,	allowing	

characterisation	of	population	heterogeneity	in	exponential	growth	and	under	stress	(Saint	



	

	

et	al.,	2019),	and	a	single-cell	dataset	of	5’	cap	sequencing	reads	obtained	for	two	strains	of	

budding	yeast	in	rich	medium	(Nadal-Ribelles	et	al.,	2019).	

Nevertheless,	in	recent	years,	the	construction	of	near	genome-wide	libraries	of	strains	with	

single	open	reading	frames	(ORFs)	tagged	to	a	green	fluorescent	reporter	enabled	medium-

throughput	study	of	gene	expression	heterogeneity	 in	yeast	(Huh	et	al.,	2003).	Coupled	to	

automated	microscopy,	while	mostly	used	 to	characterize	 intracellular	protein	 localisation	

(Breker	 et	 al.,	 2013;	 Chong	 et	 al.,	 2015;	 Huh	 et	 al.,	 2003),	 this	 approach	 also	 revealed	

population	 diversification	 under	 nitrogen	 starvation	 (Breker	 et	 al.,	 2013).	 Under	 nitrogen	

starvation,	bimodal	protein	expression	in	the	yeast	population	emerges	for	the	β1	subunit	

of	the	20S	proteasome	Pre3	and	for	a	ribosome-associated	molecular	chaperone	Ssb1.	For	

both	proteins,	the	highly	expressing	cells	in	the	population	had	an	advantage	if	the	duration	

of	 the	 starvation	was	 short	 (24	hrs),	while	 the	 lowly	expressing	 subpopulation	had	higher	

fitness	under	long	starvation	(120	hrs)	(Breker	et	al.,	2013).	On	the	assumption	of	the	right	

quantitative	 tuning	 of	 the	 heterogeneity	 to	 the	 environmental	 nutrient	 variation,	 this	

essentially	 constitutes	 a	 bet-hedging	 mechanism,	 allowing	 the	 isogenic	 population	 to	

diversify	into	specialized	subpopulations,	each	better	suited	for	either	of	the	two	scenarios.		

The	 time-lapse	 version	 of	 automated	 microscopy	 coupled	 with	 ORF-GFP	 library	 further	

revealed	 a	 temporal	 aspect	 of	 population	 heterogeneity	 (Dalal	 et	 al.,	 2014).	 Ten	

transcription	 factors	 exhibit	 under	 various	 conditions	 (high/medium/low	 glucose,	 low	

nitrogen,	 high	 calcium)	 what	 would	 under	 a	 single	 snapshot	 seem	 to	 be	 heterogeneous	

intracellular	 localization	 across	 population.	However,	 time-lapse	 imaging	 showed	 that	 the	

proteins	change	localization	in	pulsatile	manner,	asynchronously	across	population	(Dalal	et	

al.,	2014).	

Microscopic	examination	of	growth	of	yeast	micro-colonies	of	up	to	1000	cells	revealed	the	

presence	of	a	small	sub-population	with	about	40%	smaller	growth	rate	than	that	of	the	rest	

of	 the	population	 (Levy	et	al.,	2012).	Analysis	of	candidate	genes,	 identified	using	existing	

datasets	on	gene-expression	noise	 (Newman	et	al.,	2006)	and	growth	rate	dependence	of	

gene	expression	(Brauer	et	al.,	2008),	revealed	that	the	slow	growing	population	expresses	

highly	 the	 trehalose	 synthase	 Tsl1p,	 protecting	 the	 cells	 against	 heat	 killing	 (Levy	 et	 al.,	

2012).	Thus,	 trehalose	 synthase	expression	constitutes	a	prime	example	of	environmental	

stress	bet-hedging	in	yeast.			

Population	heterogeneity	in	budding	yeast	has	been	further	explored	using	ORF-GFP	library	

coupled	to	flow	cytometry.	Screening	the	whole	library	in	rich	and	minimal	media	revealed	

that	while	house-keeping	genes	have	low	variance	in	the	expression	level	across	population,	

those	 responding	 to	 changes	 in	 environment	 exhibit	 higher	 population	 heterogeneity	

(Newman	et	al.,	2006).	The	propagation	of	heterogeneity	in	protein	expression,	or	“noise”,	

in	 gene	 regulation	 networks,	 has	 been	 used	 to	 characterize	 regulons	 responding	 to	

particular	 environmental	 challenges	 (Stewart-Ornstein	 et	 al.,	 2012).	 Perhaps	 the	 most	

striking	 example	 of	 population	 heterogeneity	 discovered	 using	 ORF-GFP	 library	with	 flow	
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cytometry	was	the	identification	of	38	proteins,	mostly	involved	in	mitochondrial	function,	

showing	 two	 distinct	 fluorescence	 intensity	 peaks	 in	 stationary	 phase	 (Davidson	 et	 al.,	

2011).	 The	 analysis	 using	 the	 citrate	 synthase	 Cit1p	 as	 a	 representative	 of	 these	 proteins	

revealed	that	the	highly	expressing	cells	were	quiescent,	as	opposed	to	the	non-quiescent	

rest	 of	 the	 population.	 Thus,	 cellular	 heterogeneity	 in	 isogenic	 yeast	 populations	 is	

abundant	and	bears	functional	relevance	especially	in	starvation	stress	and	stationarity.	

 The	role	of	the	whole	genome	duplication	in	cellular	heterogeneity		3.1.2

Whole	 genome	 duplication	 (WGD)	 is	 a	 powerful	 tool	 in	 evolution	 for	 rapid	 generation	 of	

genes	available	for	neo-	or	sub-functionalisation	(Ascencio	et	al.,	2017;	Conant	and	Wolfe,	

2008).	The	budding	yeast	S.	cerevisiae,	has	emerged	after	divergence	 from	Kluyveromyces	

waltii	 through	duplication	of	 eight	 ancestral	 chromosomes,	 followed	by	a	 loss	of	 the	 vast	

majority	 of	 duplicated	 genes	 and	 divergence	 of	 a	 single	 copy	 of	 the	 retained	 duplicates	

(Dietrich	et	al.,	2004;	Dujon	et	al.,	2004;	Kellis	et	al.,	2004;	Langkjær	et	al.,	2003;	Wolfe	and	

Shields,	 1997).	 Such	 neo-	 or	 sub-functionalisation	 implied	 from	 sequence	 divergence	 is	

manifested	 in	 acquiring	 new	molecular	 function,	 such	 as	with	 the	 chromatin	 silencer	 Sir3	

evolving	from	origin	of	replication	binding	protein	Orc1	(Bell	et	al.,	1993;	Kellis	et	al.,	2004),	

new	localisation,	such	as	in	mitochondrial	and	peroxisomal	version	of	citrate	synthase	Cit1	

and	Cit2	(Byrne	and	Wolfe,	2005;	Kim	et	al.,	1986),	or	condition	specific	expression,	such	as	

Hms2,	pseudohyphal	growth	factor	expressed	under	nitrogen	starvation	evolved	from	Skn7	

expressed	in	multiple	stresses	(Kellis	et	al.,	2004).	

Intriguingly,	 a	 deletion	 study	 of	WGD	homologues,	 also	 termed	ohnologues,	 showed	 that	

while	 deletion	 of	 the	 ancestral	 ohnologue	 (the	 one	 more	 conserved	 relative	 to	 the	 pre-

duplication	yeast	strain),	was	 lethal	on	average	as	often	as	a	deletion	of	a	non-duplicated	

gene,	 the	 deletion	 of	 the	 evolved	 ohnologue	was	 rarely	 lethal	 in	 rich	medium	 (Gu	 et	 al.,	

2003;	Kellis	et	al.,	2004).	This	suggests	that	the	diverged	gene	might	often	serve	role	specific	

to	suboptimal	conditions,	such	as	nutrient	deprivation	or	other	stresses.	Recently,	evidence	

was	 put	 forward	 for	 sub-functionalisation	 in	 Msn2/4	 transcription	 factor	 pair	 through	

change	 in	 cell-to-cell	 heterogeneity	 in	 expression	of	one	of	 the	ohnologues	–	while	Msn2	

exhibits	stable	expression,	Msn4	is	noisy,	allowing	the	yeast	population	to	better	respond	to	

changing	environments	(Barkai,	conference	presentation).	

 Ribosomal	proteins	are	preferentially	 retained	after	WGD	and	contain	3.1.3

many	introns	

An	intriguing	example	of	a	functional	gene	group	preferentially	retained	after	the	WGD	are	

the	 ribosomal	 proteins.	 Ribosomal	 proteins	 originating	 from	 the	WGD	 are	 retained	 with	

higher	rate	than	the	rest	of	the	genome	–	about	10%	of	surviving	ohnologues	are	encoding	

ribosomal	 proteins,	 while	 these	 account	 for	 less	 than	 4%	 of	 the	 pre-duplication	 genome	



	

	

(Evangelisti	 and	 Conant,	 2010).	 However,	 despite	 reports	 of	 some	 ribosomal	 paralogues	

exhibiting	 localisation	 specific	effects	 (Kim	et	al.,	2009;	Komili	et	al.,	2007),	 the	 functional	

divergence	 of	 these	 proteins	 is	 established	more	 poorly	 than	 for	 the	 rest	 of	 the	 genome	

(Soria	 et	 al.,	 2014).	 Additionally,	 high	 gene-conversion	 rates	 in	 the	 coding	 sequences	

(Evangelisti	and	Conant,	2010),	 leading	to	more	than	95%	sequence	identity	(Parenteau	et	

al.,	2015),	further	suggests	that	it	is	the	regulation	of	expression	level	rather	than	functional	

divergence	that	makes	ribosomal	protein	ohnologues	non-redundant.	

Deletion	of	a	single	ohnologue	of	a	ribosomal	protein	often	leads	to	an	aneuploidy	through	

duplication	 of	 the	 chromosome	 containing	 the	 other	 ohnologue,	 presumably	 as	 a	

consequence	of	gene	dosage	sensitivity	of	ribosomal	proteins	for	fast	growth	(Hughes	et	al.,	

2000b).	 This	 observation	 provides	 further	 evidence	 that	 the	 preferential	 retention	 of	

ribosomal	 proteins	 after	 WGD,	 despite	 their	 sequence	 similarity,	 is	 due	 to	 the	 need	 for	

precise	 control	 of	 gene	 expression	 levels,	 rather	 than	 due	 to	 the	 ohnologues	 having	

diverging	functions.	This	interpretation	of	the	emergence	of	aneuploidies	is	also	consistent	

with	 the	 reports	 of	 need-dependent	 upregulation	 of	 the	 other	 ohnologue	 on	 single-

ohnologue	 deletion	 in	 non-ribosomal	 proteins	 (DeLuna	 et	 al.,	 2010).	While	 under	 normal	

growth	conditions	ribosomal	protein	mRNA	constitutes	more	than	30%	of	the	total	mRNA,	

under	 nutrient	 limitation	 such	 burden	 might	 become	 prohibitive.	 Indeed,	 a	 comparative	

genomics	study	suggested	that	the	emergence	or	loss	of	duplicated	ribosomal	protein	genes	

coincides	with	the	emergence	or	loss	of	stress-dependent	repression	of	ribosomal	proteins	

(Wapinski	et	al.,	2010).	

While	 fewer	 than	5%	of	all	yeast	genes	contain	an	 intronic	sequence	 (Hooks	et	al.,	2014),	

36%	 of	 non-duplicated	 ribosomal	 proteins	 and	 94	 out	 of	 118	 (80%)	 duplicated	 ribosomal	

protein	 genes	 contain	 a	 single	 or	 multiple	 introns	 (Parenteau	 et	 al.,	 2015).	 Splicing	 can	

contribute	to	differential	regulation	of	protein	production;	within	minutes	of	inducing	amino	

acid	starvation,	splicing	of	the	majority	of	ribosomal	proteins	is	inhibited	(Pleiss	et	al.,	2007).	

Rapid	 regulation	 of	 intron	 containing	 transcripts	 is	 a	 more	 general	 phenomenon,	 not	

restricted	 to	 ribosomal	 proteins.	 Specific	 groups	 of	 introns	were	 shown	 to	 be	 retained	 in	

hyperosmotic	 and	 cation-toxic	 stresses	 (Bergkessel	 et	 al.,	 2011),	 and	 while	 most	 intron	

deletions	 exhibit	 little	 to	 no	 phenotype	 (Parenteau	 et	 al.,	 2011),	 growth	 in	 glucose	 or	

phosphate	depletion	revealed	that	 introns	are	necessary	 for	cellular	growth	when	nearing	

stationary	phase	(Parenteau	et	al.,	2019).	Thus,	I	would	hypothesize	that	the	above-average	

retention	 of	 duplicated	 ribosomal	 genes	 and	 the	 preferential	 incidence	 of	 introns	 in	

duplicated	 ribosomal	 genes	 can	 both	 be	 explained	 in	 connection	 with	 evolution	 of	

differential	 regulation	 of	 gene	 expression	 levels.	 As	 further	 evidence	 for	 this	 view,	 the	

splicing	 efficiency	 in	 the	 small	 ribosomal	 subunit	 protein	 genes	 RPS9A	 and	 RPS9B	 is	

paralogue	 specific	 and	 differentially	 affected	 by	 the	 binding	 of	 the	 protein	 product	 S9	

(Petibon	et	al.,	2016).	
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3.2 Methods	

 Screening	the	entire	Yeast-GFP	for	drug-induced	bimodality	3.2.1

The	 whole	 Yeast-GFP	 library	 in	 43	 96-well	 microplates	 was	 screened	 for	 drug-induced	

bimodality	by	culturing	in	four	conditions:	YPD	medium	containing	no	drug,	cycloheximide,	

lithium	 chloride,	 or	 a	 combination	 of	 lithium	 chloride	 and	 cycloheximide.	 The	 screen	was	

divided	 into	 6	 experimental	 batches.	 In	 every	 batch,	 up	 to	 9	 plates	 of	 the	 library	 were	

processed,	with	the	same	strain	being	cultured	in	four	conditions	on	the	same	day	and	on	

the	same	microtitre	plate,	giving	rise	to	up	to	36	microtitre	plates	per	experiment.	Before	

the	 experiment,	 empty	microtitre	 plates	 and	 YPD	medium	were	pre-incubated	 at	 30°C	 to	

ensure	 reproducibility	of	gene	expression	measurements.	 Lithium	chloride,	cycloheximide,	

or	a	mixture	of	the	two,	were	diluted	with	YPD	to	a	final	concentration	needed	to	achieve	

40%	 inhibition	and	ensuring	 that	 in	 the	mixed	condition,	 the	LiCl	 and	cycloheximide	were	

mixed	 in	 an	 equipotent	 manner,	 meaning	 that	 on	 their	 own	 they	 both	 elicited	

approximately	 the	 same	 (smaller)	 growth	 inhibition	 (Table	 2).	 The	 drug	 solutions	 were	

pipetted	 row-wise	 into	 a	 96-well	 microtitre	 plate,	 including	 a	 drug-free	 YPD	 control,	

enabling	the	cultivation	of	24	strains	in	4	conditions	per	microtitre	plate.	The	library	plates	

stored	at	-80°C	were	thawed	and	1.5	μl	saturated	glycerol	stock	of	the	corresponding	strain	

inoculated	 into	 each	 drug-containing	 well.	 0.2	 μl	 of	 the	 saturated	 glycerol	 stock	 was	

inoculated	 into	 drug	 free	 YPD	 as	 a	 control.	 The	 smaller	 inoculum	 size	 was	 designed	 to	

ensure	 comparable	 final	 cellular	 density	 at	 the	 end	 of	 the	 experiment.	 Plates	 were	

incubated	 for	 ~14	 hrs	 in	 an	 automated	 incubator	 (Liconic	 StoreX)	 kept	 at	 30°C,	 >95%	

humidity,	 vigorously	 shaken	 at	 >1000	 rpm.	 During	 the	 incubation,	 OD600	 was	measured	

every	~45	min	in	a	Tecan	Infinite	F500	plate	reader.	In	addition	to	shaking	during	incubation,	

directly	 before	 each	measurement,	 plates	were	 shaken	 on	 a	magnetic	 shaker	 (Teleshake;	

Thermo	Scientific)	at	1100	rpm	for	20	s.	The	growth	rates	were	inferred	by	fitting	a	line	to	

the	log-linear	part	of	OD600	measurements	between	0.01	and	1.	

Condition	 Cycloheximide	[μg/ml]	 LiCl	[mg/ml]	

Cycloheximide	only	 0.10	 0	
Cycloheximide	+	LiCl	 0.050	 6.3	
LiCl	only	 0	 13.5	
YPD	only	 0	 0	

Table	2.	Concentrations	of	drugs	used	in	the	whole	Yeast-GFP	isogrowth	library	screen.	

 Flow	cytometry	measurements	3.2.2

After	 incubation,	 the	 yeast	 cells	 in	 96-well	 microtitre	 plates	 were	 twice	 centrifuged	 at	

1050	g	 for	 3.5	min,	washed	with	 ice-cold	 Tris-EDTA	buffer,	 and	 re-suspended	by	 vigorous	



	

	

shaking	at	1000	rpm	on	a	Titramax	shaker	for	30	s.	The	resulting	samples	of	cells	in	the	total	

volume	 of	 80	 µl	 of	 Tris-EDTA	were	 immediately	 stored	 at	 -80°C.	 On	 the	 day	 of	 the	 flow	

cytometry	measurement,	the	plates	were	thawed	on	ice	for	~3	hrs	and	kept	on	ice	until	the	

measurement.	 The	 fluorescence	 was	 measured	 for	 10,000	 cells	 using	 BD	 FACS	 Canto	 II	

equipped	 with	 high-throughput	 sampler.	 The	 green	 fluorescence	 measured	 in	 FITC-H	

channel	was	normalised	to	forward	scatter	FSC-H	channel.	

 Isogrowth	profiling	of	a	selection	of	strains	in	eight	conditions	3.2.3

Strains	exhibiting	bimodality,	minor	peaks,	or	prominent	changes	 in	gene	expression	were	

manually	 selected	 for	a	more	detailed	 screen.	The	 selected	 strains	were	 re-streaked	 from	

the	Yeast-GFP	library	microtitre	plates	onto	YPD-agar	plates	and	single	clones	for	each	strain	

were	picked	and	cultured	in	a	96-well	microtitre	plate	to	saturation.	Glycerol	was	added	to	a	

final	 concentration	 of	 15%	 and	 the	 plates	 were	 frozen.	 The	 plates	 were	 screened	 in	 8	

conditions	 in	a	way	analogous	 to	 that	described	 in	Section	3.2.1.	and	analysed	using	 flow	

cytometry	as	in	Section	3.2.2.	

 Measurement	of	Rps22B	expression	in	detailed	2D	drug	gradients	3.2.4

The	re-inoculation	setup,	as	in	Section	2.2.1,	coupled	to	flow	cytometry	measurements	was	

used	 to	 measure	 Rps22B	 expression	 in	 detailed	 2D	 gradients	 of	 lithium	 chloride	 and	

cycloheximide,	and	lithium	chloride	and	myriocin.	 In	brief,	Saccharomyces	cerevisiae	strain	

with	RPS22B	gene	fused	to	GFP	protein	from	ORF-GFP	library	(Huh	et	al.,	2003)	was	grown	

in	 YPD	 broth	 in	 a	 conical	 flask	 overnight	 and	 then	 distributed	 into	 a	 96-well.	 Customized	

robotic	 setup	 (Tecan	 Freedom	 Evo	 150)	 with	 8	 liquid	 handling	 channels	 and	 a	 robotic	

manipulator	 was	 used	 to	 produce	 a	 two-dimensional	 discretized	 two	 drug	 24x24-well	

gradient	in	YPD	spread	over	six	96-well	plates	and	to	inoculate	the	yeast	overnight	culture	

to	 final	 optical	 density	 at	 600	 nm	 of	 0.15	 and	 final	 liquid	 volume	 in	 the	 well	 of	 200	μl.	

Working	drug	solutions	were	prepared	either	by	adding	respective	amounts	of	concentrated	

DMSO	 drug	 stocks	 thawed	 from	 -20°C	 storage	 (no	 refreezing)	 previously	 prepared	 from	

stock	 chemicals	 (cycloheximide	 37094,	 myriocin	M1177,	 both	 from	 Sigma	 Aldrich),	 or	 by	

dissolving	directly	in	YPD	and	sterile-filtering	(LiCl,	L9650	Sigma	Aldrich).	The	six	plates	were	

incubated	 for	 three	 iterations,	 each	 lasting	 ~8	 hrs.	 After	 the	 incubation	 the	 cells	 were	

harvested	and	measured	using	flow	cytometry	as	described	in	Section	3.2.2.	

 RNA	extraction	and	sequencing		3.2.5

For	RNA	isogrowth	RNA	sequencing,	S.	cerevisiae	strain	BY4741	was	grown	in	7	conditions	of	

varying	 ratios	 of	 LiCl	 and	 cycloheximide,	 ensuring	 50%	 growth	 inhibition	 and	 in	 YPD	

containing	no	drug.	The	frozen	stock	was	diluted	130-times	into	drug	containing	wells	and	

100-times	more	 into	wells	without	 drug.	 The	 cells	were	 incubated	 as	 in	 Section	 3.2.1	 for	
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~17	hrs	 to	 the	 OD600	 of	 ~0.5.	 Cells	 were	 then	 harvested	 and	 the	 RNA	 extraction	 was	

performed	using	RiboPure	RNA	Purification	Kit	 for	yeast	 (Thermo	Scientific,	AM1926).	The	

extracted	RNA	was	sent	to	the	Next	Generation	Sequencing	Facility	of	the	Vienna	Biocenter	

Core	Facilities,	where	 it	was	 rRNA	depleted	using	 Illumina	Ribozero	Yeast	Kit,	multiplexed	

using	 Illumina	 True	 Seq	 adapters,	 single-end	 50bp	 sequenced	 using	 Illumina	HiSeqV4	 and	

demultiplexed.		

 Intron	retention	analysis	3.2.6

The	 reads	 resulting	 from	 sequencing	 were	 aligned	 to	 annotated	 reference	 S.	cerevisiae	

genome	 R64-2	 using	 TopHat	 (Kim	 et	 al.,	 2013).	 The	 reads	 mapping	 to	 introns	 or	 CDS	 of	

intron-containing	genes	were	quantified	using	featureCounts	(Liao	et	al.,	2014)	using	custom	

produced	.saf	file	extracted	from	the	reference	.gff	annotation	file.	The	intron	retention	rate	

was	 calculated	 as	 the	 ratio	 of	 intron	 counts	 normalised	 by	 the	 intron	 length	 to	 the	 CDS	

counts	normalized	by	the	 length	of	 the	CDS	region.	For	genes	containing	multiple	 introns,	

the	introns	were	treated	separately,	as	were	the	5’	UTR	introns.		

For	 the	 intron	 retention	 analysis	 in	 cells	 entering	 quiescence,	 data	 from	 (McKnight	 et	 al.,	

2015)	 were	 downloaded	 using	 sratoolkit	 (Leinonen	 et	 al.,	 2011)	 using	 accession	 codes	

SRX964177	for	exponentially	growing	cells,	SRX964184	for	diauxic	shift	cells	and	SRX964184	

for	 quiescent	 cells.	 A	 fraction	 of	 reads	was	 aligned	 to	 the	 reference	 genome	R64-2	 using	

HISAT2	 (Kim	et	al.,	2013;	Pertea	et	al.,	2016)	and	 intron	retention	quantified	as	described	

above.	

 Time-lapse	imaging	of	Rps22B-GFP	strain	during	starvation	3.2.7

The	 Rps22B-GFP	 strain	 from	 the	 Yeast-GFP	 library	was	 inoculated	 into	 YPD,	 30°C	 shaking	

overnight.	 In	 the	morning,	 the	 culture	 was	 diluted	 20-fold	 into	 6	mg/ml	 LiCl	 in	 YPD	 and	

incubated	 for	another	~5	hrs.	The	 resulting	culture	was	diluted	10-fold	and	 loaded	 to	 the	

CellASIC	ONIX2	 haploid	 yeast	microfluidic	 plates	 (MerckMillipore)	 at	 55	 kPa	 pressure	 and	

the	 corresponding	 media	 were	 flushed	 in	 a	 timed	 sequence	 at	 10	 kPa	 pressure.	 Spent	

medium	was	produced	by	 incubation	of	 the	Rps22B-GFP	strain	 in	YPD	medium	 for	7	days	

with	 subsequent	 sterile	 filtration.	 The	 specimen	 was	 imaged	 every	 5	 min	 at	 multiple	

locations	with	Nikon	Eclipse	Ti	 inverted	microscope	using	100x	oil	objective	in	a	30°C	cage	

incubator.		



	

	

3.3 Results	

 Experimental	strategy	for	single-cell	isogrowth	profiling		3.3.1

Heterogeneity	of	cellular	response	to	drug	treatment	has	been	increasingly	found	important	

for	the	outcome	of	the	drug	treatment	(Allison	et	al.,	2011;	Balaban	et	al.,	2004;	Bergmiller	

et	 al.,	 2017;	 Dhar	 and	 McKinney,	 2007;	 Gefen	 and	 Balaban,	 2009;	 Harms	 et	 al.,	 2016;	

Mitosch	et	al.,	2017;	Yaakov	et	al.,	2017).	Previous	work	in	bacteria	has	shown	that	in	drug	

combinations,	 the	 gene	 expression	 response	 on	 the	 level	 of	 individual	 genes	 is	 more	

heterogeneous	 than	 in	 single	drug	 treatments	 (Bollenbach	and	Kishony,	2011).	 Therefore,	

we	wondered	to	what	extent	individual	drug	treatments	induce	cellular	heterogeneity	and	if	

combinatorial	drug	 treatment	 is	 likely	 to	 lead	to	higher	heterogeneity	also	 in	a	eukaryotic	

model	organism.	More	specifically,	we	hypothesized	that	while	cells	may	respond	uniformly	

to	 the	 perturbation	 by	 either	 of	 the	 two	 drugs	 alone,	 these	 two	 responses	 might	 be	

mutually	 exclusive	 and	 thus	 lead	 to	 population	 diversification	 (Figure	 21).	 Screening	 for	

bimodal	cellular	responses	to	drug	treatments	could	essentially	reveal	distinct	drug-induced	

cellular	transcriptional	states.	

In	order	to	explore	the	possibility	of	drug-induced	cellular	states,	I	implemented	a	single	cell	

version	 of	 drug-assisted	 isogrowth	 profiling.	 I	 used	 the	 Yeast-GFP	 reporter	 library,	

containing	 4,156	 strains,	 with	 each	 strain	 having	 a	 single	 ORF	 tagged	 with	 a	 green	

fluorescent	 protein	 (Huh	 et	 al.,	 2003),	 coupled	 to	 a	 fluorescent	 measurement	 in	 a	 flow	

cytometer.	I	subjected	each	strain	to	four	conditions:	drug-free	control,	cycloheximide,	LiCl	

and	 a	 combination	 of	 cycloheximide	 and	 LiCl	 (Figure	 22).	 The	 drugs	 are	 mixed	 at	 such	

concentrations	that	the	resulting	growth	inhibition	is	kept	constant	so	as	to	prevent	growth-

rate	 associated	 cellular	 heterogeneity,	 and	 the	 drug-free	 medium	 is	 inoculated	 with	 a	

decreased	 number	 of	 yeast	 cells	 so	 as	 to	 achieve	 comparable	 cell	 density	 at	 the	 end	 of	

incubation	(Figure	23).	Lithium	chloride	and	cycloheximide	were	chosen	due	to	the	technical	

ease	of	handling	–	chemical	stability	on	the	timescale	of	an	experiment	and	their	immediate	

inhibitory	effect	 (cf.	 Figure	3	and	Figure	4).	After	 the	 initial	 screen	of	 the	entire	 library	 in	

four	 conditions,	 genes	 exhibiting	 signs	 of	 bimodal	 response,	 long-tailed	 distributions	 or	

prominent	changes	 in	expression	level,	were	 investigated	in	more	detail	using	seven	drug-

containing	conditions	along	the	growth	isobole	(Figure	22).	
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stress	responses	(Welker	et	al.,	2010),	recently	shown	to	define	a	yeast	persister	population	

(Yaakov	et	al.,	2017).	

Out	of	 the	entire	 library,	only	 the	 ribosomal	proteins	of	 the	40S	 ribosomal	 subunit	Rps9A	

and	 Rps22B	 showed	 behaviour	 consistent	 with	 each	 of	 the	 drugs	 inducing	 a	 different	

response	 by	 itself	 (cycloheximide	 increases	 their	 expression,	 LiCl	 decreases)	 and	 those	

responses	being	mutually	exclusive,	resulting	in	bimodality	in	drug	combination.	Therefore,	I	

investigated	 this	 behaviour	 further	 using	 a	 detailed	 2D	 drug	 gradient	 of	 LiCl	 and	

cycloheximide.	

	

	

Figure	24.	Proteins	with	bimodal	expression	induced	by	LiCl	or	cycloheximide	

Single-cell	 GFP	 intensity	 histograms	 of	 protein-GFP	 fusion	 strains	 exhibiting	 bimodal	 behaviour	

induced	by	either	LiCl,	cycloheximide,	or	their	combination.		

 Rps22B	bimodality	is	induced	by	a	specific	level	of	lithium	chloride			3.3.3

To	 investigate	 further	 the	 bimodal	 expression	 of	 Rps22B	 in	 the	 combination	 of	 LiCl	 and	

cycloheximide,	 I	 adopted	 the	 automated	 re-inoculation	 protocol	 used	 for	 RNA-seq	

isogrowth	profiling	described	 in	Chapter	2.	By	 inoculating	Rps22B-GFP	 fusion	 strain	 into	a	

detailed	24x24	discretised	gradient	of	the	two	drugs,	incubating	the	cells	for	three	iterations	

and	then	measuring	each	well	on	a	flow	cytometer,	I	determined	the	single-cell	expression	

of	Rps22B	in	a	detailed	gradient	of	LiCl	and	cycloheximide.		
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The	 analysis	 of	 single-cell	 expression	 data	 for	 Rps22B	 in	 gradients	 of	 individual	 drugs	

revealed	 that	 rather	 than	 a	 specific	 combination	 of	 LiCl	 and	 cycloheximide	 inducing	 the	

bimodality	 in	 expression,	 it	 is	 a	 specific	 concentration	 of	 LiCl	 that	 induces	 the	 bimodality	

(Figure	25).	Thus,	Rps22B	does	not	match	the	criteria	for	a	protein	that	would	differentially	

respond	to	each	drug	and	a	specific	combination	of	these	two	drugs	would	elicit	bimodality.	

Nevertheless,	since	translation	is	one	of	the	most	fundamental	processes	in	the	living	cell,	I	

decided	to	further	investigate	the	mechanism	and	function	of	lithium-induced	bimodality	in	

Rps22B	expression.		

	

	

Figure	25.	Lithium	chloride	is	sufficient	to	induce	bimodality	in	Rps22B	expression.	

Histograms	of	Rps22B	expression	in	concentration	gradients	of	LiCl	or	cycloheximide.	Increasing	hue	

denotes	increasing	drug	concentration.	While	cycloheximide	increases	expression,	LiCl	decreases	the	

expression,	leading	to	bimodal	expression	at	intermediate	concentrations.		

 The	behaviour	of	Rps22B	under	lithium	treatment	is	consistent	with	3.3.4

that	of	a	bi-stable	switch	

Although	cycloheximide	is	not	necessary	to	induce	bimodality	in	Rps22B	expression	by	LiCl,	

nevertheless,	the	presence	of	cycloheximide	modulates	the	effects	of	LiCl	on	Rps22B	

bimodality	(Figure	26B,	coloured	lines).	If	cycloheximide	is	present,	the	concentration	of	LiCl	

necessary	to	induce	maximum	bimodality	is	greater.	I	hypothesized	that	this	influence	might	

be	either	due	to	cycloheximide	affecting	the	growth	rate	of	the	cells	additionally	to	LiCl	or	

due	to	cycloheximide	influencing	the	average	expression	level	Rps22B.		
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sequencing	 and	 thus	 evaluate	 the	 intron	 retention	 rate.	 I	 found	 that	 lithium	 chloride	

inhibited	 splicing	 in	 many	 genes,	 most	 strongly	 affecting	 the	 ribosomal	 proteins	 (Figure	

29B).	 The	Rps22B	5’-UTR	 intron	was	 among	 the	most	 strongly	 affected	 introns	by	 lithium	

chloride	 treatment.	 The	 5’-UTR	 in	 yeast	 genes	 has	 been	 previously	 implicated	 in	 the	

regulation	of	gene	expression	and	 thus	 it	 is	unsurprising	 that	 retention	of	 intron	 in	 the	5’	

UTR	should	result	in	a	massively	altered	translation	efficiency	(Cuperus	et	al.,	2017;	Dvir	et	

al.,	2013;	Lin	and	Li,	2012).		

 Introns	in	ribosomal	protein	mRNA	are	increasingly	retained	as	the	cell	3.3.6

enters	quiescence	

The	 functional	 role	 of	 introns	 in	 the	 budding	 yeast	 has	 been	 previously	 investigating	 by	

creating	 an	 intron	 deletion	 library	 (Parenteau	 et	 al.,	 2011).	 Intriguingly,	 most	 intron	

deletions	 showed	 only	weak	 phenotypes	 and	 clear	 fitness	 disadvantages	were	 prominent	

only	 in	 a	 competition	 assay	 with	 a	 WT	 strain,	 when	 the	 cells	 were	 allowed	 to	 reach	

saturation	and	 stationary	phase.	 Therefore,	 I	 hypothesized	 that	 intron	 retention	might	be	

important	when	the	cell	is	reaching	stationary	phase.		

	

	

Figure	30. Inhibition	of	splicing	of	ribosomal	genes	prepares	the	cells	for	stationary	phase	and	

quiescence.	

RNA-seq	data	from	(McKnight	et	al.,	2015)	were	re-analysed	for	increase	in	intron	retention	in	cells	

undergoing	diauxic	shit	(left)	and	in	quiescent	cells	from	a	7-day	stationary	culture	relative	to	intron	

retention	rates	in	exponentially	growing	yeast	cells.	The	increase	in	intron	retention	is	most	marked	

for	genes	associated	with	cytoplasmic	translation	marked	in	red.	
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highly	 expressing	 cells,	 thanks	 to	 not	 allocating	 precious	 resources	 to	 unnecessary	

translation.	 Conversely,	 the	 highly	 expressing	 cells	 would	 have	 an	 advantage	 if	 the	

starvation	did	not	come	at	all	or	was	short,	due	to	the	translation	machinery	being	ready	for	

a	quick	re-start	of	exponential	growth.	The	bimodality	 in	expression	of	Rps22B	would	thus	

constitute	 a	 potential	 bet-hedging	 mechanism	 for	 the	 yeast	 facing	 rapidly	 changing	

environment.		

 Lithium-induced	bimodality	 in	Rps22B	allows	 cells	 to	 hedge	 their	 bets	3.3.7

against	the	duration	of	starvation	

To	test	the	hypothesis	that	lithium	induced	intron	retention	in	Rps22B	prepares	the	cell	for	

starvation,	I	implemented	a	microscopic	time-lapse	imaging	microfluidic	setup,	allowing	me	

to	replace	the	medium	while	 imaging	the	cells	 (Methods	3.2.7).	First,	 I	 tested	 if	 in	a	yeast	

population	 heterogeneously	 expressing	 Rps22B	 due	 to	 LiCl	 treatment,	 the	 subpopulation	

expressing	 Rps22B	 lowly	 would	 survive	 starvation	 stress	 better	 than	 the	 Rps22B	 high	

subpopulation.	 Indeed,	after	12	hour	 long	 treatment	with	 spent	medium	and	6	hour	 long	

replenishment	 with	 rich	 medium,	 the	 subpopulation	 of	 cells	 that	 did	 not	 survive	 the	

treatment	and	burst,	was	before	the	starvation	expressing	Rps22B	significantly	more	than	

the	non-bursting	subpopulation	(Figure	32).	

Conversely,	 if	the	duration	of	the	starvation	stress	was	shortened	such	that	there	were	no	

bursting	cells,	the	cells	that	started	budding	within	6	hours	of	nutrient	replenishment	were	

before	the	stress	expressing	Rps22B	significantly	more	than	the	non-budding	subpopulation	

(Figure	33).	Hence,	the	Rps22B	highly	expressing	subpopulation	has	an	advantage	compared	

to	the	Rps22B	lowly	expressing	subpopulation	if	the	starvation	stress	is	short,	and	vice	versa	

if	the	duration	of	the	starvation	is	long.	







	

	

3.4 Discussion	

 Isogrowth	profiling	reveals	drug-induced	cellular	diversification	in	yeast	3.4.1

Population	heterogeneity	in	budding	yeast	in	response	to	chemical	perturbation	has	so	far	

been	explored	only	using	high-throughput	microscopy	combined	with	rapamycin	(Chong	et	

al.,	 2015),	 hypothesis-driven	 low-throughput	microscopy	with	 fluphenazine	 (Yaakov	et	 al.,	

2017)	and	single	cell	RNA	sequencing	with	 low	number	of	cells	 in	salt	stress	 (Gasch	et	al.,	

2017).	However,	a	single-cell	proteomic	study	with	growth-rate	matched	controls	has	been	

missing.	 Here,	 I	 introduce	 single-cell	 version	 of	 isogrowth	 profiling,	 where	 two	 drugs	 are	

used	in	varying	ratios	to	induce	different	chemical	perturbation,	while	the	total	growth	rate	

inhibition	 is	 kept	 constant.	 I	 cultured	 the	 Yeast-GFP	 library	 (Huh	 et	 al.,	 2003)	 under	

cycloheximide,	 lithium	 chloride,	 and	 their	 combinations,	 at	 concentrations	 such	 that	 the	

growth	inhibition	is	~40%,	and	measured	the	fluorescence	of	protein	reporter	fusion	using	

flow	 cytometry.	 I	 discovered	 seven	 genes	 exhibiting	 drug-induced	 bimodal	 distribution	 of	

expression	 levels:	 Aro9,	 Hsp12,	 Tdh1,	 Smi1,	 Cit1,	 Rps9A	 and	 Rps22B.	 Bimodality	 in	 Tdh1,	

Smi1	and	Cit1	was	drug-nonspecific,	in	Aro9	and	Hsp12	was	specific	for	cycloheximide	and	in	

Rps22B	and	Rps9A	specific	to	LiCl.	

The	 expression	 of	 Aro9	 and	 Hsp12	 becomes	 bimodal	 on	 treatment	 with	 cycloheximide,	

while	 the	 growth-inhibition	 matched	 control	 using	 lithium	 chloride	 did	 not	 exhibit	 any	

bimodality.	Aro9	 is	an	aromatic	aminotransferase	 involved	 in	 the	degradation	of	aromatic	

amino	 acids;	 recently	 it	 has	 been	 discovered	 to	 be	 implicated	 in	 the	 production	 of	

tryptophol,	the	quorum	sensing	molecule	in	the	budding	yeast	(Avbelj	et	al.,	2015;	Chen	and	

Fink,	2006;	Sprague	and	Winans,	2006).	The	production	of	tryptophol	has	been	shown	to	be	

auto-stimulatory	 –	 the	 addition	 of	 tryptophol	 to	 the	 yeast	 cells	 strongly	 induces	 the	

expression	of	Aro9	and	Aro10	genes	necessary	for	production	of	more	tryptophol	(Chen	and	

Fink,	2006).	Such	auto-stimulatory	loop	would	be	consistent	with	the	discovery	of	a	bimodal	

expression	 pattern	 of	 Aro9.	 In	 budding	 yeast,	 quorum	 sensing	 is	 used	 as	 a	 signal	 for	 the	

formation	of	the	invasive	form	of	life	of	S.	cerevisiae		–	the	filaments	(Chen	and	Fink,	2006;	

Gimeno	et	al.,	1992;	Liu	et	al.,	1993).	It	should	be	noted,	that	the	commonly	used	laboratory	

strain	 S288c	 has	 been	 selected	 to	 be	 defective	 in	 filamentation;	 the	 studies	 of	 yeast	

filamentation	 and	 quorum	 sensing	 are	 usually	 undertaken	 using	 Σ1278b	strain.	 Thus,	 the	

observation	of	bimodality	of	expression	of	Aro9	should	be	confirmed	in	this	background	in	

order	 to	 exclude	 that	 it	 is	 caused	by	 the	 inability	 of	 the	 yeast	 cells	 to	 filament.	 If	 indeed	

cycloheximide	 treatment	at	 intermediate	 levels	 leads	 to	diversification	of	Aro9	expression	

also	 in	 filamentation-competent	 strains,	 it	 would	 be	 interesting	 to	 see	 whether	 such	

response	 is	 restricted	 to	 the	 inhibition	 of	 translation,	 or	whether	 perhaps	 other	 stresses,	

such	 as	 nitrogen	 or	 carbon	 starvation,	 would	 lead	 to	 similar	 behaviour	 as	 well.	 Such	

characterisation	of	Aro9	response	to	a	variety	of	stresses	would	be	especially	interesting	in	

light	of	a	recent	 finding	that	 in	response	to	the	deletion	of	mitochondrial	DNA,	both	Aro9	
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and	Aro10	are	significantly	downregulated,	unless	 the	protein	kinase	A	signalling	was	also	

inhibited	(Akdoğan	et	al.,	2016).	

It	is	puzzling	to	think	that	a	yeast	population	should	diversify	in	the	production	of	a	quorum	

sensing	molecule.	 So	 called	 cheater	 populations	 have	 been	 described	 in	 bacterial	 species	

that	avoid	the	response	to	a	quorum	sensing	molecule	(Allen	et	al.,	2016;	Dandekar	et	al.,	

2012;	 Popat	 et	 al.,	 2012),	 but	 to	 our	 knowledge,	 no	 report	 so	 far	 has	 described	 the	

avoidance	 of	 the	 quorum	 sensing	 molecule	 production.	 Such	 behaviour	 could	 be	

rationalised	 if	 the	 production	 of	 the	 quorum-sensing	 molecule	 were	 costly,	 which	 is	

plausible	in	the	case	of	tryptophol	and	nitrogen	starvation	conditions.		

Alternatively,	as	a	pure	speculation,	one	can	imagine	that	the	yeast	population	could	have	

evolved	to	have	two	types	of	quorum	sensing	responses	in	face	of	two	different	classes	of	

stresses	–	one	would	lead	to	gradual	increase	in	Aro9,	and	hence,	tryptophol	production	(as	

lithium	 chloride	 does),	 while	 the	 other	 class	 of	 stresses	 would	 lead	 to	 a	 step-like	 strong	

increase	in	Aro9	expression	in	some	but	not	all	cells	(as	is	the	case	for	cycloheximide).	The	

quorum	sensing	machinery	could	thus	respond	additively	if	two	stresses	from	the	same	class	

were	present	and	synergistically	if	two	stresses	from	different	classes	were	present.	Indeed,	

synergistic	 increase	 in	 mean	 Aro9	 levels	 was	 observed	 if	 LiCl	 was	 combined	 with	

cycloheximide,	two	stresses	from	hypothetically	two	different	classes	(Figure	34).	

	

	

Figure	34.	Aro9	expression	increases	synergistically	in	response	to	the	combination	of	LiCl	and	

cycloheximide.	

Mean	protein	levels	of	Aro9	measured	by	flow	cytometry	measured	in	2D	discretized	gradient	of	LiCl	

and	cycloheximide.	
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Since	Hsp12	exhibits	similar	heterogeneity	behaviour	as	Aro9,	having	bi-modal	expression	in	

cycloheximide	while	 staying	 unimodal	 in	 LiCl,	 it	 would	 be	 interesting	 to	 see	whether	 the	

Hsp12-high	 subpopulation	 at	 intermediate	 cycloheximide	 is	 identical	 with	 the	 Aro9-high	

subpopulation.	 In	 light	 of	 recent	 reports	 of	 high	 Hsp12	 expression	 defining	 the	 yeast	

persister	population	(Yaakov	et	al.,	2017),	this	could	potentially	mean	that	persister	cells	are	

the	first	cells	in	the	population	to	release	the	signal	for	filamentation.	

 Lithium	 inhibits	 splicing	 of	 mRNA,	 predominantly	 affecting	 ribosomal	3.4.2

proteins,	leading	to	bi-stable	expression	of	Rps22B	

Since	 protein	 translation	 is	 one	 of	 the	 most	 fundamental	 processes	 in	 the	 living	 cell,	 I	

decided	to	further	investigate	the	induction	of	bimodality	in	40S	ribosomal	subunit	proteins	

Rps9A	 and	 Rps22B,	 focusing	 on	 Rps22B,	 which	 shows	 both	 high	 expression	 and	 clear	

bimodality.	 I	 discovered	 that	 lithium	 chloride	 treatment	 leads	 to	 a	 decrease	 in	 mRNA	

splicing,	 most	 strongly	 influencing	 the	 ribosomal	 proteins	 (Figure	 30).	 Re-analysing	

published	 data	 from	 quiescent	 yeast	 cells,	 I	 found	 a	 similar	 pattern	 of	 increased	 intron	

retention,	 predominantly	 affecting	 ribosomal	 proteins,	 in	 yeast	 entering	 stationary	 phase	

and	quiescence.	This	result	makes	it	seem	plausible	that	the	observed	phenotype	is	a	result	

of	 lithium	 inducing	 quiescence-like	 response,	 and	 thus	 that	 in	 cells	 entering	 quiescence	

there	 is	 also	 population	 diversification	 with	 respect	 to	 Rps22B	 expression.	 However,	 a	

proteomic	study	of	quiescent	cells	did	not	report	such	bimodality	for	Rps22B	(Davidson	et	

al.,	 2011)	 and	 my	 experiments	 with	 yeast	 cells	 entering	 stationary	 phase	 ruled	 out	 this	

hypothesis	 (Figure	 35).	 Thus,	 it	 is	 likely	 that	 the	 observed	 intron	 retention	 under	 lithium	

treatment	 is	 a	 result	 of	more	 direct	 inhibition	 of	mRNA	 splicing	 through	 lithium,	 possibly	

through	the	reported	inhibition	of	exoribonuclease	Xrn1	through	lithium	ions	(Dichtl	et	al.,	

1997).	The	dsRNA-specific	 ribonuclease	Rnt1	cleaves	a	stem-loop	structure	within	the	first	

intron	of	Rps22B,	creating	an	entry	site	for	a	complete	degradation	of	the	transcript	by	Xrn1	

(Danin-Kreiselman	et	al.,	2003).		

It	 remains	 unclear	 which	 of	 the	 introns	 is	 responsible	 for	 the	 observed	 Rps22B	 bimodal	

behaviour.	The	previous	reports	of	stem-loop	structure	in	intron	1	(Danin-Kreiselman	et	al.,	

2003)	as	well	as	the	relatively	greater	increase	in	intron	retention	in	intron	1	would	favour	

the	first	intron.	The	presence	of	a	small	nucleolar	RNA,	snR44	(Figure	36),	especially	in	light	

of	the	nucleolar	localisation	of	the	Rps22B	protein	would	speak	in	favour	of	scrutinizing	the	

intron	 2.	 Experiments	 with	 lithium	 chloride	 applied	 to	 strains	 with	 either	 of	 the	 introns	

deleted	should	provide	a	definitive	answer.	

The	 bimodality	 in	 Rps22B	 expression	 did	 not	 correlate	 with	 growth	 rate	 and	 the	

concentration	of	lithium	necessary	to	induce	maximum	bimodality	could	be	modified	by	the	

presence	 of	 a	 second	 drug.	 The	 population	 behaviour	 of	 Rps22B	 expression,	 however,	

exhibiting	 largest	 bimodality	 at	 a	 fixed	 value	 of	 its	 median	 expression,	 suggests	 that	 the	

expression	 of	 this	 protein	 is	 bi-stable.	 The	 exact	 identity	 of	 the	 cellular	 regulatory	wiring	





	

	

 Bistable	expression	of	Rps22B	allows	the	yeast	cell	to	bet-hedge	against	3.4.3

duration	of	starvation	

Introns	in	the	budding	yeast	genome	play	an	important	functional	role	for	survival	of	cells	in	

stationary	 phase	 or	 when	 challenged	 with	 an	 inhibitor	 of	 TORC1,	 the	 key	 integrator	 of	

growth	 signalling	 (Morgan	 et	 al.,	 2019;	 Parenteau	 et	 al.,	 2019).	 Experimenting	with	 yeast	

populations	with	lithium	induced	bimodality	in	Rps22B,	I	found	that	the	bistable	expression	

of	 Rps22B	 protein	 product	 allows	 the	 cells	 to	 hedge	 its	 bets	 against	 the	 duration	 of	 a	

starvation	stress.	Rps22B	lowly	expressing	cells	are	better	at	surviving	prolonged	starvation	

stress	 (Figure	 32),	 while	 Rps22B	 highly	 expressing	 cells	 re-start	 growth	 quicker	 if	 the	

starvation	 stress	 was	 short	 (Figure	 33).	 Such	 a	 bet-hedging	 mechanism	 was	 previously	

described	under	nitrogen	starvation	for	the	β1	subunit	of	the	20S	proteasome	Pre3	and	for	

a	ribosome-associated	molecular	chaperone	Ssb1	(Breker	et	al.,	2013).	

While	Rps22B	exhibits	bimodality,	its	ohnologue,	Rps22A,	differing	only	in	one	amino	acid	in	

its	 protein	 sequence,	 does	not.	 It	 is	 yet	 to	be	 explored	 if	 the	decrease	 in	Rps22B	protein	

enables	better	survival	in	stationary	phase	simply	through	reducing	the	resource	investment	

of	 the	cell	 in	 ribosomal	protein	and	translation	as	a	whole,	or	 if	 the	ribosomes	containing	

Rps22B	 have	 different	 affinity	 towards	 specific	 transcripts	 than	 Rps22A-containing	

ribosomes.	Such	ribosomal-subunit-specific	mRNA	translation	has	been	previously	reported	

in	mouse	(Shi	et	al.,	2017).	While	considering	the	potential	mechanism	of	protection	against	

starvation	stress,	of	note	should	be	also	 the	stark	 localisation	of	Rps22B	to	nucleolus,	 the	

stress	response	hub	of	the	cell	(Boulon	et	al.,	2010),	where	Rps22B	quickly	disappears	after	

the	induction	of	starvation	and	readily	reappears	after	the	replenishment	of	nutrients.	

While	these	experiments	with	chemical	perturbation	in	yeast	demonstrate	the	existence	of	

a	 gene	 regulation	 circuitry	 in	 the	 yeast	 with	 the	 capacity	 for	 bet-hedging	 against	 the	

duration	 of	 a	 starvation,	 it	 is	 yet	 unclear	 if	 in	 the	 natural	 setting,	 yeast	 actually	 uses	 this	

capacity.	Screening	various	conditions	by	dropping	out	nutrients	from	the	culture	medium,	

observing	 which	 of	 the	 components	 might	 influence	 the	 modality	 of	 Rps22B	 expression,	

might	prove	useful	in	this	respect.	Nevertheless,	these	results	clearly	demonstrate	the	value	

of	measuring	cellular	heterogeneity	 in	 response	 to	chemical	perturbation	 for	 the	 study	of	

gene	regulation	circuitry.	

It	 should	be	noted	 that	with	 the	particular	 combination	of	drugs	used,	 cycloheximide	and	

lithium	chloride,	 I	 did	not	 find	any	 gene	with	bimodality	 induced	 specifically	 by	 the	drug-

combination.	 Such	 drug-combination	 specific	 bimodality	would	 correspond	 to	 a	 situation,	

where	 the	 cells	 respond	 to	 one	 drug	 with	 a	 certain	 gene	 expression	 programme,	 to	 the	

other	drug	with	a	different	gene	expression	programme,	and	these	two	responses	would	be	

mutually	 exclusive.	 The	 cellular	 inability	 to	 respond	 to	 both	 challenges	 could	 be	

hypothesized	to	lead	to	drug	synergism,	and	thus,	drug-combination	induced	bimodality	of	
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gene	 expression	 is	 more	 likely	 to	 be	 found	 when	 screening	 a	 synergistic,	 rather	 than	 an	

additive	drug	pair.		
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4 Sequence-specific	 thermodynamic	 properties	 of	 nucleic	 acids	 influence	

both	transcriptional	pausing	and	backtracking	in	yeast	

This	chapter	 is	based	on	the	(Lukačišin	et	al.,	2017)	publication	done	 in	collaboration	with	

Rishi	Jajoo	and	Matthieu	Landon	with	equal	contribution	from	all	authors.	Figures	and	texts	

are	reproduced	from	the	publication	under	the	CC-BY	4.0	license.	Here,	I	highlight	the	work	

that	 was	 conceptually	 initiated	 by	me,	 most	 of	 all	 that	 in	 Figure	 39C	 and	 E,	 Figure	 40B,	

Figure	 41	 and	 Figure	 42.	 Other	 analytical	 results	 as	 well	 as	 experiments	 inspired	 by	 the	

analytical	work	can	be	found	in	the	doctoral	thesis	of	Rishi	Jajoo	(Jajoo,	2015).	

4.1 Introduction	

Transcription	 is	 one	of	 the	most	 fundamental	 processes	 in	 living	 cells.	 In	 eukaryotic	 cells,	

protein-coding	 genes	 are	 transcribed	 by	 RNA	 polymerase	 II	 (RNAP).	 During	 transcription,	

however,	instead	of	proceeding	with	constant	rate	along	the	gene,	RNAP	is	known	to	pause	

reproducibly	over	many	 sites.	Many	of	 these	pauses	have	been	 implicated	with	biological	

function	(Landick,	2006)	and	thus	the	determinants	of	RNAP	pausing	have	been	a	subject	of	

study.	Nucleosome	positioning	has	been	suggested	as	the	major	determinant	of	pausing	in	

eukaryotic	 cells	 (Churchman	 and	Weissman,	 2011).	 However,	 re-analysing	 published	 data	

capturing	 RNAP	 pausing	 quantitatively	 with	 single-nucleotide	 resolution	 (Churchman	 and	

Weissman,	 2011),	 Rishi	 Jajoo	 in	 collaboration	 with	Matthieu	 Landon	 and	me,	 found	 that	

nucleosome	positions	can	explain	much	less	pausing	then	a	nucleotide	sequence	can	(Jajoo,	

2015).		

In	this	chapter,	 I	present	further	analysis	showing	that	the	sequence	dependence	of	RNAP	

pausing	 can	 be	 explained	 in	 terms	 of	 the	 thermodynamics	 of	 RNA:DNA	 and	 DNA:DNA	

basepairing.	 Unlike	 previous	models	 (Bai	 et	 al.,	 2004;	 Tadigotla	 et	 al.,	 2006),	 we	 use	 the	

difference	 in	 strength	of	 RNA:DNA	basepairing	 versus	DNA:DNA	basepairing	 for	 the	 same	

sequence,	 averaged	 across	 the	 transcribed	 gene	 with	 an	 averaging	 window	 of	 8-nt,	

equivalent	to	the	length	of	RNA:DNA	duplex.	Thus,	we	are	essentially	ignoring	the	size	of	the	

melted	DNA	in	the	transcription	elongation	complex	and	show	that	the	main	determinant	of	

pausing,	as	 inferred	from	high-throughput	data,	 is	 indeed	the	stability	of	RNA:DNA	duplex	

(Kireeva	et	al.,	2000),	however,	relatively	to	the	stability	of	the	same	sequence	in	DNA:DNA	

duplex.	

In	 addition	 to	 pausing,	 RNAP	 is	 known	 to	 exhibit	 backtracking,	 i.e.	 movement	 in	 the	

upstream	direction	 along	 the	 transcribed	 gene,	 implicated	 in	 transcription	 fidelity	 (Sydow	

and	 Cramer,	 2009).	 RNAP	 is	 known	 to	 pause	 during	 this	 backward	 movement	 as	 well	

(Churchman	 and	Weissman,	 2011).	 Here,	 we	 show	 that	 the	 basepairing	 energetic	 profile	

around	a	pause	for	forward	and	backward	movement	of	RNAP	is	the	same,	just	inverted	in	



	

	

direction,	 implying	 that	 the	 same	 thermodynamic	 determinants	 apply	 for	 forward	 and	

backward	movement	of	RNAP.		

Finally,	having	established	a	quantitative	relationship	between	basepairing	thermodynamics	

and	 transcriptional	 pausing,	 we	 could	 infer	 the	 increase	 in	 pausing	 on	 sequences	 with	

suboptimal	basepairing	due	to	transcriptional	errors.	We	find	that	solely	on	thermodynamic	

discrimination,	RNAP	is	5-times	more	likely	to	backtrack	and	cleave	the	3’	end	if	there	has	

been	a	transcriptional	mismatch	compared	to	no	error.	

 The	mechanism	and	function	of	transcriptional	pausing	4.1.1

RNA	polymerase	 II	 (RNAP)	 transcribes	 intermittently,	pausing	and	backtracking	along	DNA	

before	continuing	to	transcribe	(Depken	et	al.,	2013;	Nudler,	2012).	Transcriptional	pausing	

is	 a	 critical	 feature	 of	 gene	 regulation	 (Landick,	 2006)	 and	 is	 involved	 in	 RNA	 splicing	

(Alexander	et	al.,	2010),	transcription	fidelity	(Sydow	et	al.,	2009),	transcription	termination	

(Hyman	and	Moore,	1993)	and	has	been	 implicated	 in	genome	 instability	 (Helmrich	et	al.,	

2013).		

Several	 factors	 have	 been	 demonstrated	 to	 have	 an	 influence	 on	 RNAP	 pausing	 and	

backtracking.	 Nucleosomes	 have	 been	 shown	 to	 elicit	 RNAP	 pausing	 in	 single-molecule	

studies	 (Bintu	 et	 al.,	 2012)	 and	 also	 show	 correlation	with	 high-throughput	 pausing	 data	

(Churchman	 and	 Weissman,	 2011).	 Similarly,	 transcription	 factors	 bound	 to	 DNA	 act	 as	

roadblocks	to	RNA	polymerase	(Mayer	et	al.,	2015).	 Interaction	between	nucleic	acids	and	

the	residues	from	RNAP	influence	both	RNAP	pausing	(Sydow	et	al.,	2009;	Vvedenskaya	et	

al.,	2014)	and	backtracking	(Cheung	and	Cramer,	2011),	as	does	the	structure	of	the	nascent	

RNA	(Hein	et	al.,	2014;	Zamft	et	al.,	2012).	Last	but	not	least,	the	basepairing	strength	of	the	

nucleic	 acids	 inside	 the	 transcription	 bubble	 has	 been	 shown	 to	 be	 a	 determinant	 of	

transcriptional	pausing	experimentally	 (Kireeva	et	al.,	2000;	Nechaev	et	al.,	2010)	and	this	

dependence	 has	 been	 further	 explored	 using	 thermodynamic	 (Tadigotla	 et	 al.,	 2006)	 and	

kinetic	models	(Bai	et	al.,	2004).	

In	the	elongation	phase	of	transcription,	RNAP	transcribes	intermittently	and	RNAP	pausing	

is	often	followed	by	backtracking	(Figure	37).	During	backtracking,	RNAP	moves	upstream	of	

the	initial	pause	site	and	the	3'	end	of	the	nascent	RNA	comes	out	of	the	RNAP	active	site	

into	the	RNAP	backtracking	channel	(Cheung	and	Cramer,	2011;	Churchman	and	Weissman,	

2011;	 Depken	 et	 al.,	 2013).	 The	 elongation	 factor	 TFIIS,	 encoded	 by	 the	 gene	 DST1	 in	

S.	cerevisiae,	then	stimulates	RNAP	to	cleave	the	backtracked	3'	stretch	of	the	nascent	RNA,	

allowing	transcription	to	restart	from	an	upstream	point.		
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Figure	37.	Schematic	diagram	of	RNAP	pausing,	backtracking	and	restart.	

After	initial	pausing	(A),	the	RNAP	backtracks,	extruding	the	3’	end	of	the	nascent	RNA	through	the	

secondary	channel	(B).	The	transcription	factor	TFIIS,	encoded	by	the	gene	DST1,	serves	as	a	cofactor	

and	turns	the	RNAP	into	a	3’->5’	endonuclease	(C),	cutting	the	3’	end	in	the	steps	of	two	nucleotides.	

Reproduced	from	(Eun	et	al.,	2014)	under	CC-BY	4.0	license.	

 Native	 elongating	 transcript	 sequencing	quantifies	 pausing	with	 single	4.1.2

nucleotide	resolution	

Recently,	 a	 new	 technique	 for	 determining	 RNAP	 occupancy	 across	 the	 genome	 (NET-

seq:	Native	Elongating	Transcript	sequencing)	 has	 been	 developed	 (Churchman	 and	

Weissman,	 2011).	 In	 this	 technique,	 RNAP	molecules	 from	 flash-frozen	 cells	 are	 isolated,	

and	 the	 3’	 end	 of	 the	 nascent	 RNA	 associated	with	 RNAP	 is	 sequenced.	Mapping	 of	 this	

sequence	to	the	genome	thus	reveals	information	about	the	position	of	RNAP.	NET-seq	has	

revealed	 that	 RNAP	 pauses	 and	 backtracks	 reproducibly	 at	 over	 105	specific	 locations	 in	

the	Saccharomyces	 cerevisiae	genome.	 The	 causes	 and	 functions	 of	 these	 pausing	 and	

backtracking	events	are	not	yet	fully	understood.	

NET-seq	allows	genome-wide,	single-base	detection	of	both	 the	 initial	 sites	of	polymerase	

pausing	and	 the	subsequent	sites	of	nascent	 transcript	cleavage.	When	performed	on	WT	

cells,	NET-seq	reports	the	backtracked	and	post-cleaved	state,	upstream	of	the	initial	pause;	

in	dst1Δ	strains,	due	to	the	lack	of	TFIIS,	the	3'	end	of	nascent	transcripts	is	left	intact,	and	

NET-seq	 reveals	 the	 site	 where	 RNAP	 paused	 while	 polymerizing	 RNA	 (Churchman	 and	

Weissman,	 2011),	 irrespective	 of	whether	 RNAP	 subsequently	 backtracked	 or	 not.	 In	 this	

work,	 we	 use	 the	 term	 ‘initial	 pause’	 to	 refer	 to	 the	 position	 of	 the	 3’	 RNA	 nucleotide	

sequenced	 in	 the	dst1Δ	strain	 and	 ‘backtracked	 pause’	 to	 refer	 to	 the	 3’	 RNA	 nucleotide	

sequenced	in	the	WT	strain.	

 DNA	sequence	and	its	influence	on	RNA	polymerase	pausing	4.1.3

Because	 nucleosomes	 wound	 on	 DNA	 have	 previously	 been	 investigated	 as	 “roadblocks”	

that	cause	RNAP	pausing	(Churchman	and	Weissman,	2011;	Epshtein	et	al.,	2003;	Mavrich	

et	al.,	2008;	Weber	et	al.,	2014),	Rishi	Jajoo	in	collaboration	with	Mathieu	Landon	and	me	



	

	

(Jajoo,	2015)	tested	whether	measured	nucleosome	positions	could	predict	the	sites	where	

RNAP	 paused.	 Specifically,	 nucleosomes	 are	 thought	 to	 impede	 polymerases	 during	

downstream	movement	 (Churchman	 and	Weissman,	 2011),	 so	 he	 used	 a	 single	 base-pair	

map	 of	 nucleosome	 positions	 (Brogaard	 et	 al.,	 2012)	 and	 aligned	 it	 against	 RNAP	 pause	

locations	 from	dst1Δ	NET-seq	 data.	 As	 previously	 observed	 (Churchman	 and	 Weissman,	

2011),	RNAP	pausing	increases	near	nucleosomes	(Figure	38A).	

To	 better	 quantify	 how	 well	 nucleosome	 positions	 explained	 RNAP	 pausing,	 he	 used	

the	Area	Under	the	Receiver	Operating	Characteristic	curve	(AUC,	which	takes	the	values	1.0	

for	perfect	prediction	and	0.5	for	uninformed	guessing):	he	fitted	the	pause	frequency	near	

nucleosomes	 to	 predict	 RNAP	 pausing	 and	 found	 an	 AUC	 value	 of	 0.54	 (Figure	 38B),	

indicating	 that	 the	 mapped	 nucleosomes	 only	 explain	 a	 small	 fraction	 of	 pausing	

in	S.	cerevisiae.	 It	 is	worth	noting	 that	 this	 result	 is	 consistent	both	with	nucleosomes	not	

having	 a	 strong	 influence	 on	 RNAP	 pausing	 as	 well	 as	 with	 nucleosomes	 being	 a	 strong	

inducer	 of	 pausing	 but	 most	 pauses	 not	 being	 caused	 by	 the	 currently	 mapped	

nucleosomes.	 The	 low	 frequency	 of	 nucleosomes	 relative	 to	 the	 number	 of	 pauses	 likely	

accounts	for	their	low	predictive	power.		

Next,	 Matthieu	 Landon	 examined	 how	 initial	 pausing	 (i.e.	dst1Δ	NET-seq	 data)	 was	

influenced	 by	DNA	 sequence	 at	 the	 site	 of	 the	 pause.	 To	 do	 this	 end	 he	 aggregated	 and	

aligned	the	sequences	surrounding	each	initial	pause	site	to	obtain	a	position	weight	matrix	

(PWM),	 a	 commonly	used	 representation	of	DNA	 sequence	motifs	 (Zhao	et	 al.,	 2012).	He	

then	scored	how	efficiently	DNA	sequence	at	all	 transcribed	 locations	correlated	with	 the	

known	locations	of	RNAP	pausing.	This	analysis	is	similar	to	the	one	performed	on	the	NET-

seq	data	by	Churchman	and	Weissman	 (Churchman	and	Weissman,	2011),	however,	uses	

also	2-nt	PWM	as	opposed	to	only	single	nucleotide	PWM.	

	

Figure	38.	Mapped	nucleosome	positions	explain	only	a	small	portion	of	RNAP	pausing.	

A.	Fraction	 of	 sites	 with	 a	 pause	 as	 detected	 via	 NET-seq	 in	dst1Δ	yeast	 strains	 as	 a	 function	 of	

distance	 from	 the	nearest	 annotated	nucleosome.	 The	 trendline	 represent	 a	 61	base-pair	 running	

average.	B.	Receiver	 operating	 characteristic	 curves	 and	 AUC	 values	 for	 predictions	 based	 on	
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nucleosome	positions,	a	single-base	position	weight	matrix	and	a	nearest-neighbour	position	weight	

matrix.	Reproduced	from	(Lukačišin	et	al.,	2017)	under	CC-BY	4.0	license.	

He	 found	 that	 nucleotide	 sequence	 (extracted	 from	 the	 single-nt	 PWM)	 could	 predict	

pausing	with	an	AUC	of	0.83,	 far	more	 than	 the	nucleosome	positions	could	 (Figure	38B).	

The	 explanatory	 power	 of	 the	 sequence	 increased	 further	 when	 accounting	 for	 possible	

nearest	 neighbour	 nucleotide	 interactions,	 to	 an	 AUC	 of	 0.87.	 Since,	 however,	 using	 the	

PWM	on	its	own	as	a	predictor	offers	little	biological	insight	into	the	mechanism	of	pausing,	

we	sought	to	rationalize	the	sequence	dependence	of	RNAP	pausing.	

4.2 Methods	

 Alignment	4.2.1

Sequencing	 data	 from	 (Churchman	 and	 Weissman,	 2011)	 was	 downloaded	

from	http://www.ncbi.nlm.nih.gov/geo/	via	 GEO	 accession	 number	 GSE25107.	 Sequences	

were	converted	from	.sra	to	.fastq	format	with	sratoolkit	and	were	aligned	to	the	SacCer3	

transcriptome	 data	 (UCSC)	 with	 topHat2	 and	 allowing	 only	 up	 to	 3	mismatches	 for	 each	

alignment.	Non-unique	alignments	were	excluded.	A	custom	python	script	was	used	to	map	

the	 beginning	 of	 each	 read	 to	 positions	 in	 the	 genome	 to	 generate	 bedgraph	 files	 (see	

included	 files).	A	 custom	MATLAB®	 script	was	 then	used	 for	 analysis	 and	 is	 available	 as	 a	

supplement	at	IST	Austria	Data	Repository,	http://dx.doi.org/10.15479/AT:ISTA:45.	

 Pause	calling	4.2.2

Locations	in	coding	regions	with	read	counts	greater	than	4	standard	deviations	above	the	

local	(201	bp)	mean	were	identified	as	pauses.	Analysis	was	also	performed	with	a	cut-off	of	

2	or	6	standard	deviations	with	no	significant	changes	in	the	qualitative	conclusions.	

 Gene	sequences	considered	4.2.3

The	analysis	shown	in	Figure	38,	Figure	39	and	Figure	40B	is	done	considering	all	genes.	For	

the	 backtracking	 analysis	 shown	 in	Figure	 41,	 all	 genes	 were	 considered;	 however,	 only	

such	dst1Δ	pause	 sites,	 for	 which	 there	 exists	 a	 corresponding	 pause	 site	 in	 WT	 dataset	

0-15	nt	 upstream,	were	 considered.	 For	 the	 rest	 of	 the	 analysis,	 in	 order	 to	 decrease	 the	

influence	of	false	negatives	in	calculating	the	predictive	power	(a	pause	site	cannot	be	found	

unless	 the	 region	 is	 transcribed),	 only	 the	 data	 for	 highly	 expressed	 genes	were	 used,	 as	

determined	by	dividing	the	total	NET-seq	reads	for	the	gene	by	the	gene	length;	we	took	the	

genes	with	 a	 higher	 than	 average	 density	 of	 reads,	meaning	we	 perform	 the	 analysis	 on	

~25%	 of	 the	 entire	 dataset.	 As	 no	 selection	 on	 genes	 enriched	 for	 nucleosomes	 was	



	

	

performed,	to	ensure	a	fair	comparison	with	nucleosome	model,	we	computed	the	AUC	for	

the	nucleosomes	on	the	reduced	and	on	the	total	datasets	and	observed	little	difference;	if	

all	genes	are	considered,	the	AUC	of	the	nucleosome	model	for	dst1Δ	is	0.54,	and	the	AUC	

of	the	TEC	energy	model	is	0.63	for	the	WT	dataset	and	0.60	for	the	dst1Δ	dataset.	

For	reasons	of	technical	ease,	all	the	calculations	of	determining	the	average	pause	profile	

and	determining	the	AUC	are	calculated	on	a	concatenated	set	of	sequences	comprised	of	

all	 the	 considered	genes.	Although	 the	points	at	which	 these	concatenations	occur	would	

not	occur	in	the	actual	yeast	genome,	these	edge	effects	constitute	a	very	small	fraction	of	

the	data.	

 Predicting	RNAP	pausing	from	sequence	using	a	position	weight	matrix	4.2.4

To	determine	the	DNA	sequence	specificity	near	pause	sites,	we	aggregated	and	aligned	the	

sequences	 surrounding	 each	 pause	 site	 and	 counted	 the	 frequency	 of	 each	 nucleotide	 at	

each	position	relative	to	the	pause	site.	The	nucleotide	frequencies	at	each	of	the	positions	

were	 computed	 and	 allowed	 construction	 of	 a	 Position	 Frequency	 Matrix	 (nucleotide	

frequencies	 at	 each	 position	 around	 a	 pause	 site).	 This	 matrix	 was	 transformed	 into	 a	

Position	Weight	Matrix	(PWM)	with	a	 log	transformation	of	the	ratio	of	each	frequency	to	

the	overall	frequency	of	nucleotides	in	the	genes	considered.	

The	PWM	was	then	used	to	score	all	query	sequences	from	transcribed	regions:	for	each	the	

nucleotide	in	the	query	sequence,	the	identity	of	the	nucleotide	was	looked	up	in	the	PWM	

table	and	the	scores	were	summed	to	calculate	a	final	score	for	each	query	sequence.	This	

score	assesses	how	close	the	query	sequence	is	to	the	consensus	sequence.	

To	calculate	the	PWM	including	 information	from	nearest	neighbour	sequences,	 the	same	

procedure	 was	 performed	 with	dinucleotide	(instead	 of	 single	 nucleotide)	 information	 at	

each	of	the	positions	instead	of	single	nucleotide.	This	idea	was	previously	used	in	(Zhao	et	

al.,	2012).	

 Basepairing	energy	calculation	4.2.5

Previous	work	has	 shown	 that	 the	energy	 required	 to	melt	 a	 complementary	nucleic	 acid	

duplex	can	be	determined	by	 its	 sequence.	Both	 the	 identity	of	each	base	and	 its	nearest	

neighbor,	 influence	the	energy	required	to	melt	 the	duplex.	By	adding	up	the	values	 from	

the	 dinucleotide	 entries	 Table	 3	 and	 Table	 4,	 calculated	 from	 (SantaLucia,	 1998)	 and	

(Sugimoto	et	al.,	1995),	the	energy	required	to	melt	any	sequence	can	be	determined.	The	

RNA:DNA	and	DNA:DNA	basepairing	energies	were	assigned	to	each	position	in	the	coding	

sequence	using	energy	values	from	nearest	neighbour	model	based	on	experimental	results,	

previously	 reported	 in	 literature	 (SantaLucia,	 1998;	 Sugimoto	 et	 al.,	 1995),	 assuming	 the	
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temperature	 of	 303	 K.	 These	 values	 include	 both	 base	 pairing	 and	 base	 stacking	

interactions.	

	

3’	base	
A	 C	 G	 T	Nearest	5’	

neighbour	
A	 4.95	 7.15	 6.41	 4.22	
C	 6.37	 8.26	 9.92	 5.52	
G	 5.71	 10.06	 8.26	 6.27	
T	 3.10	 6.59	 7.26	 4.95	

Table	3.	Values	for	energy	(kJ/mol)	required	to	break	a	DNA:DNA	basepair,	used	in	RNAP	pausing	

model.		

Energy	 values	were	 calculated	 for	 the	 temperature	 of	 303	 K	 based	 on	 nearest	 neighbour	

model	from	Table	2	in	(SantaLucia,	1998).	

	

3’	RNA	base	
A	 C	 G	 U	Nearest	5’	RNA	

neighbour	
A	 4.87	 9.09	 8.28	 4.43	
C	 4.57	 9.50	 8.49	 4.31	
G	 5.90	 11.79	 13.11	 5.25	
U	 3.22	 6.95	 7.51	 1.97	

Table	4.	Values	for	energy	(kJ/mol)	required	to	break	an	RNA:DNA	basepair,	used	in	RNAP	pausing	

model.	

Energy	 values	were	 calculated	 for	 the	 temperature	 of	 303	 K	 based	 on	 nearest	 neighbour	

model	from	Table	3	in	(Sugimoto	et	al.,	1995).	

	

For	a	given	2-nt	sequence,	the	basepairing	energy	was	assigned	to	the	position	more	3’	of	

the	two,	as	judged	from	the	coding	strand.	For	RNA:DNA,	it	matters	which	nucleotides	are	in	

RNA	and	which	in	DNA—the	coding	strand	was	considered	to	be	in	RNA	and	the	template	

strand	in	DNA	form.	

The	RNA:DNA	basepairing	energy	dataset	(Sugimoto	et	al.,	1995)	was	originally	determined	

in	 conditions	 of	 1	 M	 NaCl,	 10	 mM	 Na2HPO4,	 1	 mM	 Na2EDTA,	 pH	 7.0.	 The	 DNA:DNA	

basepairing	energy	dataset	(SantaLucia,	1998)	was	calculated	unifying	previous	reports	from	

multiple	 different	 conditions	 and	 reported	 to	 be	 in	 good	 agreement	 with	 DNA:DNA	



	

	

basepairing	dataset	measured	by	(Sugimoto	et	al.,	1996),	which	was	measured	in	the	same	

conditions	as	the	RNA:DNA	dataset.	

 Transcriptional	mismatch	analysis	4.2.6

The	basepairing	energies	for	RNA:DNA	mismatches	were	calculated	for	the	temperature	of	

303	K	 using	 energy	 values	 previously	 reported	 in	 the	 literature	 (Watkins	 et	 al.,	 2011)	 for	

rAᐧdA,	 rCᐧdC,	 rGᐧdG	 and	 rUᐧdT	 basepairs	 in	 the	 conditions	 of	 1	M	 NaCl,	 10	mM	Na2HPO4,	

0.5	mM	Na2EDTA,	pH	7.0.	These	energy	values	are	available	only	for	one	out	of	four	possible	

mismatches	 for	 given	 deoxyribonucleotide,	 hence	 our	 analysis	 does	 not	 cover	 the	 entire	

spectrum	 of	 possible	 transcriptional	 errors.	 These	 energy	 values	 reflect	 the	 energy	

contribution	of	internally	mismatched	RNA:DNA	hybrid	(as	opposed	to	terminal	mismatch),	

thus	for	analysis	in	Figure	42	we	calculated	TEC	stability	assuming	a	transcriptional	error	at	

the	 penultimate	 3’	 ribonucleobase.	 This	 corresponds	 to	 a	 situation	when	RNAP	 is	 able	 to	

overcome	 the	 misalignment	 of	 template	 and	 RNA	 hybrid,	 and	 add	 the	 following	

ribonucleotide	correctly	to	the	nascent	strand.	

We	have	calculated	the	mismatched	TEC	stability	difference	(see	below)	for	each	site	in	the	

genome	that	was	considered	 in	 the	pausing	analysis	of	non-mismatched	sequences.	Using	

the	pausing	 vs.	 TEC	 stability	 difference	dependence	 inferred	 from	 the	dst1Δ	NET-seq	data	

depicted	in	Figure	40C	we	have	estimated	the	pausing	in	case	of	an	RNA	mismatch	(Figure	

42	B	and	C).	Using	 the	backtracking	vs.	TEC	stability	difference	dependence	 inferred	 from	

the	 combined	dst1Δ	and	 WT	 dataset	 depicted	 in	Figure	 41B	 we	 have	 estimated	 the	

backtracking	in	case	of	an	RNA	mismatch	(Figure	42	D	and	E).	

 TEC	energy	difference	calculation	4.2.7

The	TEC	 stability	 is	 defined	here	 as	RNA:DNA	basepairing	energy	 for	 a	 specific	 nucleotide	

sequence	minus	the	DNA:DNA	basepairing	energy	for	that	same	sequence	(Figure	40A).	For	

the	dst1Δ	strain,	 the	TEC	 stability	difference	at	position	i	was	 calculated	by	 taking	 the	TEC	

stability	when	bases	i-3	(upstream)	through	i+4	(downstream)	were	in	the	RNA:DNA	hybrid	

and	 subtracting	 it	 from	 the	 TEC	 stability	 when	 bases	i-10	through	i-3	(upstream)	 are	 in	

RNA:DNA	hybrid.	For	the	WT	strain,	the	TEC	stability	difference	was	calculated	by	taking	the	

TEC	 stability	when	 bases	i-14	through	i-7	were	 in	 RNA:DNA	hybrid	 and	 subtracting	 it	 from	

the	TEC	stability	when	bases	i-7	through	i	were	in	RNA:DNA	hybrid.	

These	basepairs	were	chosen	to	1)	match	the	length	of	the	RNA:DNA	duplex	(8	bp)	and	2)	be	

consecutive	and	3)	change	in	sign	at	the	site	where	the	basepairing	energy	profile	(coloured	

lines,	Figure	39	C	and	E)	crossed	the	line	of	null	expectation	(grey	lines,		Figure	39	C	and	E).	

Fitting	 of	 these	 parameters,	 including	 the	 length	 of	 the	 RNA:DNA	 duplex	 or	 considering	

overlapping	or	non-consecutive	 stretches,	 resulted	 in	 the	 same	qualitative	 results	and	did	
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not	sufficiently	 improve	the	prediction	power	of	our	model	to	warrant	the	 introduction	of	

fitting	parameters.	

 Receiver	operating	characteristic	4.2.8

To	determine	the	AUC	value	for	various	models,	the	pause	prediction	true	positive	rate	was	

plotted	against	the	pause	prediction	false	positive	rate,	for	various	threshold	values	of	the	

binary	classifier	specified	by	the	model	and	the	area	under	the	resulting	curve	was	summed.	

The	 true	 positive	 rate	 is	 defined	 as	 the	 number	 of	 correctly	 identified	 positives	 over	 the	

total	number	of	positive	cases,	and	the	false	positive	rate	as	the	number	of	false	positives	

over	the	number	of	all	negative	cases.	

 Nucleosomes	4.2.9

The	 positions	 of	 unique	 nucleosomes	 were	 taken	 from	 supplementary	 table	 S2	 from	

(Brogaard	et	al.,	2012).	

To	create	the	AUC	values	 for	nucleosomes,	 the	probability	of	pausing	as	a	 function	of	 the	

distance	to	the	nearest	nucleosome	(up	to	500	bp)	was	computed.	These	pause	probabilities	

were	 then	 used	 as	 a	 score	 for	 each	 position	 in	 the	 genome.	 Positions	with	 nucleosomes	

greater	than	500	bp	away	were	assigned	a	score	equal	to	the	mean	pause	probability.	

For	WT	pauses	 that	were	 considered	 in	Figure	41,	we	 checked	whether	 long	backtracking	

could	be	predicted	by	these	same	scores	and	found	an	AUC	of	0.53.	

 Statistical	analysis	4.2.10

The	 statistical	 analysis	 (Figure	 39B	 and	 D,	 and	Figure	 42A)	 to	 determine	 p<0.001	 was	

performed	by	selecting	a	number	of	random	sites	(in	the	set	of	genes	considered	in	each	of	

the	 respective	 analysis)	 equal	 to	 the	 number	 of	 pause	 sites	 in	 each	 of	 the	 respective	

analysis,	and	averaged	for	the	quantity	in	question	plotted	on	y-axis	the	same	way	this	has	

been	 done	 for	 the	 pause	 sites.	 This	 procedure	was	 performed	 1000	 times	 and	 the	most	

extreme	 values	 for	 each	 position	 on	 x-axis	 were	 plotted	 as	 a	 grey	 band	 denoting	 the	

p<0.001	limits.	



	

	

4.3 Results	

 Dependence	of	pausing	on	nucleotide	 sequence	 can	be	 rationalized	 in	4.3.1

terms	of	basepairing	energy	

We	reasoned	that	pausing	could	depend	on	sequence	if	RNAP	thermodynamically	favoured	

its	 current	 position	 more	 than	 a	 downstream	 position,	 based	 on	 the	 differences	 in	

basepairing	strength	for	both	the	DNA:DNA	duplex	of	the	genome	and	the	RNA:DNA	duplex	

formed	 inside	RNAP,	 as	 suggested	 in	 previous	 studies	 (Bai	 et	 al.,	 2004;	 Imashimizu	 et	 al.,	

2015;	Kireeva	et	al.,	2000;	Nechaev	et	al.,	2010;	Tadigotla	et	al.,	2006).	We	noted	that	even	

though	 RNA:DNA	 basepairing	 is	 slightly	 more	 energetically	 favourable	on	 average	than	

DNA:DNA	basepairing,	 there	are	many	 sequences	 for	which	 the	opposite	 is	 true,	 allowing	

specific	 sequences	 to	 prefer	 RNA:DNA	 or	 DNA:DNA	 basepairing.	 We	 then	 calculated	 the	

average	 basepairing	 energy	 for	 both	 DNA:DNA	 and	 RNA:DNA	 around	 all	 pause	 sites	 one	

basepair	at	a	time.	To	do	this,	we	used	a	sequence-dependent	nearest	neighbour	model	as	

is	often	used	to	determine	PCR	primer	melting	temperatures	(SantaLucia,	1998;	Sugimoto	et	

al.,	1995)	(see	4.2	Methods).	We	then	averaged	the	melting	energy	for	the	positions	around	

all	pause	sites	to	determine	if	any	systematic	pattern	emerged.	

In	 the	dst1Δ	NET-seq	 dataset—which	 captures	 the	 position	 where	 RNAP	 pauses	 when	

moving	downstream,	 (i.e.	 in	 the	direction	of	 transcription)—we	 found	 that	 the	 sequences	

directly	 upstream	 of	 pause	 sites	 have	 more	 stable	 RNA:DNA	 basepairing	 than	 DNA:DNA	

basepairing	(Figure	39,	A	and	B).	These	are	the	nucleotides	which	would	form	the	RNA:DNA	

hybrid	inside	RNAP.	Further,	in	the	sequence	directly	downstream	of	pause	sites,	RNA:DNA	

basepairing	 is	weaker	 than	DNA:DNA	basepairing.	These	are	 the	DNA:DNA	base	pairs	 that	

would	 need	 to	 be	melted	 for	 the	 polymerase	 to	 continue	moving	 downstream.	 Although	

these	bases	have	not	yet	been	transcribed,	they	seem	to	influence	pausing;	this	observation	

will	 be	 discussed	 further	 below.	 Therefore,	 we	 suggest	 that	 the	 polymerase	 is	 found	 at	

specific	 locations	 in	 NET-seq	 data	 because	 it	 thermodynamically	 favours	 these	 positions	

over	positions	downstream.	

For	 the	 WT	 dataset,	 where	 the	 polymerase	 is	 assumed	 to	 be	 backtracking,	 RNA:DNA	

basepairing	 is	weaker	than	DNA:DNA	basepairing	 in	the	sequence	directly	upstream	(i.e.	 in	

the	direction	of	backtracking)	of	RNAP,	suggesting	that	RNAP	pauses	during	backtracking	at	

positions	it	thermodynamically	favours	over	continuing	its	backtracking.	These	are	the	sites	

where	subsequent	cleavage	mediated	by	TFIIS	 is	most	 likely	to	occur,	and	thus	these	sites	

are	revealed	in	the	WT	NET-seq	dataset.	

If	 the	 difference	 in	 RNA:DNA	 and	 DNA:DNA	 basepairing	 strength	 is	 summed	 over	 the	

presumed	length	of	RNA:DNA	hybrid	of	8	bp	(Cheung	and	Cramer,	2011;	Gnatt	et	al.,	2001;	

Kireeva	et	al.,	2000;	Sydow	et	al.,	2009)	(for	simplicity,	we	assumed	the	length	of	RNA:DNA	

hybrid	to	be	constant),	a	clear	pattern	emerges	for	both	dst1Δ	and	WT	datasets	(Figure	39,	C	
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and	 E).	 Based	 on	 the	 direction	 of	 RNA	 polymerase	movement,	 the	 polymerase	 pauses	 at	

sites	when	the	change	in	RNA:DNA	basepairing	energy	compared	to	DNA:DNA	basepairing	

energy	 is	 greatest.	 Importantly,	 the	 change	 in	 basepairing	 energies	 around	 pause	 sites	

for	dst1Δ	and	WT	 datasets	 looks	 similar	 if	 the	 change	 in	 direction	 of	 RNAP	movement	 is	

accounted	 for	 (Figure	 40B).	 Specifically,	 in	dst1Δ	datasets,	 it	 is	 thermodynamically	

unfavourable	 for	RNAP	 to	move	downstream,	 and	 in	WT	datasets	 it	 is	 thermodynamically	

unfavourable	 for	 RNAP	 to	 move	upstream.	 To	 overlay	 the	 thermodynamic	 landscapes	

between	RNAP	downstream	movement	(dst1Δ)	and	upstream	movement	(WT),	one	has	to	

switch	the	direction	of	the	energy	profiles	and	shift	them	by	~8	nt	(Figure	40B).	The	distance	

between	 the	 5’-end	 and	 the	 3’-end	 of	 the	 RNA:DNA	 hybrid	 is	 ~8	 bp,	 so	 this	 shift	 can	 be	

interpreted	as	an	expected	consequence	of	RNAP	moving	upstream,	when	the	3’-end	rather	

than	the	5’-end	of	the	RNA:DNA	hybrid	is	being	unwound.	Therefore	RNAP	likely	pauses	at	

specific	sites	due	to	the	destabilisation	of	the	TEC	through	weakened	basepairing	inside	the	

TEC.	 Although	 possible,	 it	 is	 unlikely	 that	 transcription	 factors	 bound	 to	 DNA	 could	 also	

result	 in	 such	 a	 pattern	 of	 sequence-dependent	 pausing,	 since	 much	 of	 the	 sequence	

dependence	comes	from	nucleotides	that	are	buried	within	the	RNAP.	



	

	

	

Figure	39.	RNA:DNA	and	DNA:DNA	basepairing	energy	change	near	pause	sites.	

A.	The	 stability	 of	 transcriptional	 elongation	 complex	 is	 influenced	 by	 sequence-dependent	

RNA:DNA	 and	 DNA:DNA	 basepairing	 energies.	B.	Average	 basepairing	 energy	 for	 RNA:DNA	 and	

DNA:DNA	 duplexes,	 around	 initial	 transcriptional	 arrest	 sites	 in	 a	 dst1Δ	strain.	 Each	 pause	 site	 is	

aligned	and	the	basepairing	energy	around	it	is	averaged	for	each	position	separately	over	all	pause	

sites	 considered.	C.	The	 difference	 between	 RNA:DNA	 and	 DNA:DNA	 basepairing	

around	dst1Δ	pause	sites	plotted	as	a	running	sum	over	the	presumed	length	of	RNA:DNA	hybrid	(8	

bp).	 Each	 pause	 site	 is	 aligned	 and	 the	 basepairing	 energy	 for	 a	 stretch	 of	 60	 bases	 around	 it	 is	
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summed	with	a	centred	sliding	window	of	8	bases	and	averaged	over	all	pause	sites	considered.	The	

expectation	 for	 random	 sites	 in	 the	 transcriptome	 is	 plotted	 at	 the	 p	 =	 10−3	level	 (grey	 area).	D.-

E.	Same	as	(B)	and	(C),	respectively,	but	for	sites	of	transcriptional	arrest	as	determined	from	NET-

seq	in	WT	strains	where	RNAP	is	likely	to	be	pausing	while	moving	upstream.	The	dashed	line	marks	

the	front	end	of	the	RNA:DNA	hybrid	in	the	direction	of	RNAP	movement	(arrow).	Reproduced	from	

(Lukačišin	et	al.,	2017)	under	CC-BY	4.0	license.	

 A	 simple	 thermodynamic	 basepairing	 energy	 model	 predicts	 pausing	4.3.2

better	than	nucleosome	positions	do	

To	devise	a	simple	proxy	for	the	transcription	elongation	complex	(TEC)	stability	that	could	

predict	pausing,	we	compute	 the	difference	between	the	stability	of	RNA:DNA	hybrid	and	

the	 stability	 of	 the	 same	 sequence	 if	 in	 a	 DNA:DNA	 duplex	 (Figure	 40A).	 We	 used	 the	

difference	 between	 the	 TEC	 stability	 several	 bases	 upstream	 and	 downstream	 of	 each	

position	(ΔTEC	in	Figure	40B,	see	4.2	Methods)	to	predict	the	probability	of	RNAP	pausing	at	

each	position	 in	 the	genome	without	 fitting	any	parameters.	Our	 simple	metric	omits	 the	

complex	energy	contribution	caused	by	the	unpaired	DNA	bases	upstream	and	downstream	

of	RNA:DNA	hybrid	interacting	with	the	amino	acids	from	RNAP.	Nevertheless,	the	inferred	

TEC	 energy	 difference	 correlated	 extremely	 well	 with	 the	 likelihood	 of	 pauses	 in	 both	

the	dst1Δ	and	WT	 NET-seq	 data	 (Figure	 40C).	 The	 AUC	 for	 this	model	 based	 only	 on	 the	

calculated	 basepairing	 energy	 (0.63)	 was	 higher	 than	 for	 the	 nucleosome	 model	

for	dst1Δ	(0.54).	This	difference	allows	greater	than	20%	more	true	positives	at	a	given	level	

of	 false	 negatives	 than	 the	 nucleosome	 model	 (Figure	 40D).	 The	 model	 also	 captures	 a	

sizeable	 portion	 of	 all	 possible	 sequence	 related	 pausing	 as	 determined	 by	 the	 nearest	

neighbour	PWM	(0.87)	(Figure	40D).	The	predictive	capability	of	the	PWM	model	represents	

a	 maximum	 for	 any	 sequence-related	 measure	 since	 it	 is	 built	 using	 direct	 sequence	

information	from	the	pauses.	Thus,	there	are	likely	other	sequence-related	effects	included	

in	the	PWM,	which	also	influence	RNAP	dynamics	and	are	absent	in	our	energy	model.	



	

	

	

Figure	40.	Change	in	the	difference	between	RNA:DNA	and	DNA:DNA	basepairing	strength	is	a	

good	predictor	of	RNAP	pausing.		

A.	The	transcription	elongation	complex	(TEC)	contains	an	RNA:DNA	hybrid	that	takes	the	place	of	a	

DNA:DNA	 duplex	 as	 the	 polymerase	 transcribes;	 we	 define	 the	 TEC	 stability	 as	 the	 difference	

between	 the	 energy	 required	 to	 melt	 these	 two	 structures.	B.	 Assuming	 an	 8	 bp	 long	 RNA:DNA	

hybrid,	the	average	TEC	stability	 is	plotted	around	dst1Δ	and	WT	pause	site	as	 in	Figure	39C	and	E.	

Note	 that	WT	data	 is	 plotted	on	an	 inverted	and	 shifted	 secondary	 axis.	 This	 shows	 the	 similarity	

between	the	TEC	stability	profiles	if	we	assume	that	RNAP	is	moving	upstream	when	captured	by	WT	

NET-seq	 and	 moving	 downstream	 in	dst1Δ	NET-seq.	C.	The	 fraction	 of	 sites	 with	 a	 pause	 for	 the	

highly	expressed	genes	 (see	4.2	Methods)	as	a	 function	of	TEC	stability	energy	difference	at	 those	

sites	 (ΔTEC,	 as	 defined	 in	 B).	 Inset:	 Same	 data	 with	 a	 logarithmic	 axis	 to	 show	 that	 the	 odds	 of	

pausing	 increase	 exponentially	 with	 ΔTEC.	D.	 Receiver	 operating	 characteristic	 curves	 and	 AUC	

values	 for	 transcription	 pause	 sites	 using	 different	models.	 The	 curves	 for	 position	weight	matrix	

(PWM)	models	 are	 those	 for	nearest-neighbour	PWMs	 to	ensure	 fair	 comparison	with	 the	energy	

model	which	also	considers	nearest	neighbour	interactions.	Reproduced	from	(Lukačišin	et	al.,	2017)	

under	CC-BY	4.0	license.	
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 The	incidence	of	backtracks	depends	on	nucleotide	basepairing	4.3.3

Having	 determined	 a	 feature	 of	 DNA	 sequences	 that	 can	 predict	 RNAP	 pausing	 during	

downstream	movement	(dst1Δ)	as	well	as	during	upstream	movement	(WT),	we	next	asked	

whether	 this	 sequence	 feature	 could	 also	 predict	 the	 propensity	 of	 RNAP	 to	 enter	 into	

backtracking	 after	 an	 initial	 pause.	 This	 is	 of	 biological	 interest	 since	 RNAP	 backtracking	

increases	 transcriptional	 fidelity	 (Nudler,	 2012),	 but	 long	 backtracking	 excursions	 also	

promote	genome	instability	(Dutta	et	al.,	2011).	

	

	

Figure	41.	Energy	barrier	from	basepairing	positively	correlates	with	long	backtracks.	

A.	After	 an	 initial	 pause,	 RNAP	 often	 backtracks.	 Pause	 sites	 from	dst1Δ	data	 were	 considered	 as	

leading	to	‘no/short	backtracking’	if	there	was	a	corresponding	pause	site	in	the	WT	NET-seq	dataset	

0	or	1	bases	upstream	and	as	 leading	 to	 ‘long	backtracking’	 if	 the	closest	upstream	WT	pause	site	

was	2	to	15	bases	away.	If	there	was	no	pause	in	the	WT	dataset	in	the	region	0–15	bases	upstream	

from	 the	dst1Δ	pause	 site,	 the	dst1Δpause	 was	 not	 included	 in	 the	 analysis.	B.	The	 fraction	

of	dst1Δ	pauses	 that	 lead	 to	 long	 backtracks	 (2	 to	 15bp)	 is	 plotted	 against	 the	 energy	 barrier	 as	

defined	 for	dst1Δ	in	 Figure	 40C.	C.	Receiver	 operating	 characteristic	 curves	 and	 AUC	 values	 of	

predicting	 long	backtracking	 in	WT	data	from	dst1Δ	pause	sites	 is	shown	for	the	energy	model	and	

for	nucleosomes.	Reproduced	from	(Lukačišin	et	al.,	2017)	under	CC-BY	4.0	license.	

Since	the	dst1Δ	NET-seq	dataset	shows	the	positions	of	initial	pauses,	and	the	WT	NET-seq	

dataset	shows	the	sites	where	the	cleavage	of	3’	end	of	backtracked	RNA	by	TFIIS	occurred	

(Churchman	and	Weissman,	2011),	comparing	the	pause	sites	 in	these	two	datasets	offers	

the	opportunity	to	classify	the	pauses	in	the	dst1Δ	dataset	as	leading	to	backtracking	or	not.	

Pauses	 in	 the	dst1Δ		 dataset	 for	which	 there	 is	 a	 pause	 in	 the	WT	 dataset	 that	 is	 0–1	 nt	

upstream	were	 considered	 non-backtracking	 (63.9%	of	 total	dst1Δ	 pauses).	 Pauses	 in	 the	

dst1Δ	dataset	for	which	there	is	a	corresponding	pause	in	the	WT	dataset	between	2	and	15	

nucleotides	 upstream	 were	 considered	 backtracking	 (35.7%	 of	 total	dst1Δ	pauses,	Figure	

41A).	 We	 found	 that	 pauses	 with	 higher	 ΔTEC	 were	 more	 likely	 to	 exhibit	 backtracking	

Figure	41B).	This	correlation	between	higher	ΔTEC	and	backtracking	was	far	more	predictive	

than	 nucleosome	 positions	 were	 (Figure	 41C).	 Therefore,	 sequences	 with	 higher	 TEC	



	

	

stability	 differences	not	 only	 cause	more	RNAP	pauses,	 but	 also	 cause	backtracking	more	

often	after	the	initial	pause.	

 Using	 basepairing	 energy	 model	 to	 estimate	 thermodynamic	4.3.4

discrimination	against	transcriptional	errors	

RNA	polymerase	II	has	an	estimated	error	rate	of	less	than	10−5,	much	less	than	what	would	

be	expected	by	simple	Watson-Crick	basepairing	(Sydow	and	Cramer,	2009;	Thomas	et	al.,	

1998).	RNAP	achieves	its	additional	fidelity	using	proofreading	mechanisms	including	RNAP	

pausing	 and	 backtracking.	 Incorporation	 of	 an	 incorrect	 RNA	 base	 triggers	 backtracking,	

followed	 by	 3’	 end	 cleavage	 and	 re-synthesis	 of	 RNA.	 Error	 recognition	 followed	 by	

backtracking	 is	 reported	 to	 be	 based	 both	 on	 kinetic	 discrimination	 (Sydow	 and	 Cramer,	

2009;	 Sydow	et	 al.,	 2009)	—	an	 incorrect	base	decreases	 the	 rate	of	 addition	of	 the	next	

nucleotide	 —	 as	 well	 as	 on	 thermodynamic	 discrimination	 (Nudler,	 2012)	 —	 a	 mis-

incorporated	base	has	a	low	base-pairing	energy,	destabilizing	the	transcription	elongation	

complex	and	biasing	RNAP	toward	pausing	and	backtracking.	We	reasoned	that	this	RNAP	

backtracking	 during	 the	 proofreading	 of	 a	 transcriptional	 error	might	 also	 depend	 on	 the	

same	 basepairing	 thermodynamics	 as	 during	 error-free	 transcription	 as	 inferred	 in	 our	

model.	

We	 thus	 compared	 the	 ΔTEC	 energy	 that	 elicits	 a	 long	 backtrack	 (Figure	 41),	 to	 the	

magnitude	 of	 thermodynamic	 destabilization	 of	 RNA:DNA	 hybrid	 by	 incorporation	 of	 an	

incorrect	 RNA	 base	 (Figure	 42).	 Predicted	 solely	 due	 to	 thermodynamic	 destabilization,	

RNAP	 is	 about	 3-times	 as	 likely	 to	 pause	 and	 about	 1.6-fold	more	 likely	 to	 backtrack	 and	

perform	TFIIS	mediated	3’-end	cleavage	following	the	pause	when	there	is	an	incorrect	RNA	

base	 incorporated	compared	to	 the	situation	when	there	 is	no	error.	Consequently,	RNAP	

would	 be	 about	 5-times	 as	 likely	 to	 cleave	 a	 3’	 stretch	 of	 nascent	 RNA	 if	 it	 contains	 an	

incorrect	base	compared	to	a	situation	with	no	error,	resulting	in	increased	fidelity.	

Such	a	rough	comparison	suggests	that	RNAP	can	indeed	discriminate	against	transcriptional	

errors	 thermodynamically.	 However,	 the	 ~5-fold	 level	 of	 discrimination	 suggests	 that	 if	

TFIIS-dependent	proofreading	is	to	decrease	RNAP	error	rate	by	e.g.	10%,	i.e.	1	in	10	errors	

gets	 corrected,	 RNAP	would	 have	 to	 pause	 and	 backtrack	 on	 average	 once	 every	 ~50	 nt	

even	 in	 the	 absence	 of	 an	 error.	 Consequently,	 the	 reproducible,	 ubiquitous	 pausing	 of	

RNAP	 throughout	 the	 genome	even	 in	 the	absence	of	 errors	might	be	a	 trade-off	 for	 the	

contribution	of	TFIIS-dependent	proofreading	to	the	high	fidelity	of	RNAP.	
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Figure	42.	Decreased	TEC	stability	due	to	transcriptional	error	is	predicted	to	result	in	~5-fold	more	

pausing	followed	by	backtracking	compared	to	a	situation	without	an	error.	

A.	Distribution	of	TEC	stabilities	after	transcriptional	error	(red)	have	been	calculated	considering	an	

RNA:DNA	mismatch	 at	 penultimate	 3’	 RNA	 base	 using	 previously	 reported	 thermodynamic	 values	

(Watkins	et	al.,	2011).	B.	The	odds	of	pausing	during	 forward	movement	of	RNAP	as	a	 function	of	

TEC	stability	difference,	as	inferred	from	NET-seq	(green,	cf.	Figure	40C	inset)	was	used	to	infer	odds	

of	 pausing	 in	 case	 of	 RNA:DNA	 mismatch	 (red).	C.	 Predicted	 odds	 of	 pausing	 for	 mismatched	

RNA:DNA	hybrid	from	the	 left	part	of	panel	 (B.)	transformed	into	the	fraction	of	sites	predicted	to	

have	a	pause.	D.	The	odds	of	a	backtrack	following	a	transcriptional	pause	being	a	long	backtrack	as	

a	 function	of	TEC	stability	difference,	as	 inferred	 from	NET-seq	 (green,	cf.	Figure	41B)	was	used	to	

infer	 the	 odds	 of	 long	 backtracking	 following	 a	 pause	 in	 case	 of	 RNA:DNA	 mismatch	

(red).	E.	Predicted	 odds	 of	 long	 backtracking	 following	 a	 pause	 for	 mismatched	 RNA:DNA	 hybrid	
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from	the	left	part	of	panel	(D.)	transformed	into	the	fraction	of	backtracks	that	are	long	backtracks	

(2–15	bases).	Reproduced	from	(Lukačišin	et	al.,	2017)	under	CC-BY	4.0	license.	

4.4 Discussion	

 RNA:DNA	 basepairing	 compared	 to	 DNA:DNA	 basepairing	 determines	4.4.1

transcriptional	pausing	

In	the	present	study	we	find	that	RNAP	pauses	at	specific	and	ubiquitous	DNA	sequences	for	

thermodynamic	reasons.	RNAP	essentially	operates	as	a	Brownian	ratchet	(Abbondanzieri	et	

al.,	 2005).	 As	 it	 transcribes	 and	 moves	 downstream,	 DNA:DNA	 base	 pairs	 ahead	 of	 the	

polymerase	 are	broken	and	 replaced	with	RNA:DNA	base	pairs	 inside	of	 the	 transcription	

elongation	complex	 (TEC).	Upon	 further	downstream	movement,	 the	RNA:DNA	base	pairs	

are	broken	as	 the	nascent	RNA	exits	 from	RNAP	and	 the	DNA:DNA	duplex	 reforms.	 Since	

both	RNA:DNA	and	DNA:DNA	basepairing	energies	are	sequence-specific,	the	propensity	of	

RNA	 polymerase	 for	 forward	 movement	 is	 likely	 to	 be	 influenced	 by	 changes	 in	

thermodynamic	 stability	 due	 to	 the	 nucleotide	 sequence.	 By	 analysing	 the	 pause	 sites	

uncovered	 in	NET-seq	datasets,	we	 found	 that	RNAP	pauses	where	 its	 current	position	 in	

the	S.	cerevisiae	genome	 is	 thermodynamically	 favoured	 over	 the	 position	 further	 in	 its	

direction	 of	 movement.	 We	 find	 this	 to	 be	 the	 case	 both	 for	 RNAP	 pausing	 while	 the	

polymerase	 transcribes	 and	 moves	 downstream,	 as	 well	 as	 for	 RNAP	 pausing	 while	 the	

polymerase	backtracks	and	thus	moves	in	the	upstream	direction.	

The	similarity	of	basepairing	energy	profiles	around	pauses	 in	WT	and	dst1Δ	suggests	 that	

the	underlying	physical	mechanism	of	RNAP	pausing	due	to	nucleotide	sequence	is	the	same	

irrespective	of	whether	 the	polymerase	moves	 forward	 (dst1Δ	dataset)	or	backwards	 (WT	

dataset).	 It	 also	 provides	 further	 evidence	 that	 NET-seq	 of	WT	 yeast	 strain	 captures	 the	

RNAP	in	the	backtracked,	post-cleavage	state	and	thus	that	the	restart	of	transcription	after	

TFIIS	cleavage	is	the	rate	limiting	step	during	proofreading,	as	originally	inferred	only	from	

the	relative	shifts	between	WT	and	dst1Δ	NET-seq	data	(Churchman	and	Weissman,	2011).	

It	is	intriguing	to	think	that	the	RNA:DNA	basepairing	strength	ahead	of	the	actual	position	

of	 RNA:DNA	 hybrid	 should	 influence	 RNA	 polymerase	 to	 stall	 as	 it	 does	 in	 our	 model,	

especially	in	the	case	of	initial	RNAP	pausing	while	moving	in	5’	to	3’	direction.	One	way	for	

the	RNAPII	 in	a	dst1Δ	yeast	 strain	 to	directly	 sample	 the	RNA:DNA	basepairing	strength	of	

this	 downstream	 stretch	 is	 to	 synthesize	 RNA	 over	 this	 region	 and	 then	 perform	 3’→5’	

cleavage	using	its	intrinsic	exonuclease	activity	even	in	the	absence	of	TFIIS	(Weilbaecher	et	

al.,	 2003).	 Alternatively,	 the	 basepairing	 strength	might	 reflect	 an	 allosteric	 effect	 of	 the	

downstream	 DNA	 duplex	 being	more	 difficult	 to	 unwind.	 The	 dependence	 of	 pausing	 on	

RNA:DNA	basepairing	strength	is	less	surprising	for	pausing	during	backtracking,	since	RNAP	
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in	this	case	moves	over	a	stretch	of	RNA	already	synthesized,	and	thus	directly	probes	the	

differences	in	RNA:DNA	basepairing	over	a	given	region.	

The	 role	 of	 RNA:DNA	 hybrid	 strength	 in	 transcriptional	 processivity	 is	 well	 established	

(Kireeva	et	al.,	2000;	Nechaev	et	al.,	2010;	Nudler	et	al.,	1997).	However,	here	we	find	that	

in	order	to	predict	transcriptional	pausing,	the	stability	of	the	RNA:DNA	hybrid	compared	to	

the	 stability	 of	 DNA:DNA	 duplex	 of	 the	 same	 sequence	 has	 to	 be	 considered.	 Such	

thermodynamic	predictions	are	far	more	accurate	than	nucleosome	positions	at	predicting	

where	 RNAP	 will	 pause.	Moreover,	 the	 strength	 of	 the	 energy	 barrier	 causing	 the	 initial	

arrest	of	RNAP	can	predict	how	likely	RNAP	is	to	backtrack.	

 Inferring	entry	into	backtracking	from	a	whole-genome	thermodynamic	4.4.2

model	

In	addition,	classifying	pauses	into	short	backtracks	of	0–1	bp	and	long	backtracks	(2–15	bp),	

we	find	that	long	backtracks	are	more	likely	at	positions	where	forward	movement	of	RNAP	

is	 highly	 energetically	 unfavourable	 when	 considering	 the	 energetic	 costs	 of	 making	 and	

breaking	the	oligonucleotide	duplexes	required	to	continue	forward	movement.	Since	NET-

seq	 is	 a	 snapshot	 technique	and	 cannot	directly	measure	 the	 trajectories	and	 lifetimes	of	

single	pauses	and	backtracks	(Depken	et	al.,	2009),	further	single-molecule	experiments	and	

biochemistry	will	be	needed	to	continue	validation	of	these	ideas.	

Other	 work	 has	 suggested	 specific	 kinetic	 landscapes	 to	 explain	 RNAP	 pausing	 and	

backtracking,	often	using	single-molecule	in	vitro	measurements	of	RNAP	to	 inform	or	test	

the	models	(Bai	et	al.,	2006).	In	this	work,	we	use	in	vivo	data	that	is	a	snapshot	over	many	

different	 transcriptional	 events	 and	 therefore	 not	 directly	 comparable	 to	 kinetic	 models.	

Using	NET-seq	data	and	assuming	that	the	number	of	3’	ends	of	nascent	RNA	mapped	to	a	

location	in	the	genome	is	proportional	to	the	amount	of	time	this	nascent	RNA	exists	during	

transcription	 (i.e.	 assuming	 ergodicity),	 we	 are	 instead	 able	 to	 more	 directly	 detect	

thermodynamic	influences	on	RNAP	dynamics	(Tadigotla	et	al.,	2006)	on	the	whole-genome	

level.	

Other	 models	 have	 also	 suggested	 that	 the	 folding	 of	 nascent	 RNA	 as	 it	 exits	 the	

transcription	bubble	may	influence	the	RNAP	pausing	and	backtracking	(O’Maoiléidigh	et	al.,	

2011),	 however,	 our	 model	 did	 not	 examine	 this	 effect	 as	 the	 prediction	 of	 co-

transcriptional	folding	of	RNA	has	been	challenging	(Proctor	and	Meyer,	2013).	Recent	work	

(Lucks	et	al.,	2011)	could	provide	interesting	directions	for	further	study.	



	

	

 Sequence-dependent	model	 allows	 computational	 study	 of	 functional	4.4.3

roles	of	sequence-encoded	RNAP	pausing	

The	advantage	of	our	thermodynamic	model	of	RNAP	pausing	is	that	it	depends	only	on	the	

nucleotide	 sequence,	 allowing	 the	 prediction	 of	 sequence-dependence	 RNAP	 pausing	

genome-wide	with	little	effort.	

In	 light	 of	 the	 results	 presented	 in	 Chapter	 3:	 ‘Single-cell	 isogrowth	 proteomic	 profiling	

reveals	 lithium-induced	 bet-hedging	 through	 splicing	 of	 a	 ribosomal	 protein’,	 it	 would	 be	

interesting	 to	 see	 whether	 transcriptional	 pausing	 changes	 in	 the	 yeast	 introns	 in	

preparation	for	starvation.	It	has	been	shown	that	efficient	splicing	requires	a	strong	pause	

following	the	transcription	of	the	3’	end	of	the	 intron	(Oesterreich	et	al.,	2016).	Using	our	

thermodynamic	model,	it	would	be	interesting	to	see	to	what	extent	this	pausing	is	encoded	

in	 the	 sequence	of	 intron	 containing	 genes	 in	 yeast.	Another	 interesting	 aspect	would	be	

whether	 in	 starvation,	 the	 pausing	 dependence	 on	 the	 ΔTEC	 energy	 difference	 changes,	

implying	 starvation-related	 posttranslational	 structural	 modification	 in	 the	 RNAP,	 and	

whether	 pausing	 after	 introns	 is	 preferentially	 affected	 by	 this	 change.	 Such	 study	would	

require	additional	experimental	datasets	on	RNAP	pausing	in	nutrient-poor	environments.	

Further	 use	 of	 our	 model	 could	 include	 a	 phylogenetic	 analysis	 of	 evolution	 of	 RNAP	

pausing.	 Our	 model	 basically	 implies	 sequence	 dependence	 of	 RNAP	 pausing,	 meaning	

genetic	 sequences	 could	 have	been	 selected	based	on	 increased	or	 decreased	pausing.	 It	

would	be	 interesting	 to	 see,	whether	 and	which	 functional	 sites	 have	been	evolutionarily	

chosen	to	result	in	increased,	or	decreased,	RNAP	pausing.	
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5 Conclusions	and	outlook	

The	 precipitous	 drop	 in	 DNA	 sequencing	 costs	 in	 the	 last	 decade	 coupled	 with	 the	

advancements	 in	 laboratory	 automation	 has	 brought	 about	 the	 era	 of	 high-throughput,	

quantitative	measurements	 in	biology	 (Metzker,	 2010;	Wetterstrand,	2018).	Coupled	with	

the	 emergence	 of	 genome-wide	 genetic	 manipulation	 libraries	 in	 the	 budding	 yeast,	 the	

technological	 advancement	 allows	 unprecedented	 opportunities	 for	 studying	 gene	

expression	and	the	principles	of	its	regulation	(Giaever	et	al.,	2002;	Huh	et	al.,	2003;	Ryan	et	

al.,	2012;	Weill	et	al.,	2018;	Winzeler	et	al.,	1999;	Yofe	et	al.,	2016;	Zhu	et	al.,	2001).	In	this	

work,	quantitative	approaches	were	presented	to	study	gene	expression	regulation	in	yeast	

cells	 facing	combinatorial	drug	perturbation,	as	well	as	a	data-driven	theoretical	approach	

to	studying	thermodynamic	constraints	on	transcription.	

While	 the	 cellular	 gene	 expression	 response	 to	 a	 particular	 perturbation,	 be	 it	 genetic	 or	

chemical,	 is	 not	 easily	 predicted	with	 our	 current	 knowledge,	 thanks	 to	 the	 technological	

advances	 in	 recent	 years,	 it	 can	 be	 measured	 with	 relative	 ease.	 In	 multiple	 model	

organisms,	 most	 prominently	 in	 the	 bacterium	 Escherichia	 coli	 and	 in	 the	 budding	 yeast	

Saccharomyces	cerevisiae,	compendia	of	gene	expression	responses	to	libraries	of	chemical	

stresses	 or	 to	 genome-wide	 single-gene	 perturbations	 have	 been	 to	 various	 degrees	

completed	(Hughes	et	al.,	2000a;	Knijnenburg	et	al.,	2009;	O’Duibhir	et	al.,	2014).	However,	

due	to	a	combinatorial	explosion,	it	is	in	practice	not	feasible	to	create	similar	compendia	of	

responses	to	combinatorial	perturbations.	The	prediction	of	the	gene	expression	changes	in	

response	 to	 a	 combinatorial	 stress	 from	 measured	 responses	 to	 individual	 stresses	 thus	

remains	one	of	the	most	important	short-term	goals	of	systems	biology.	In	the	long	run,	the	

ability	 to	 predict	 the	 gene	 expression	 response	 to	 a	 combination	 of	multiple	 genetic	 and	

chemical	 perturbations	 should	 eventually	 culminate	 in	 our	 ability	 to	 design	 a	 suitable	

perturbation	 to	 any	 living	 organism	 to	 achieve	 a	 specific	 therapeutic,	 economic	 or	

environmental	goal.		

In	order	to	eventually	predict	cellular	gene	expression	response	to	combinatorial	stresses,	

the	 ability	 to	 explore	 the	underlying	principles	 through	acquisition	of	 precise	quantitative	

data	 in	 combinatorial	 perturbation	 is	 of	 paramount	 importance.	 Gene	 expression	

measurements	 in	 combinatorial	 perturbations,	 however,	 usually	 suffer	 the	 drawback	 of	

inducing	 far-reaching	 physiological	 changes	 due	 to	 the	 increased	 growth-inhibitory	 effect	

(Brauer	 et	 al.,	 2008;	 Knijnenburg	 et	 al.,	 2009).	 As	 a	 result,	 most	 of	 the	 measured	 gene	

expression	 changes	 are	 induced	 by	 the	 altered	 growth	 rate.	 Fortunately,	 in	 the	 case	 of	

chemical	perturbations,	the	concentrations	of	the	 inhibitors	when	combined	can	be	tuned	

so	as	to	achieve	the	same	growth	 inhibition	as	when	the	drugs	are	applied	 individually.	 In	

the	first	chapter	of	this	work,	I	introduced	isogrowth	profiling,	a	methodology	for	measuring	

gene	 expression	 changes	 in	 drug	 combinations,	 tuning	 the	 absolute	 levels	 of	 two	 growth	

inhibitors	to	ensure	constant	growth	inhibition,	while	varying	their	ratio.	



	

	

Through	isogrowth	profiling	of	all	pairwise	combinations	of	four	different	drugs	(Figures	5	to	

7),	 I	 discovered	 a	 stereotyped	 pattern	 of	 gene	 expression	 changes	 induced	 in	 drug-

combinations.	At	least	three	quarters	of	all	gene	expression	variance	in	a	drug	combination	

can	be	attributed	 to	non-specific	 growth	 rate	 changes	 (Figure	10).	Most	of	 the	 remaining	

variance	can	be	predicted	by	 interpolating	gene	expression	changes	 induced	by	 individual	

drugs	and	only	a	small	fraction	of	genes	was	observed	to	exhibit	emergent	behaviour.	While	

isogrowth	profiling	 in	no	way	helps	 in	predicting	 the	 identity	or	 the	expression	 change	of	

genes	 exhibiting	 emergent	 behaviour,	 by	 formulating	 the	 null	 expectation	 for	 gene	

expression	 in	 drug	 combinations	 as	 a	 linear	 interpolation	 between	 the	 two	 individual	

perturbations,	 it	 makes	 the	 identification	 and	 precise	 quantitation	 of	 emergent	 gene	

behaviour	possible	through	measurement.	

The	utility	of	such	precise	 isogrowth	measurements	 is	demonstrated	 in	this	work	both	for	

the	identification	of	effects	of	single	drugs	(Figure	13)	and	of	drug	combinations	(Figure	15).	

By	 separating	 the	non-specific	 growth	 rate	 effect	 from	 the	 action	of	 individual	 drugs,	 the	

upregulation	 of	 mitochondrial	 translation	 by	 myriocin	 is	 discovered	 (Figure	 14).	 By	

separating	 the	non-specific	 growth	 rate	 changes	 as	well	 as	 the	 effects	 of	 individual	 drugs	

from	 the	 effect	 of	 combination	 treatment,	 the	 functional	 gene	 groups	 upregulated	

specifically	in	combinations	of	two	drugs	are	identified	and	used	to	predict	an	antagonistic	

interaction	with	a	third	drug	(Figure	16	and	17).		

This	work	illustrates	the	importance	of	precise	control	of	growth	rate	and	nutrient	content	

when	 measuring	 the	 gene	 expression	 changes	 due	 to	 combinatorial	 perturbation.	 The	

establishment	of	isogrowth	methodology	in	this	work	lays	the	groundwork	for	a	future	high-

throughput	 isogrowth	 screening	 of	 gene-expression	 in	 two-drug	 combinations.	 Such	

datasets	will	 allow	precise	 and	quantitative	 identification	of	 emergent	 gene	expression	 in	

many	 drug	 combinations.	 Not	 only	 should	 this	 dataset	 serve	 to	 predict	 three-drug	

interactions,	as	in	this	work,	but	if	a	sufficiently	broad	spectrum	of	perturbations	is	included,	

the	 dataset	 should	 also	 allow	 the	 formulation	 of	 predictive	 principles	 for	 emergent	 drug	

expression	 in	 any	 drug	 combination.	 For	 the	 purposes	 of	 a	 broad	 screen,	 in	 the	 work	

presented	here,	 I	propose	a	simplified	version	of	 isogrowth	profiling	 (Figure	20)	–	a	single	

gene	 expression	 measurement,	 taken	 at	 such	 concentrations	 of	 the	 two	 drugs	 that	 the	

overall	 inhibition	is	the	same	as	in	the	individual	drugs,	and	at	such	ratio	of	the	two	drugs	

that	 the	 drug	 interaction	 is	 maximised,	 so	 as	 to	 maximise	 the	 information	 about	 the	

emergent	gene	expression.	

While	 the	principles	governing	the	gene	expression	changes	 in	combinatorial	perturbation	

have	been	partially	identified	on	the	level	of	population	averages,	gene	expression	changes	

at	 the	 single-cell	 level	 elicited	 by	 combinatorial	 perturbation	 have	 remained	 poorly	

characterized.	 Since	 single-cell	 RNA	 sequencing	 in	 the	 budding	 yeast	 is	 currently	

unavailable,	 in	the	second	part	of	this	work,	 I	used	the	protein-fluorescent	reporter	fusion	

library	 for	medium-throughput	 single-cell	 isogrowth	profiling	using	 flow	cytometry	 (Figure	
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22).	Using	only	a	single	drug-pair,	I	discovered	seven	genes	exhibiting	drug-induced	cellular	

heterogeneity	(Figure	24),	including	Aro9	(Figure	34),	the	protein	responsible	for	producing	

the	 yeast	 quorum-sensing	molecule	 tryptophol,	 or	 Hsp12,	 the	 yeast	 marker	 for	 persister	

population.		

Out	 of	 the	 seven	 genes	 discovered,	 most	 importantly,	 I	 discovered	 bimodality	 in	 the	

expression	 of	 small	 ribosomal	 proteins	 Rps9A	 and	 Rps22B	 (Figure	 25)	 induced	 by	

intermediate	 lithium	 ion	 concentrations.	 Through	 combinatorial-drug	 perturbation	 of	

Rps22B,	 I	 observed	 that	 the	 bimodality	 of	 Rps22B	 expression	 peaks	 at	 a	 fixed	 median	

expression	 level	 of	 Rps22B,	 consistent	 with	 a	 bistable	 regulation	 of	 Rps22B	 expression	

(Figure	 26	 and	 27).	 I	 found	 that	 lithium	 treatment,	 more	 broadly,	 leads	 to	 inhibition	 of	

mRNA	splicing,	affecting	predominantly	transcripts	of	ribosomal	protein	genes	(Figure	29),	

including	 the	 intron	 in	 the	 5’	 untranslated	 region	 of	 Rps22B	 (Figure	 36).	 Finally,	 I	

demonstrated	 the	 functional	 importance	 of	 the	 Rps22B	 bimodality	 in	 that	 population	

diversification	 leads	 to	 differential	 fitness	 in	 starvation	 conditions	 of	 varying	 duration	

(Figure	31	 to	33),	 suggesting	 that	 the	 intron	splicing	circuitry	 in	yeast	might	allow	cellular	

bet-hedging	against	the	duration	of	starvation.	Such	bet-hedging	mechanism	would	lead	to	

an	increase	of	overall	population	fitness	in	a	rapidly	changing	environment.		

Together	these	results	illustrate	the	need	for	a	high-throughput	single	cell	gene	expression	

measurement	 technique	 even	 in	 a	 single-cellular	 eukaryote	 such	 as	 the	 budding	 yeast.	

Previous	 studies	 looking	 into	 yeast	 cellular	 heterogeneity	 in	 response	 to	 perturbation	 did	

not	make	use	of	 the	 large	 repertoire	of	 chemical	 inhibitors	of	 cellular	processes,	with	 the	

notable	 exception	 of	 rapamycin	 (Chong	 et	 al.,	 2015).	 Using	 a	 wide	 array	 of	 drugs,	

individually	 and	 possibly	 even	 in	 combination,	 combined	 with	 single-cell	 profiling,	 could	

vastly	enrich	our	understanding	of	the	gene	regulatory	circuitry	 in	the	eukaryotic	cell.	The	

single-cell	 isogrowth	 profiling	 using	 protein-reporter	 libraries	 is	 a	 medium-throughput	

technique,	 with	 additional	 issues	 when	 using	 drugs	 with	 delayed	 effects,	 and	 hence	 not	

readily	amenable	for	such	screening.	With	the	emergence	of	single-cell	RNA	sequencing	or	a	

high-throughput	 proteomic	 technique,	 such	 a	 compendium	 of	 single-cell	 isogrowth	

measurements	 will	 be	 transformative	 to	 our	 understanding	 of	 the	 population	 level	

regulation	of	gene	expression.	

In	 the	 last,	 conceptually	 different,	 part	 of	 this	 work,	 I	 present	 an	 example	 of	 leveraging	

existing	 datasets	 acquired	 through	 affordable	 sequencing,	 to	 address	 basic	 questions	

pertaining	 to	 gene	 expression	 mechanism.	 A	 re-analysis	 of	 published	 native	 elongating	

transcript	 sequencing	 data,	 which	 quantify	 the	 RNA	 polymerase	 II	 location	 along	 the	

transcribed	 genome	 with	 single	 nucleotide	 resolution,	 allowed	 the	 adjustment	 of	 the	

existing	 models	 of	 thermodynamic	 determinants	 of	 RNA	 polymerase	 movement	 during	

elongation.	We	found	that	the	stability	of	RNA:DNA	hybrid	in	isolation	or	in	conjunction	with	

the	stability	of	DNA:DNA	duplex	in	front	of	the	transcription	bubble	is	not	a	strong	predictor	

of	 RNAP	 pausing.	 Instead,	we	 found	 that	 the	 strongest	 sequence-specific	 thermodynamic	



	

	

determinant	of	RNA	polymerase	pausing	is	the	stability	of	the	RNA:DNA	hybrid	compared	to	

the	 stability	 of	 the	 same	 sequence	 when	 in	 DNA:DNA	 duplex,	 and	 the	 change	 in	 this	

quantity	on	RNA	polymerase	movement	(Figure	39).	We	find	that	the	same	determinant	is	

important	for	RNA	polymerase	pausing	when	elongating,	for	RNA	polymerase	pausing	when	

backtracking	 (Figure	40)	as	well	as	 for	 the	 length	of	 its	backtracking	excursion	(Figure	41).	

The	 quantitative	 dependence	 of	 pausing	 on	 the	 thermodynamic	 basepairing	 stability	

allowed	 extrapolation	 and	 calculation	 of	 pausing	 propensities	 for	 transcriptional	

mismatches	 (Figure	 42),	 suggesting	 that	 increase	 in	 fidelity	 through	 pausing	 and	

backtracking	 based	 on	 thermodynamic	 discrimination	 is	 potentially	 considerable,	 but	 it	

would,	 at	 the	 same	 time,	 result	 in	 widespread	 pausing	 even	 in	 the	 absence	 of	 a	

transcriptional	error.	Evolutionarily	selected	thermodynamic	discrimination	of	errors	at	the	

cost	 of	 increased	 transcriptional	 pausing	 thus	 potentially	 explains	 the	 pervasive	

transcriptional	pausing	observed	in	yeast.		

Similar	 examples	 of	 using	 high-throughput	 quantitative	 data	 to	 produce	 and	 validate	

principled	models,	 and	 to	 predict	molecular	 phenomena	without	 acquiring	 new	data,	will	

become	more	widespread.	Our	model	can	be	used	to	predict	RNA	polymerase	II	pausing	for	

any	sequence	transcribed	by	the	yeast	RNA	polymerase	 II	and	with	suitable	adjustment	 in	

other	 species,	potentially	empowering	phylogenetic	 study	 into	evolutionary	 constraints	of	

RNA	polymerase	pausing	and	backtracking,	or	enriching	the	repertoire	of	guiding	principles	

for	designing	synthetic	genes	 in	yeast.	Acquisition	of	native	transcript	sequencing	data	 for	

the	 budding	 yeast	 in	 additional	 conditions	 in	 conjunction	 with	 our	 model	 could	 uncover	

condition-dependent	 changes	 in	 the	 dependence	 of	 RNA	 polymerase	 II	 pausing	 on	

thermodynamic	 stability	 of	 the	 RNA:DNA	 hybrid.	 This	 could	 be	 indicative	 of	 structural	

changes	to	RNA	polymerase	II	due	to	post-translation	modifications	and	lead	to	formulation	

of	 a	 more	 detailed	 energetic	 model	 for	 RNAP	 pausing.	 Thus,	 biology	 will	 continue	 to	 be	

transformed	by	the	virtuous	cycle	between	data-derived	principled	models	and	acquisition	

of	new	data.	

In	sum,	the	work	presented	here	is	a	step	forward	in	acquisition	and	use	of	gene	expression	

data	 in	a	quantitative	way,	 in	order	 to	derive	principles	guiding	gene	expression,	with	 the	

goal	 of	 predicting	 emergent	 molecular	 and	 cellular	 phenomena	 from	 easily	 accessible	

experimental	 data.	 It	 aspires	 to	 contribute	 to	 the	 development	 of	 methodology	 for	

acquisition	of	precisely	growth-condition-controlled	biological	datasets,	to	demonstrate	the	

utility	 of	 such	 datasets	 on	 both	 population	 and	 single-cell	 level,	 and	 to	 exemplify	 the	

necessity	 of	 quantitative	 data	 for	 creation	 and	 validation	 of	 principled	 models.	 Future	

research	 directions	 based	 on	 this	 work,	 characterising	 growth-rate	 controlled,	 single-cell	

gene	expression	responses	to	combinatorial	perturbations,	will	 lead	to	exciting	discoveries	

of	 new	 regulation	 circuitry,	 eventually	 allowing	 correct	 prediction	 and	 design	 of	 targeted	

perturbations	leading	to	a	specific	desired	cellular	or	organismic	outcome.	
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